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Abstract

Over the past two decades, digital twins (DTs), have driven significant advancements
across various industrial domains, including manufacturing, aerospace, and healthcare. With
the rapid development of autonomous driving technologies and vehicle-to-everything (V2X)
communications, integrating DTs into vehicular platforms is anticipated to further revolu-

tionize smart mobility systems by enhancing connectivity, efficiency, and safety on the roads.

This dissertation introduces a novel smart mobility DT (SMDT) platform for the control
of connected and automated vehicles (CAVs) over next-generation wireless networks. The
SMDT platform is implemented with state-of-the-art (SOTA) products, e.g., CAVs and road-
side units (RSUs), and emerging technologies, e.g., cloud and cellular V2X (C-V2X). As a
result, The SMDT creates a comprehensive and dynamic virtual representation of the phys-
ical transportation environment, enabling real-time data exchange and interaction between

vehicles RSUs, and central cloud.

The platform is applied to develop a global DT-based CAV navigation system aimed
at improving traffic efficiency. By optimizing vehicle route planning through real-time data
analysis on the cloud server, the system allows CAVs to make more informed routing decisions.
Proof-of-concept (PoC) experiments are conducted to validate system performance. The
performance of SMDT-based CAV navigation system is evaluated from two standpoints: (7)
the rewards of the proposed navigation system on traffic efficiency and safety and, (i) the
latency and reliability of the SMDT platform. Our experimental results using SUMO-based
large-scale traffic simulations show that the proposed SMDT can reduce the average travel
time and the blocking probability due to unexpected traffic incidents. Furthermore, the results
record a peak overall latency for DT modeling and route planning services to be 155.15 ms
and 810.59 ms, respectively, which validates that our proposed design aligns with the 3GPP

requirements for emerging V2X use cases and fulfills the targets of the proposed design.

The SMDT platform is also applied to a local DT (LDT)-assisted hybrid autonomous
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driving system for improving safety and efficiency in traffic intersections. By leveraging RSUs
equipped with sensory and computing capabilities, the proposed system continuously moni-
tors traffic, extracts human driving knowledge, and generates intersection-specific local driving
agents through an offline reinforcement learning (RL) framework. When CAVs pass through
RSU-equipped intersections, RSUs can provide local agents to support safe and efficient driv-
ing in local areas. Meanwhile, they provide real-time cooperative perception to broaden
onboard sensory horizons. Hardware-in-the-loop (HiL) simulations and PoC tests validate
system performance from two standpoints: (i) The peak latency for cooperative perception
and local agent downloading are 8.51 ms and 146 ms, respectively, aligning with 3GPP require-
ments for V2X and model transfer use cases. Moreover, (ii) local driving agents can improve
safety measures by 10% and reduce travel time by 15% compared with conventional onboard
systems. The implemented prototype also demonstrates reliable real-time performance, also

fulfilling the targets of the proposed system design.



Chapter 1

Introduction

1.1 Background

1.1.1 Autonomous Driving: Past, Present, and Future

Autonomous driving system (ADS) has evolved significantly since its inception, marking a
transformative journey from conceptual theories to practical implementations and commercial
practices. The quest for self-driving vehicles began in the mid-20th century, aiming to enhance
transportation efficiency and safety. FEarly experiments in the 1980s and 1990s, such as
Carnegie Mellon University’s NavLab and the European PROMETHEUS project (see [1]
and [2]), laid the groundwork by integrating basic sensors and rudimentary algorithms to

enable limited self-driving capabilities.

Since the beginning of the 21st century, we have witnessed a surge in the development
of the ADS field, propelled by substantial investments from both public and private sectors.
The Defense Advanced Research Projects Agency (DARPA) organized the Grand Challenge
competitions in 2004 and 2005, pivotal in advancing autonomous vehicle technologies by
challenging teams to navigate automated vehicles to finish the 150-mile off-road parkour [3],
where all attendees failed in 2004 and only five teams completed the track without any human
interference in 2005. Initiated in 2009, Google’s autonomous vehicle project made significant
strides by employing LiDAR, radar, and advanced machine learning (ML) algorithms to
navigate complex urban environments [4]. Since its initial launch in 2014, the Society of
Automotive Engineers (SAE) has defined levels of driving automation, from Level 0 (no

driving automation) to Level 5 (full driving automation) in the context of motor vehicles
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Figure 1.1: Past, present, and future of autonomous driving.

and their operation on roadways [5], which has been the industry’s most-cited source for
driving automation. Tesla introduced Autopilot and Summon in 2015, offering advanced
driver assistant systems (ADAS) and paving the way toward full autonomy [6]. Unfortunately,
fatal accidents involving Tesla cars operating on Autopilot kept growing since 2016 . Hence,
Regulatory bodies like the National Highway Traffic Safety Administration (NHTSA) began
developing guidelines and safety standards to govern the testing and deployment of ADSs,

acknowledging the technology’s rapid advancement and potential impact on transportation
(e.g. [8])-

At present, autonomous driving has transitioned from theoretical constructs to practi-
cal implementations, with numerous companies and research institutions developing vehicles
that can operate under specific conditions. Some novel commercial attempts in terms of au-
tonomous ridesharing, e.g. Waymo One in Los Angeles, US ﬂg[], and Robotaxi in Wuhan,
China [10], have also significantly contributed to the flourishing development of the au-
tonomous driving field. A recent report indicates that the global autonomous vehicle market
size was estimated at USD 158.31 billion in 2023 and is predicted to hit around USD 2,752.80
billion by 2033, poised to grow at a compound annual growth rate (CAGR) of 33% from 2024
to 2033 . This remarkable market performance highlights the crucial role of autonomous
driving as a cornerstone in the future of human society. In Figure [1.1], we summarize the

timeline of ADS development along with some key milestones.



1.1.2 System Components and Architecture of Autonomous Driv-
ing

The development of autonomous driving is characterized by foundational research and incre-
mental technological advancements. Pioneering efforts focused on developing core components
like computer vision, sensor fusion, and control systems. However, these early-stage research
were constrained by computational limitations and lacked the sophistication required for real-
world application. The primary objective during this period was to prove the feasibility of
autonomous vehicles and to understand the complexities involved in mimicking human driv-
ing behavior. In recent years, propelled by vast advancements in sensing (e.g., 3D LiDAR and
event camera), computing (e.g., ML, artificial intelligence (AI), and hardware acceleration),
and communication technologies (e.g., millimeter wave (mmWave), dedicated and short-range
communications (DSRC)), autonomous driving techniques are advancing towards higher in-
telligence, connectivity, and generalization, thereby gradually evolving into various branches
of approaches. ADSs can be categorized based on their algorithmic design and connectiv-
ity paradigms. From an algorithmic standpoint, they are classified into modular systems, as
shown in Figure , and end-to-end (E2E) driving systems, as shown in Figure . Regarding
connectivity, we divide them into ego-only systems, cooperative systems, and cyber-physical
systems (CPS)-based systems. Figure and Figure show general system architectures

of cooperative and CPS-based systems.

1.1.2.1 Modular Systems

Modular ADSs are structured as pipelines where the driving task is decomposed into distinct
and sequential modules, typically including navigation, environmental perception, localization,
prediction, planning, and control, as shown in Figure [[.2l Each module processes specific
inputs and produces outputs for the subsequent module. For instance, sensor data are first
interpreted by the perception module to detect objects and understand the environment. The
localization module will then determine the vehicle’s position within a high-definition (HD)
map. Subsequent modules predict the behavior of surrounding entities, plan a trajectory, and
execute control commands to actuate the vehicle [12].

The modular approach leverages established research in robotics, computer vision, and
control systems, and benefits from the ability to optimize and troubleshoot individual com-

ponents independently, facilitating the integration of cutting-edge techniques within each
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Figure 1.2: Functional block diagrams of a generic modular system.

module. However, a significant drawback is the potential for error propagation [13]. Mis-
takes or uncertainties in one module can cascade through the pipeline, adversely affecting the
overall system performance. In addition, the complexity of integrating multiple modules also

poses challenges in parameter tuning and system testing.

1.1.2.2 E2E driving systems

The E2E approach adopts a holistic approach by using supervised deep learning (DL) [14],
deep reinforcement learning (DRL) |15], or the more recent large language vision models
(LLVM) [16] to map raw sensor inputs directly to control commands without explicitly de-
fined intermediate representations, as shown in Figure [1.3] These systems leverage large
datasets and deep neural networks (DNN) to learn driving policies that encapsulate percep-
tion, decision-making, and control within a single model.

The E2E driving simplifies the architecture by eliminating hand-crafted modules, poten-
tially enabling the system to discover optimal features and representations autonomously,
and making it more adaptable to complex and unstructured environments. However, it raises
concerns regarding interpretability and transparency, as the internal decision-making process
of DNN is a blackbox, which is hard to understand, explain, or validate, especially in safety-
critical applications. Additionally, the curse of rarity (CoR) problem, i.e., the occurrence
probability for the safety-critical event being so rare that most available data contain very
little information about the rare events, also presents significant challenges in ensuring the

safety of autonomous vehicles using E2E models [17].
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Figure 1.3: Functional block diagrams of an E2E driving system.

1.1.2.3 Ego-only systems

Ego-only systems operate solely relying on onboard sensors and processing capabilities to
perceive the environment, make decisions, and control the vehicle. These systems are designed
to be self-sufficient, handling all necessary functions without external inputs. The autonomy of
ego-only systems simplifies deployment by avoiding dependencies on external infrastructure or
communication networks. However, they are limited by the sensing range and computational
resources available on the vehicle, which can impact their ability to handle complex scenarios,

such as blind-spot obstacles or rapidly changing environments.

1.1.2.4 Cooperative Systems

The cooperative way extends the capabilities of individual ADS by enabling communication
and collaboration between vehicles and other smart entities through vehicle-to-everything
(V2X) communications, mainly incorporating three types of interfaces: vehicle-to-vehicle
(V2V), vehicle-to-infrastructure (V2I), and vehicle-to-network (V2N) [18]. The connectiv-
ity among such smart entities or devices facilitates cooperative perception and cooperative
driving to enhance the safety and efficiency of connected and automated vehicles (CAVs) and
transportation systems, as shown in Figure [I.4]

Cooperative perception allows vehicles to share different levels of sensory information,
such as raw sensor data, detected objects, or environmental conditions, to build a more
comprehensive understanding of the surroundings [19]. For example, a vehicle may receive

alerts about hazards beyond its sensory horizon, such as sudden braking of a vehicle several
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Figure 1.4: Functional block diagrams of a cooperative ADS.

cars ahead or adverse road conditions reported by other vehicles. This shared awareness can

significantly improve reaction times and decision-making accuracy.

On the other hand, cooperative driving involves the coordination of maneuvers among
multiple vehicles to optimize traffic flow and enhance safety [20]. By sharing intentions,
planned trajectories, or motion states, vehicles can collaboratively execute tasks such as
lane changes, ramp merging, or intersection crossing. Maneuvering level of coordination
reduces the risk of collisions, minimizes traffic congestion, and improves overall transportation
efficiency. For instance, vehicles approaching a congested intersection can negotiate right-of-
way in real time, or a group of vehicles traveling on a highway can form a platoon to reduce

air resistance and improve fuel efficiency.

While cooperative systems offer substantial benefits, they also introduce challenges related
to communication reliability, network security, and standardization. The dependency on V2X
communication necessitates robust protocols to handle latency, data loss, and potential se-
curity threats, such as spoofing or hacking. Hence, some organizations for standardization,
such as the European Telecommunications Standards Institute (ETSI) and the Third Gen-
eration Partnership Project (3GPP), have proposed various technical reports (TR), i.e. TR
102 638 |21] and TR 22.885 [22], to introduce a rich set of V2X applications, including coop-
erative adaptive cruise control (CACC), cooperative lane change (CLC), cooperative collision
avoidance (CoCA), etc. These efforts underline the critical need for a unified framework to

ensure the seamless integration and secure operation of V2X-enabled cooperative systems,
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Figure 1.5: Functional block diagrams of a CPS-based ADS.

paving the way for the realization of the full potential of cooperative systems in enhancing

traffic efficiency and safety.

1.1.2.5 CPS-based systems

In more recent years, the appearance of CPS has brought a transformative evolution in the
autonomous driving field, by integrating sensing, computation, networking, and physical pro-
cesses to create an intelligent and interconnected environment. In CPS, cyberspace with
embedded computers and networks can keep monitoring and controlling physical entities
through feedback loops, where physical processes affect cyberspace and vice versa . In the
context of autonomous driving, the CPS-based approach seamlessly merges cyber components
(e.g. algorithms, data analytics, and communication networks) with physical elements (e.g.
sensors, actuators, vehicles, and infrastructure), which facilitates real-time data exchange and
advanced control strategies, enhancing capabilities beyond those of ego-only or cooperative
systems [24].

As illustrated in Figure [1.5, By leveraging cloud/edge computing and V2X communica-
tions, the hierarchical structure of CPS ensures system scalability and reliability, with local

systems focusing on delay-sensitive operational tasks while global systems optimize overall
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traffic flow and safety. The importance of such technology is that it can facilitate a spectrum
of new derivative services, such as global route planning, collision avoidance, dynamic map
generation, and remote driving to further enhance the robustness, safety, and efficiency of
ADS, paving the way for smarter intelligent transportation systems (ITS).

However, CPS-based approach also introduces great challenges related to complex system
integration, network security, and data privacy. Developing these systems requires integrating
various technologies and establishing standards for data formats, communication protocols,
and system interfaces . The extensive connectivity increases vulnerability to cyber at-

tacks, necessitating robust cybersecurity measures to protect user privacy against malicious

interference )

1.1.3 Digital Twin: Past, Present, and Future

The digital twin (DT), as an emerging representation of CPS, attracted increasing attention
over the past decade. Although the definitions of the DT vary in different versions, the basic
concepts are essentially the same: A DT is a digital replica of a living or nonliving physical
entity. As shown in Figure [I.6] we emphasize and distinguish the definitions of digital model,
digital shadow, and DT, highlighting that a DT requires automatic bidirectional data flow
between the physical and digital worlds .
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Figure 1.7: Past, present, and future of DT.

The origin of DT can be traced back to 1970 when the National Aeronautics and Space
Administration (NASA) utilized paired simulations to mirror spacecraft systems during the
rescue of Apollo 13. In 2002, Dr. Michael Grieves formally introduced the DT concept during
a presentation on product lifecycle management (PLM) at the University of Michigan. He
proposed a virtual representation of physical products to enhance manufacturing processes
and lifecycle management , where the framework comprised three primary components:

the physical product, its virtual counterpart, and the information flow between them.

The term “digital twin” appeared for the first time in 2010 when NASA adopted it as a key
element in its 2010 technology roadmap, marking a shift of DT from theoretical discussions
to practical implementation. With the realm of the Internet of Things (IoT) rapidly expand-
ing beyond the conventional frameworks after the introduction of Industry 4.0 in 2011, DT
technology has begun to establish its foothold across different industries, such as Microsoft
Azure [29], Siemens Xcelerator [30], NVIDIA Omniverse [31], and even city-wide DT like
Tokyo DT project [32].

At the forefront of these viable sectors, integrating DTs into the transportation and traffic
fields constitutes a promising solution for critical challenges like traffic congestion and road
accidents [33]. A recent report indicates that the global DT market reached USD 16.75
billion in 2023 and was predicted to grow at a CAGR of 35.7% until 2030 [34]. Notably, the

automotive and transport segment dominated the DT market in 2023, accounting for over



10

21.0% of its total revenue. This remarkable market performance highlights the crucial role of
DTs as a cornerstone in the smart mobility infrastructure. In Figure|l.7| we show the timeline

of the development of DT along with some key milestones.

1.1.4 Convergence of DT and Autonomous Driving

Based on the discussion above, we believe that both the autonomous driving and DT domains
have reached sufficient maturity for integration, presenting an exciting new research frontier.
This convergence is driven by the overlapping objectives of these fields: enhancing system
safety, efficiency, reliability, and scalability while addressing the complexities of real-world
applications. The integration of DT into autonomous driving introduces several benefits as

follows:

- Cloud/Edge Resources: The convergence of DT and autonomous driving leverages cloud
and edge computing to enable efficient data processing and resource allocation. Cloud
computing provides high scalability and computing power, while edge computing ensures
low-latency responses by processing time-critical tasks locally, such as safety-critical
maneuvers. This hybrid approach supports real-time synchronization between physical

and digital entities, paving the way for advanced autonomous driving applications.

- Traffic efficiency improvement: DT integrates global traffic information from various
sources, including vehicles, infrastructure, and historical data, enabling the optimization
of traffic flow on a systemic level. By making real-time, data-driven decisions such
as adjusting traffic signals, vehicle routing, and platooning, DT enhances the overall
efficiency of transportation networks. This holistic optimization minimizes congestion,

reduces travel times, and improves the utilization of road infrastructure.

- Road safety enhancement: Distributed intelligence within DT, particularly at the edge
(e.g., smart infrastructure), facilitates vehicle-road collaboration, thereby enabling proac-
tive safety services for autonomous vehicles. Real-time data analysis and decision-
making at the edge enable DT to provide timely alerts about potential hazards, such as
pedestrian crossing or sudden braking events. This capability significantly enhances sit-
uational awareness, ensuring safer navigation for autonomous vehicles even in complex

and safety-critical environments.
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- Big data from ITS: The integration of DT with I'TS generates vast amounts of data from
CAVs, infrastructure, and multiple sensors. This big data is instrumental in addressing
challenges such as the CoR in autonomous driving. By providing a continuous stream
of real-world data, DT can continuously enhance the robustness of AI/ML models and

improve the reliability of autonomous systems.

- Driving world model: A world model represents an agent’s understanding of its environ-
ment, incorporating dynamic and causal relationships to predict outcomes and inform
decisions. In the context of DT, the driving world model is enriched by causal infer-
ence and real-time data, allowing autonomous systems to anticipate future events and
adapt their strategies accordingly. For example, a DT-enhanced world model could pre-
dict how traffic patterns might evolve in response to road closures or weather changes,

enabling more effective and reliable decision-making.

- DT-Based simulation for testing and validation: DT provides a high-fidelity virtual test-
ing environment for autonomous driving systems, allowing for extensive validation under
diverse scenarios without the risks and costs of physical testing. DT-based simulations
can replicate real-world conditions, integrate real-time data, and simulate rare or ex-
treme events, such as sudden mechanical failures or extreme weather conditions. These
capabilities accelerate the development cycle while ensuring the safety and robustness

of autonomous driving algorithms.

- Personalized mobility services: The integration of DT enables personalized mobility
solutions tailored to individual user preferences and requirements. By analyzing user
behavior, preferences, and travel patterns, DT can provide customized services such as

adaptive ride-sharing, optimized routing, and user-specific vehicle configurations.

1.2 Research Objectives and Related Works

This thesis presents the author’s efforts to build the smart mobility digital twin (SMDT)
for traffic efficiency improvement and road safety enhancement, by introducing cloud-based
services and wvehicle-road collaboration at the edge (i.e., roadside units (RSUs) and CAVs).

The motivation for studying SMDT can be concluded into three points:

- Resource allocation: Real-time data processing is critical for autonomous driving, where
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delays in computing or communication can lead to unsafe decisions, especially in dy-
namic scenarios like intersections. If computational and communication resources from
cloud/edge systems are effectively coordinated within SMDT, it will become possible
to provide timely and reliable support for CAVs, enhancing road safety and operational

efficiency.

- Traffic management: Navigation (i.e., global route planning) remains a persistent chal-
lenge for autonomous driving. The sensory horizon of CAVs is inherently limited, and
even with cooperative perception, CAVs often lack sufficient real-time traffic information
to perform optimal global route planning. If comprehensive traffic data, integrating real-
time inputs from multiple sources, can be dynamically processed and utilized in SMDT,

it could enable accurate traffic analysis and optimal route planning for CAVs

- Safety enhancement: As discussed in Section [I.1.2] the scarcity of safety-critical events
in datasets (i.e., CoR problem) poses a significant obstacle to the reliability of AI/ML-
based ADS. Once we enable SMDT with the capability of continuous traffic monitoring,
some knowledge of driving behaviors, including extreme and rare scenarios, can be
accumulated and applied, thereby ensuring safer and more adaptive decision-making in

complex environments.

However, existing mobility DTs and vehicle-road collaboration technologies have consid-
erable limitations, which hinder the establishment of SMDT. Thus we need to consider a new

design.

1.2.1 Limitations of Existing Mobility DTs

Given the benefits of DT technology, researchers have made some efforts to introduce the
concept of DTs to vehicular technologies in recent years [35,36,37]. To build a real-time DT
model of traffic environments and provide feedback services for CAVs, it is important to handle
three technical challenges: sensing, communication, and computation. Sensing plays a pivotal
role in environmental information capture, which is integral for the accurate representation
and predictive analysis of complex vehicular and traffic systems. The work in [38] summarizes
different ways for traffic information acquisition and traffic congestion monitoring, such as
using stationary roadside sensors, probe-vehicle-based techniques, vehicular networks, and

social networks. Among these various methods, stationary roadside sensors, typically referred
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to as RSUs, can accurately and continuously monitor the traffic condition and traffic flow
[39,40]. Although the construction of RSUs is currently expensive due to the inclusion of some
specialized and high-performance hardware like LIDARs, such cost can significantly decrease
while the hardware becomes mass-market and widely adopted in autonomous driving and
infrastructures of smart cities [41]. Hence, the use of sensor-equipped RSUs to establish a
traffic DT has become popular in some related research. For example, in [42], multiple sensors
deployed in the smart infrastructure are used to detect pedestrians and realize object-level
central perception on the cloud. The authors in [43] develop a 3D DT framework of an ITS
based on roadside sensing methods. However, it is impractical to anticipate that the sensing
range of RSUs can totally cover the entire traffic [44]. Consequently, a more realistic method
is to enhance the utilization of vehicular onboard sensors, making CAVs also contribute to
the modeling of DT, as discussed in [4546.47].

When it comes to the communications aspect, the concept of V2X provides a collaborative
approach where multiple smart entities can cooperatively perceive the traffic environment
[48,49]. Hence, V2X has found a multitude of DT-like or DT-related applications within
the field of autonomous driving and ADAS. The authors in [50] develop a software-defined
network (SDN) to achieve global path planning for connected vehicles, based on vehicle-to-BS
and vehicle-to-UAV communications. In [51], authors establish a V2I network between road
vehicles and traffic lights to build a traffic light DT and optimize traffic control. In [52], a
software-defined vehicular network (SDVN) architecture for heterogeneous V2X is designed
to realize cooperative perception and ensure safety in autonomous driving. Fundamentally, a
DT represents a form of central cooperative perception, wherein sensory data is aggregated
and fused at a central server. Thus, the establishment of a V2X network lays the groundwork

for the extrapolation of mobility DT platforms.

In aligning with the discussed sensing and communication challenges, computation also
emerges as a critical component in the DT frameworks, especially the collaboration of cloud
and edge computing [53]. Since edge computing is well-suited for handling delay-sensitive
tasks and can also offload the cloud computation, it is often employed in some related research
for functions like environmental perception and object detection [42], as well as autonomous
driving system tasks like motion planning and motion control [46]. On the other hand, the
central cloud, as a data pool and high-level decision-maker, aggregates data from various
smart entities and makes decisions, then provides feedback or services back to smart entities.

For example, [54] demonstrates the use of a first-in-first-out slot reservation algorithm within a
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centralized server for cooperative driving at non-signalized intersections. In another instance,

[55] presents a cloud control testbed for validating multi-vehicle cooperation and vehicle-road-

cloud integration. Hence, in the proposed SMDT platform, the synergetic integration of cloud

and edge computing necessitates careful consideration.

In Table [[.1I} we summarize some related works and compare the main features of their
research [35,36/42/|43146/50.51,54,55], where the level of driving automation proposed by SAE

is applied to assess the degree of autonomy in these studies. To our knowledge, there are

few studies investigating the confluence of DT technology and autonomous driving. Addi-

tionally, these studies predominantly employ validation methods of simulation or field trials.

Simulation-based research not only establishes DT models but can also derive a series of new

services. However, those conducting field trials face challenges in demonstrating the feedback

Table 1.1: Related works of Mobility DT

Ref.

Key components
Cloud Vehicles

RSUs

SAE

level

DT functions

Modeling Service

Objectives (use cases)

Validation
methods

v

V L2

Vv v

Field test&Simulation

35 Personalized adaptive cruise control (P-ACC).
L) V V V L2 vV Field trial
Cooperative perception to create traffic DT.
3 V V Vi Field trial
Cooperative vehicle-infrastructure system.

i) V L4 v Field trial
Validation framework for autonomous driving.

i50) Vv Vv v Simulation
Path planning considering unexpected events.

1l Vv Vv v vV v/ Simulation

Traffic light control system.
54 v/ v/ L2 vV v/ Simulation
Cooperative driving at intersections.
55) v v/ vV Sandbox

Validation of multi-vehicle cooperation.
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from the digital to the physical world, where the concept of DT is conceived as a simulation
environment for modeling real-world entities with high fidelity. In our perspective, a DT
transcends mere mapping and reconstruction of the physical space within cyberspace. As
shown in [1.6] it should also enable an automatic bidirectional data flow between the physical
and digital worlds to fully unlock the potential of DTs. i.e., leveraging global information in

DT to optimize and control physical entities.

1.2.2 Limitations of Current Vehicle-Road Collaborations

In alignment with cooperative ADS discussed in Section [I.1.2] existing vehicle-road collab-
oration technologies can be also broadly categorized into cooperative perception and coop-
erative driving. Cooperative perception allows a network to leverage advancements in I'TS
and V2X technologies to improve the situational awareness capability of CAVs by reducing
the occurrence of safety-critical events [17]. For instance, CAVs can obtain more road traffic
information via V2I communications which allows them to make decisions more reasonably.
Hence, various studies have focused on enhancing CAV operations by using cooperative per-
ception [56/57//58//59.60,61,62,63,64,65,66/67]. For example, the work in [56] proposes raw
sensor data sharing to support automated driving via mmWave V2X. The authors in [57]
propose a birds-eye-view (BEV) grid occupancy prediction method to support various appli-
cations like driving safety warnings and cooperative traffic control. Moreover, the work in 58]
and [59] notices the importance of unique features of different intersections, where intersection-
specific strategies are deployed for driver-intended movements prediction and road-to-vehicle
visual information sharing, respectively. Several works such as [60] and [61] also highlight the
practical aspects of cooperative perception system implementation and deployment.

On the other hand, cooperative driving allows CAVs to coordinate their maneuvers in
complex traffic environments, such as intersections and highways, thereby improving overall
traffic safety and efficiency. Research in this area mainly focuses on developing sophisticated
algorithms and robust communications protocols that enhance the collaborative decision-
making capabilities of CAVs in dynamic and uncertain environments [70,73,74/75/76/68/69,
77,78,79]. For instance, multi-vehicle coordination systems utilize real-time data sharing and
predictive modeling to enable vehicles to anticipate the actions of others and adjust their
trajectories accordingly, thereby reducing the risk of collisions and improving traffic flow
[70,73,74]. Advanced intersection management models integrate traffic signal optimization

and vehicle trajectory planning, considering factors such as speed, density, and pedestrian



16

movements, to minimize congestion and enhance safety [75,76,68,69].

In recent years, the introduction of DT in the transportation systems has also become a

hot topic in cooperative perception and driving fields as the synergistic integration between

the physical and cyber worlds allows for enhanced real-time decision-making and predictive

Table 1.2: Related works of vehicle-road collaboration

Key components SAE | Unique traffic | Validation
Ref. | Cloud Vehicles RSUs | level features methods
Objectives (use cases)
Cooperative perception-related studies
5 Va Va - Simulation
Generation of future BEV occupancy map.
gl V V - v Dataset
Early prediction of intersection movement and warning.
59) Vv v - vV Dataset
Adaptive construction of a dynamic perception representation.
67 vV vV - Simulation
Intersection traffic safety framework for collision avoidance.
Cooperative driving-related studies
o) V V - Simulation
Federated learning framework to reduce idling time.
lo9) Vv - Simulation
Traffic signal control system to reduce idling time.
7o) V V L4/L5 Indoor robots
Intersection coordination framework for trajectory planning.
DT-based studies
) v/ V - Field test
Highway DT for CAV perception enhancement.
) V V L2 Field test
DT-based ramp merging framework.
5 vV V L2 Simulation
DT-assisted FIFO framework at intersections
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analytics [544808171/82/72]. For example, in [82] and |72], authors propose and implement
transportation DT systems to improve automated driving functions like environmental per-
ception. The work in [54] focuses on the DT-based first-in-first-out (FIFO) slot reservation
algorithm in traffic intersections to reduce travel time and energy consumption.

However, most existing research in cooperative perception and driving fields primarily
focuses on the sharing of dynamic information, such as vehicle states, predicted behaviors, and
decisions [5457//58/59167,70,68,69,71,72], as shown in Table . Indeed, dynamic information
is crucial for operational safety, but introducing (transient) static information and inherent
unique road traffic features, and based on which, generating local strategies have great potential
to transformatively boost the development of autonomous driving. For example, a human
driver commuting daily past an intersection near a kindergarten will quickly learn to pay extra
attention and adopt a more careful and conservative local strategy. How to enable CAVs to
gain such knowledge and local strategies is another core motivation of this thesis. Additionally,
most related studies employ validation methods of simulation or collected datasets, lacking
implementation and outdoor tests to validate the system effectiveness in the real world. Hence,

validating the benefits of local strategy with real-world experiments is also a key consideration.

1.3 Summary of Contributions

To validate the feasibility of applying the SMDT platform within the domain of autonomous
driving and explore its potential, the most important task is the system design and imple-
mentation in the real world, which poses numerous challenges. Firstly, it is essential to create
a real-time virtual representation of real-world traffic environments (i.e., traffic DT), which
involves sensing, perceiving, and visualizing various static and dynamic entities. Secondly, the
system design should consider safety and robustness issues, because of massive data collection
from traffic environments and the requirement for autonomous vehicles to operate in unpre-
dictable conditions, which necessitates an effective solution for dynamic traffic information
acquisition and a reliable V2X communication network. Thirdly, successful implementation
requires a holistic consideration and integration of hardware, software, and communication,
as well as collaboration between cloud and edge computing. Finally, we also need to design
effective methods for functionality verification and performance assessment, which involves
substantiating functional capabilities through proof-of-concept (PoC) experiments and ap-

praising the benefits brought by SMDT platform via large-scale traffic simulations.
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As for the vehicle-road collaboration, we introduce the concept of local DT (LDT) on the
basis of SMDT platform to some existing challenges. With RSU’s fixed positions and con-
tinuous sensing capabilities, RSUs can monitor the driving behaviors within certain coverage
areas. In this thesis, we also endow RSU with edge computing and V2X communications,
so RSU serves as the infrastructure of LDT that can share perception information with sur-
rounding vehicles, and learn and accumulate local human driving knowledge over time. In
this setting, there is no real-time interaction between vehicle agents and the traffic environ-
ment. To achieve this goal, we propose an innovative RSU-based offline reinforcement learning
(RL) framework to enable offline model training and online inference for hybrid vehicle con-
trol. Hardware-in-the-loop (HiL) simulations and PoC field trial results demonstrate that
the proposed system offers a substantial enhancement in traffic safety and efficiency within
RSU-installed areas, outperforming conventional autonomous driving systems.

The following parts of this thesis can be summarized as follows.

« Chapter [2} State-of-the-art Autonomous Driving and Mobility Digital Twins

1. Surveys the state-of-the-art (SOAT) of autonomous driving, highlighting the im-
portance of navigation, environmental perception, localization, prediction, plan-

ning, and motion control modules.

2. Introduces general concepts and technologies about introducing DT into autonomous

driving, then analyzes key challenges.
 Chapter 3} Smart Mobility Digital Twin: System Design and Implementation

1. Develops a novel system architecture of the SMDT platform designed to address
safety and robustness considerations. This architecture integrates cloud and edge

computing across RSUs, CAVs, and a central cloud.

2. proposes comprehensive system design and implementation. We detail the intrica-
cies of core software and hardware components, as well as pivotal technologies for
realizing SMDT platform in a real-world autonomous driving environment. Then
we achieve the implementation in the test field, including a cloud server and dis-
tributed intelligent RSU and CAV edge with sensors, communication modules, and

edge computing capabilities.

— These works are published in
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x K. Wang, Z. Li, T. Yu, and K. Sakaguchi, “Smart Mobility Digital Twin
for Automated Driving: Design and Proof-of-Concept,” 2023 IEEE 97th
Vehicular Technology Conference (VTC2023-Spring), Florence, Italy, pp.
1-6, 2023.

« Chapter [4} Global Digital Twin-Enabled Autonomous Vehicle Navigation Systems

1. Introduces a CAV navigation system as one use case of the SMDT platform. By
leveraging global information from SMDT, we design a cloud-based cooperative

event-triggered route planning service for improving travel efficiency of CAVs.

2. Demonstrates PoC on SMDT-enabled global route planning service to validate the
system functionalities, also evaluates the communication reliability and latency
based on standards for V2X use cases proposed by the 3GPP.

3. Conducts large-scale traffic simulation to study the benefits of the proposed SMDT
platform in terms of traffic efficiency and safety when using the proposed CAV

navigation system.

— These works are published in

x K. Wang, T. Yu, Z. Li, K. Sakaguchi, O. Hashash, and W. Saad, “Digital
Twins for Autonomous Driving: A Comprehensive Implementation and
Demonstration,” 2024 International Conference on Information Network-
ing (ICOIN), Ho Chi Minh City, Vietnam, pp. 452-457, 2024.

x K. Wang, Z. Li, K. Nonomura, T. Yu, K. Sakaguchi, O. Hashash, and
W. Saad, “Smart Mobility Digital Twin Based Automated Vehicle Navi-
gation System: A Proof of Concept,” in IEEE Transactions on Intelligent
Vehicles, vol. 9, no. 3, pp. 4348-4361, March 2024.

» Chapter [} Local Digital Twin-Assisted Hybrid Autonomous Driving Systems

1. Introduces a hybrid autonomous driving system as another use case of the SMDT
platform. By using local DTs at RSU edge, RSUs can learn and accumulate lo-
cal human driving knowledge over time, then facilitate intersection-specific local

driving strategies for autonomous vehicles

2. designs an offline RL framework based on V2I communications, including an envi-
ronment perception data encoder and a kinematic-model-based decoder, is designed

across RSU and CAV edge systems.
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Figure 1.8: Thesis organization.

3. demonstrates the proposed system with significant improvements with safety en-
hancement of about 10% and travel time reduction of about 15%, compared to
conventional autonomous driving systems. The implemented system also aligns
with 3GPP requirements and demonstrates reliable real-time performance, fulfill-

ing the targets of the proposed design.

— These works are published in
x K. Wang, C. She, Z. Li, T. Yu, Y. Li, and K. Sakaguchi, “Roadside Units
Assisted Localized Automated Vehicle Maneuvering: An Offline Reinforce-
ment Learning Approach,” 27th IEEE International Conference on Intel-
ligent Transportation Systems (IEEE ITSC 2024), Edmonton, Canada,
2024.

x K. Wang, K. Nonomura, Z. Li, T. Yu, K. Sakaguchi, O. Hashash, W. Saad,
C. She, and Y. Li, “Augmented Intelligence in Smart Intersections: Local
Digital Twins-Assisted Hybrid Autonomous Driving,” in IEFEE Transac-

tions on Intelligent Vehicles, Early Access Article.

Figure [1.8| shows the organization of this thesis.
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Chapter 2

State-of-the-art Autonomous Driving
and Mobility Digital Twins

This chapter establishes the required technical background and challenges of this thesis.
First, in Section 2.1, we present the fundamental modules of an autonomous vehicle system
with state-of-the-art (SOTA) technologies, i.e., navigation (route planning), environmental
perception, localization, prediction, (local) planning, and motion control. Then, in Section
2.2, we introduce the main concepts and techniques in the establishment of mobility digital
twins (DTs), including edge/cloud computing, vehicle-to-everything (V2X) communications,
and some potential standards for the mobility DTs. In Section 2.3, we explain some technical
challenges in the construction of smart mobility DT (SMDT). Finally, we summarize the

chapter in Section 2.4.

2.1 SOTA Autonomous Driving

In this section, we describe the main modules in a modular autonomous vehicle system (ADS).
An autonomous vehicle is composed of a number of subsystems, each responsible for a different
task. An overview of a typical modular ADS architecture is depicted in Figure 2.1l We
highlight six software modules (i.e., route planning, environmental perception, localization,
prediction, planning, and motion control.) and two hardware modules (onboard sensors and

vehicle actuator).



22

Navigation (route planning)

Environmental perception

v !

Localization ][ Prediction

v v

(Local) planning

A 4

Motion control

\ J
_________________________________ l B

Actuator

(1

—[ Vehicle and environmental states ]

Figure 2.1: Overview of a modular ADS architecture.

2.1.1 Navigation

An autonomous vehicle navigation system, i.e., route planner, produces high-level plans to
achieve long-term goals, such as navigating between two locations with the fastest, shortest,
or the most fuel-efficient route based on the road network. The planner also determines
which roads to take, the appropriate lanes to stay in, and recommended speeds, similar to
what commercially available GPS navigation services provide, e.g. Google Maps [83], Baidu
Maps [84], and Mapbox [85].

Route planning algorithms often represent the road network as a directed graph, where
edges correspond to road segments, and weights represent the associated travel costs (e.g.,
time, distance, or traffic conditions). Classical approaches, such as Dijkstra’s algorithm and

A*, remain foundational but struggle with the computational demands of large-scale graphs,
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(b) Searching for the shortest path at OpenPlanner. (c¢) The shortest path at OpenPlanner

Figure 2.2: A comparison of human-centered and ADS navigation systems: (a) Google Maps
integrates real-time traffic data and calculates ETA for each road segment. (b) and (c)
Searching the the shortest path at OpenPlanner, where line color indicates route distance,

green color is the closest distance and red is the max to reach the goal position [82, 87].

which may contain millions of edges. Modern navigation systems enhance these methods
by integrating real-time traffic data, statistical models, and predictive analytics to predict
estimated time of arrival (ETA), ensuring accurate and efficient route suggestions. For in-
stance, Google Maps and Baidu Maps use data-driven approaches to analyze historical traffic
patterns and provide dynamic updates based on current conditions .

In the context of autonomous driving, the navigation system has also made significant

advancements in recent years. Modern frameworks like OpenPlanner aim to provide the
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shortest path based on the static high-definition (HD) maps [88]. However, unlike human-
centered navigation systems, which integrate real-time traffic conditions and historical data
to optimize routes dynamically, autonomous vehicle frameworks generally lack the ability to
incorporate such dynamic traffic information into their route planning. This limitation arises
due to the challenge of integrating real-time sensor data, V2X communication, and centralized
traffic updates with onboard decision-making processes. As depicted in Figure 2.2 we show
the live traffic service in Google Maps and how OpenPlanner searches the shortest route.

As a result, autonomous driving systems predominantly rely on static maps for route
planning and are unable to proactively adjust to evolving traffic conditions, such as sudden
congestion, accidents, or temporary road closures. Bridging this gap between static map-based
planning and dynamic traffic-aware navigation remains a critical challenge in the development
of truly adaptive and efficient ADS.

2.1.2 Onboard Sensors

Autonomous vehicles rely on an array of onboard sensors, which can be categorized into exte-
roceptive sensors for perceiving surroundings and proprioceptive sensors for internal vehicle
state monitoring. These sensors enable the vehicle to make real-time decisions by providing
rich data about the environment, vehicle dynamics, and internal states. We summarize the

onboard sensors most commonly used in autonomous driving.

e Camera:

1. Monocular Camera is a passive sensor that captures color images and is widely
used for traffic light recognition, lane detection, and general object recognition.
However, their reliance on illumination brings them poor performances in darkness
or adverse weather conditions. Additionally, though some studies [89] use deep
convolutional neural networks (CNN) to improve monocular camera-based depth
perception, it is still difficult to obtain accurate depth information with a single

monocular camera

2. Depth Camera, such as stereo cameras or RGB-D cameras, provide both color
and depth information. These sensors are particularly useful for estimating the
3D structure of the environment, enabling tasks like obstacle detection, distance

measurement, and scene reconstruction.
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3. Event Camera is emerging as an innovative solution in ADS. Unlike traditional
frame-based cameras, event cameras capture changes in pixel intensity asynchronously.
They operate with high temporal resolution, low latency, and minimal power con-
sumption, making them ideal for dynamic environments and high-speed scenarios.
However, their limited resolution and large pixel sizes constrain their broader adop-
tion. Efforts to integrate event camera data into driving datasets have begun to

address these challenges [90].
« Radar (Radio Detection and Ranging):

1. Millimeter-Wave (mmWave) Radar operates in the 77-81 GHz and is compact
enough to fit inside vehicle components like side mirrors. It is a highly reliable
active sensor that emits radio waves and measures their reflections to detect objects
and calculate their distance. It is cost-effective, lightweight, and capable of long-
range detection. While radar can work well in adverse weather conditions, it
lacks the precision of LiDAR for detailed mapping. Hence, Radars remain an
essential complement to cameras, filling gaps in depth perception and illumination-

independent sensing.

2. Imaging Radar provides higher resolution and better angular accuracy, enabling
detailed object recognition and classification in addition to traditional range and

speed measurements [91].

+ LiDAR (Light Detection and Ranging) is a cornerstone technology for ADS, offer-
ing high-resolution 3D spatial data by emitting infrared light waves. It is particularly
effective for short-to-medium-range sensing under 200 meters, where its accuracy sur-
passes radar. However, the performance of LiDAR is negatively affected by extreme
weather conditions such as fog and snow. Although LiDAR systems are larger and
more expensive than camera or Radar, with the anticipated widespread adoption of au-
tonomous driving, it can be expected that the cost of LIDAR will significantly decrease
with a smaller design, becoming as reasonable as the cost of cameras today [92]. As

shown in Table [2.1] we compare some existing exteroceptive sensors in detail.
+ GPS (Global Positioning System):

1. Real-time kinematic (RTK) GPS enhances standard GPS accuracy by using cor-
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rections from ground-based reference stations, which achieves centimeter-level pre-

cision, critical for lane-level navigation.

2. Global navigation satellite system (GNSS) integrates multiple satellite systems
(e.g., GPS, GLONASS, Galileo) to improve positioning reliability, especially in

urban canyons or dense forested areas.

e Proprioceptive Sensors monitor the vehicle’s internal states, such as speed, acceler-
ation, yaw, and altitude. Proprioceptive data is often accessed through the controller

area network (CAN) bus protocol in modern vehicles.

1. Wheel encoders are used for odometry, aiming at calculating the traveled distance.

2. Inertial measurement units (IMUs) provide data on longitudinal acceleration, lat-
eral acceleration, angular velocity, and orientation, essential for navigation and

stabilization.

3. Tachometers and altimeters measure speed and altitude, respectively, offering ad-

ditional feedback for vehicle control.

Table 2.1: Comparison of existing onboard exteroceptive sensors

Camera Radar
Sensors LiDAR
Monocular  Depth Event Mmwave Image
camera camera camera radar radar
Color v 4 X X X X
Depth X v X v v v
High (time) ‘ . .
Accuracy Low Low Middle High High
Low (space)
Low Low Low High Medium | Medium
Range
(<100m) (<100m)  (<100m) (<300m) (<200 m) | (<200 m)
Size Very small Medium  Very small Small Small Large
Cost Lowest Low High Middle Middle High
[um.
v 4 X X X X
affection
Weath
carner v v v X X v
affection
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Figure 2.3: Two paradigms for onboard sensor fusion

2.1.3 Sensor Fusion and Environmental Perception

The environmental perception module is responsible for classifying, detecting, and tracking
surrounding objects based on multiple sensory data. Hence, this module should also fuse
sensory data into a consistent and suitable representation of the world for autonomous driving.
As shown in Figure sensor fusion can be broadly categorized into early fusion and late
fusion. Early fusion involves integrating raw data from sensors, such as point clouds from
LiDAR and images from cameras, at the data acquisition stage. This approach preserves

the richness of sensor data, enabling more detailed and nuanced interpretations. Late fusion,
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Figure 2.4: Examples of onboard sensor-based object detection [94,95]

on the other hand, combines the outputs of individual sensor-specific models or algorithms.
This method reduces the computational burden and simplifies implementation by allowing
each sensor to be processed independently before their results are merged. In addition, in
cooperative perception scenarios, by transmitting only processed intermediate results, such
as object-level detections or feature vectors rather than raw sensor data, late fusion can
significantly save communication resources between vehicles or smart infrastructures. Both
strategies play complementary roles in achieving reliable environmental perception, with early
fusion excelling in scenarios requiring precise spatial understanding and late fusion being more

practical in modular and cooperative system designs.

Advanced perception algorithms have witnessed significant advancements, with state-of-
the-art methods tailored to specific sensor modalities. For LiDAR-based object detection,
CenterPoint has emerged as a leading approach. This algorithm models 3D objects as
points and uses a keypoint detector to identify object centers, followed by regression to predict
attributes such as size, orientation, and velocity. CenterPoint has demonstrated superior per-
formance on benchmarks like nuScenes and Waymo, showcasing its robustness and accuracy in
complex environments. In the realm of camera-based object detection, the YOLO (You Only
Look Once) series is one of the most influential algorithms. YOLO treats object detec-
tion as a single regression problem, directly predicting bounding boxes and class probabilities
from full images in one evaluation. This unified architecture enables real-time processing,

with the original YOLO model processing images at 45 frames per second. The latest ver-
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sion, YOLOvV10 [95], introduces innovations such as non-maximum suppression (NMS)-free
training and lightweight architectures, offering faster inference and higher accuracy com-
pared to its predecessors, which makes YOLOv10 particularly well-suited for applications
requiring low-latency data processing like autonomous driving. As depicted in Figure [2.4]
we show some examples of camera and LiDAR-based object detection using CenterPoint and
YOLOv10 [95,96].

Object tracking, also referred to as multiple object tracking (MOT), is another important
field in environmental perception, For ADS in complex or high-speed scenarios, estimating
surrounding objects’ location alone is insufficient. It is necessary to estimate their heading
angle and velocity so that a motion model can be applied to track the object over time and
predict future trajectory to avoid collisions. Traditional tracking methods often employ data
association techniques combined with filtering algorithms [97]. Recent advancements have
led to the development of more sophisticated tracking algorithms that leverage deep learning
and sensor fusion. For example, the CenterRadarNet [98] framework integrates 4D frequency-
modulated continuous-wave (FMCW) radar data with deep learning models to perform joint
3D object detection and tracking. Another notable method is the TripletTrack [99] algorithm,
which employs triplet embeddings and long short-term memory (LSTM) networks for 3D ob-
ject tracking. By learning discriminative features through triplet loss and modeling temporal
dependencies with LSTMs, TripletTrack effectively re-identifies objects and maintains robust
tracking, even in challenging scenarios involving occlusions and reappearances.

Despite these innovations, environmental perception systems still face considerable chal-
lenges. Adverse weather conditions, including rain, fog, and snow, can degrade the reliability
of sensors like LIDAR and cameras. While radar provides robust performance in such condi-
tions, integrating data across varying sensor reliabilities remains a complex task. Additionally,
the computational demands of processing high-resolution sensor data in real-time pose signifi-
cant challenges, particularly in urban environments with dense traffic and dynamic obstacles.
Emerging approaches leveraging large vision models (LVMs) |100], such as pre-trained trans-
formers, offer promising solutions by improving robustness and generalization in perception

systems.

2.1.4 Localization

An accurate vehicle localization is crucial for precise, safe, and comfortable vehicle motion,

enabling vehicles to determine their precise state (e.g., position, orientation, and speed) within
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Figure 2.5: An example of LiDAR-based localization using NDT scan matching.

an environment. Localization methods can be broadly divided into map-based localization
and mapless localization. Each approach has its own advantages and limitations, and hybrid
methods that combine both are also being explored.

HD map-based localization utilizes detailed, high-resolution maps that contain compre-
hensive information about the environment, including road geometry, lane markings, traffic
signs, and other static features. Vehicles equipped with sensors such as LiDAR or radar
collect real-time data, which is then matched against the static HD map to determine the ve-
hicle’s position with high accuracy (see ) This process often involves algorithms like
simultaneous localization and mapping (SLAM) and normal distributions transform (NDT)
scan matching to continuously update the vehicle’s location. For instance, NDT-LOAM ,
a LiDAR-based NDT matching approach, can achieve centimeter-level accuracy with a fre-
quency of 10 Hz in real time. As shown in Figure [2.5] real-time point cloud generated by
LiDAR can be accurately matched with a point cloud map to achieve vehicle localization.
However, the reliance on HD maps presents challenges, including the need for map genera-
tion, substantial storage capacity, and the necessity for frequent updates to reflect changes in
the environment. Hence, methods such as vehicle-to-infrastructure (V2I)-based map distri-
bution have been proposed, where real-time HD maps are transmitted to vehicles from smart
infrastructure, reducing the need for onboard storage .

Mapless localization does not depend on pre-existing maps, but instead relies on real-time
sensor data to estimate the vehicle’s state. Commonly used sensors include GPS, IMU, and

wheel encoders. Data from these sensors are fused using algorithms such as the Kalman Filter
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to provide continuous position estimates. For example, GPS provides absolute positioning
data, while IMUs offer information on acceleration and rotation, and wheel encoders measure
wheel rotation to estimate traveled distance. The Kalman Filter integrates these inputs to
produce a more accurate and reliable position estimate than any single sensor could achieve
alone. This approach is particularly useful in environments where HD maps are unavailable
or impractical to maintain. The biggest challenge in mapless methods exists in the reliabil-
ity of GPS, since GPS usually has low accuracy near tall buildings or does not work well
underground.

Recognizing the limitations inherent in both HD map-based and mapless localization,
hybrid approaches have been developed to leverage the strengths of each, by utilizing HD maps
when available to provide high-precision localization and revert to mapless methods in areas
where static maps are outdated or unavailable. Advancements in sensor fusion techniques have
enabled the integration of data from multiple sensors, such as cameras, LIDAR, radar, GPS,
and IMUs, to enhance localization accuracy and robustness [105/106]. This multi-sensor fusion
approach also allows the system to compensate for the weaknesses of individual sensors, such
as GPS signal loss in urban canyons or LiDAR performance degradation in adverse weather

conditions.

2.1.5 Prediction

In the context of autonomous driving, trajectory prediction enables vehicles to anticipate the
future behaviors of surrounding agents such as vehicles, pedestrians, and cyclists. Accurate
trajectory prediction is essential for safe and efficient local planning and vehicle control.
Early approaches to trajectory prediction primarily relied on kinematic and statistical
models. Kinematic models assume constant velocity or acceleration to forecast future posi-
tions, which are computationally efficient but lack the flexibility to account for sudden changes
in vehicle behaviors or complex interactions between agents. Statistical approaches, such as
Gaussian processes and hidden Markov models, have been employed to model uncertainties
and learn patterns from historical data, but fail to generalize well to diverse driving scenarios.
Recent advancements in deep learning have introduced Transformer architectures [107] as
a powerful tool for trajectory prediction. Transformers, originally developed for natural lan-
guage processing, excel at capturing long-range dependencies and handling sequential data,
making them well-suited for modeling the temporal and spatial dynamics inherent in tra-

jectory prediction. For instance, the Lane Transformer model [107] employs a transformer
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architecture to efficiently predict vehicle trajectories by modeling interactions between agents
and their surrounding lanes. This approach has demonstrated high performance on public
datasets, achieving both accuracy and computational efficiency. Similarly, MacFormer
incorporates map constraints into trajectory prediction, using novel modules, such as a cou-
pled map and reference extractors, along with a multi-task optimization strategy (MTOS), to
model topology and rule constraints effectively. This method also achieves SOTA results on
benchmarks like Argoverse and nuScenes, offering robust and real-time prediction capabilities
with a lightweight architecture. In addition, graph neural networks (GNNs) can model inter-
actions between multiple agents by representing them as nodes in a graph with edges capturing
their relationships, which is particularly useful in multi-agent scenarios where understanding
the behavior of surrounding vehicles is crucial .

In recent years, the emergence of world models has further revolutionized trajectory predic-
tion by enabling simulation-driven forecasting . A prime example is DriveDreamer ,
which builds a world model entirely from real-world driving scenarios. DriveDreamer em-
ploys an autonomous-driving diffusion model (Auto-DM) to generate high-quality driving
video predictions, demonstrating the ability to anticipate both dynamic object trajectories
and environmental variations, thereby offering precise and controllable predictions that are

closely aligned with real-world traffic conditions, as shown in Figure [2.6]

2.1.6 Local Planning

Planning is responsible for generating safe, efficient, comfortable, and dynamically feasible
paths or trajectories for vehicles, where a path planner only includes kinematic consideration,
but a trajectory (motion planner) is also time-parameterized. Considering that autonomous

driving is inherently a temporal process, here we focus on motion planning techniques.



33

0 L L L
0 10 20 30 40 50 60 70
(a) RRT* tree with several obstacles (b) Bézier curve on double-lane road with two static obstacles
8 T T L) ] T
V=0(m/s)
6 V=10(m/s)
V=15(m/s)
4 - am e mm =s we o
2
0 1 1 [ 1 1
0 20 40 60 80 100 120

(c) MPC-based trajectories with different obstacle speeds

Figure 2.7: Examples of sampling-based, interpolation-based, and optimization-based

trajectory planning [111,115,117].

In general, traditional motion planning has been addressed through sampling, interpola-
tion, and optimization-based approaches. More recently, artificial intelligence (AI)/machine

learning (ML) methods have also been widely applied.

Sampling-based methods construct a representation of the feasible motion space by ran-
domly sampling possible states or control inputs, particularly effective in high-dimensional
spaces where explicit enumeration of all possible states is computationally infeasible. For in-
stance, rapidly-exploring random trees (RRT) and its variant RRT* [112] incrementally build
a search tree by randomly sampling the state space and extending branches toward these
samples while avoiding obstacles, which is efficient for finding feasible paths in complex envi-

ronments. Recent advancements have focused on improving the efficiency and applicability of
sampling-based methods. Techniques such as informed RRT* [113] and batch informed trees
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(BIT) |114] incorporate heuristics to guide the sampling process toward regions that are more

likely to contain optimal paths, thus reducing computation time.

Interpolation-based methods generate smooth trajectories by connecting waypoints using
mathematical functions that ensure continuity and differentiability, essential for vehicle con-
trol and passenger comfort. For example, spline-based planning, including the use of cubic and
quintic polynomials, is widely used to interpolate between waypoints, providing smooth paths
that satisfy position, velocity, and acceleration constraints |[115]. Bezier curves and B-splines
are also employed to generate flexible and smooth trajectories [116]. Clothoid curves, or Eu-
ler spirals, are curves with linearly changing curvature, making them suitable for modeling
paths that vehicles can follow with continuous steering inputs. They are especially useful in
highway and lane-changing scenarios where smooth curvature transitions are required [117].
While interpolation-based methods are computationally efficient and produce high-quality
paths, they may struggle in environments with complex obstacle configurations or dynamic

obstacles, as they do not inherently account for collision avoidance during interpolation.

Optimization-based planners formulate motion planning as an optimization problem, seek-
ing to minimize a cost function while satisfying a set of nonholonomic constraints representing
vehicle dynamics and environmental factors. Model predictive control (MPC) predicts future
vehicle states over a finite horizon and solves an optimization problem at each time step to
find the control inputs that minimize a cost function, such as deviation from the desired path
while satisfying constraints like vehicle dynamics and obstacle avoidance [118,119]. Convex
optimization techniques are also leveraged to formulate the planning problem, allowing effi-
cient solvers to find globally optimal solutions in real time. Quadratic programming (QP)
and second-order cone programming (SOCP) are commonly used, especially when the cost

function and constraints can be linearized or approximated to maintain convexity [120,121].

AI/ML methods introduce data-driven approaches that can enhance the adaptability and
robustness of planning. For example, imitation learning like behavior cloning (BC) trains
the model to mimic the behavior of expert drivers [122]. While straightforward, imitation
learning can suffer from distributional shifts if the vehicle encounters states not represented in
the training data. Algorithms like deep Q-networks (DQN) and proximal policy optimization
(PPO) have also been applied to motion planning tasks [123,124]. Hybrid approaches combine
traditional planning methods with AI/ML techniques to leverage the strengths of both. For
instance, MLL models can be used to predict the intentions of other agents or estimate the

cost-to-go, which can be integrated into optimization-based planners to improve performance
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in dynamic environments [125]. While AI/ML-based methods offer the potential to handle
complex, unstructured environments and learn from vast amounts of data, challenges remain
in ensuring safety, interpretability, and generalization. Robust validation and verification

processes are essential to deploy these methods in safety-critical scenarios.

2.1.7 Motion Control and Vehicle Actuator

The motion control is crucial in the design of ADS since it is responsible for stabilizing
the vehicle and executing planned paths or trajectories by generating appropriate control
commands for the vehicle actuators. One of the first proposed solutions to deal with path
following problem is pure-pursuit control [126], which is a geometric path-tracking algorithm
designed to minimize the lateral error between the vehicle’s position and a look-ahead point
on the desired path, thereby ensuring smooth and accurate path following. The pure-pursuit
controller is favored for its simplicity, computational efficiency, and ease of implementation,
hence, it has been widely adopted in autonomous driving research and applications, such as
two participant teams in the Defense Advanced Research Projects Agency (DARPA) Grand
Challenge [127] and three in DARPA Urban Challenge [128]. However, the negligence of vehi-
cle dynamics and lack of obstacle avoidance capability have greatly limited the performance of
pure-pursuit controllers. Other traditional methods include proportional-integral-derivative
(PID) and linear quadratic regulators (LQR) control. While traditional methods provide a
solid foundation, they may struggle with the nonlinearities, constraints, and complexities of
real-world autonomous driving scenarios, which has led to the development of more advanced
control techniques like MPC.

MPC optimizes control inputs over a finite prediction horizon by solving an optimization
problem at each time step, accounting for system dynamics, constraints, and future reference
trajectories, making it well-suited for motion control in autonomous vehicles. At each time

step t, MPC solves the following optimization problem:
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where s, is the predicted state at time ¢ + k based on state at time ¢. u,y; is the control
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input at time ¢t + k. N is the prediction horizon. Q and R are weighting matrices for states
and control inputs. § and U are convex polytopes and represent state and control constraints,
respectively.

If the system dynamics are linear (i.e., f(+) is a linear function that can be represented as
Sitkt1)t = Ast+k|t—|—But+k) and the cost function is quadratic, the MPC optimization problem
becomes a QP problem. In this case, efficient QP solvers can find the optimal control sequence
quickly, making real-time implementation feasible.

When f(-) is nonlinear, the MPC optimization becomes a nonlinear programming (NLP)
problem, which is more computationally intensive to solve. The computational complex-
ity increases significantly with the prediction horizon N, which may not meet the real-time
constraints in autonomous driving. In the most classic MPC-related research [129], the com-
putational complexity and performance of the linear and non-linear schemes are discussed in
detail.

Reinforcement learning (RL) presents a promising alternative by learning control policies
from interactions with the environment, potentially handling complex and nonlinear dynamics
without explicit models. The RL problem is often modeled as a Markov decision process
(MDP), defined by the tuple (S, A, 7T, R,v), where S and A represent the spaces of states
and available actions. 7 (8;11|8¢, a;) defines the probability of transitioning to state s;y; from
state s after taking action a; that describes the dynamics of the system. R(s;, a;) is the
reward function and v € (0,1] is a scalar discount factor. The objective of RL is to find a

policy 7(als) that maximizes the expected cumulative reward:

J(r)=E ZW’k R(St1k, Qi)
k=0

4 (2.2)

Considering that RL effectively can handle high-dimensional state spaces in complex au-
tonomous driving environments, overcoming limitations of traditional motion control meth-
ods, the application of RL and its variants in vehicle control field is increasingly being explored
as a promising approach for achieving adaptive, efficient, and robust decision-making, such
as deep RL (DRL) [130], offline RL [131], and inverse RL [132]. However, challenges like the
curse of rarity (CoR), ensuring safety during exploration, and achieving robust generaliza-
tion across diverse driving scenarios remain significant obstacles that require further research
and innovative solutions to fully realize the potential of RL in real-world autonomous driving
systems.

After the motion control module computes the desired control actions (e.g., u; in (2.1 and
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a; in (2.2))), these commands are transmitted to the vehicle’s actuators for execution. The
control signals, typically representing steering angles, throttle positions, and braking forces,
are interfaced with the vehicle’s electronic control units (ECUs). The ECUs translate these
high-level commands into low-level electrical signals that drive the actuators, such as electric
motors for steering, fuel injection systems for acceleration, and hydraulic systems for braking.
To maintain precision and compensate for external disturbances or model inaccuracies, pro-
prioceptive sensors continuously monitor the vehicle’s state, such as wheel speeds, yaw rates,
and lateral acceleration, providing real-time feedback to the control system and enabling the

vehicle to follow the control signals accurately.

2.2 Establishment of Mobility Digital Twin

In this section, we introduce the main concepts and techniques in the establishment of mobility
DTs to integrate ADS and DT technologies. The concepts of edge/cloud computing, V2X
communications, as well as communication standards of mobility DTs, are widely used in the

technical chapters of this thesis.

2.2.1 Cloud/Edge Computing

The establishment of mobility DT relies heavily on advanced computational infrastructures
capable of processing vast amounts of data generated by autonomous vehicles and the sur-
rounding environment. Cloud and edge computing paradigms are instrumental in enhancing
the performance of various modules in ADS, including navigation, sensing, environmental
perception, localization, prediction, planning, and motion control. It is necessary to discuss
how cloud and edge computing augment these modules, facilitate vehicle-road collaboration,
and provide augmented intelligence to autonomous vehicles within the framework of mobility
DT. The integration of cloud/edge computing in mobility DT along with its functionalities

are shown in Figure [2.8]

2.2.1.1 Cloud Computing in mobility DT

Cloud computing offers scalable and centralized computational resources, making it ideal for
handling large-scale data processing and complex computations required in autonomous driv-

ing. In recent years, the emergence of commercial cloud computing services, such as Amazon
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Figure 2.8: How cloud/edge computing in mobility DT enhances ADS

Web Services (AWS) [133], Google Cloud Platform (GCP) [134], and specialized platforms
like Baidu’s Apollo Cloud [135] and Tier IV’s Web Auto [136], has significantly advanced ap-
plications within vehicular and transportation cyber-physical systems (CPS). These services
provide a wide array of foundational infrastructure and tools for distributed computing, in-
cluding computing power, storage solutions, networking capabilities, databases, analytics, and
Internet of Things (IoT) integrations. The scalability and versatility of these cloud platforms
enable connected vehicles to offload data processing and computational demands, facilitating
more efficient and intelligent transportation systems. In the context of mobility DT, inte-
grating the cloud is crucial for enhancing the efficiency of autonomous driving. Below, we
discuss how cloud computing can be effectively incorporated into mobility DT to enhance
autonomous driving through dynamic map updates, cooperative sensing and perception, and

augmented intelligence via data fusion.

Data fusion and synchronization: The cloud serves as a central hub for aggregating and
synchronizing data from diverse sources, including vehicles and infrastructure systems. Im-
plementing data fusion algorithms in the cloud enables the combination of heterogeneous
data types, such as LiDAR, radar, camera, and GPS information, to create a comprehen-
sive and coherent representation of the environment. This centralized fusion facilitates the
development of high-fidelity object-level digital twins that mirror real-world conditions. To

achieve efficient data fusion and synchronization, timestamp alignment and spatial-temporal
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correlation methods should be employed. Cloud platform can utilize distributed databases
and parallel processing techniques to handle the high data throughput and ensure that the
fused data is consistent and up-to-date.

Resource management: Effective resource management in the cloud is crucial for allocating
computational resources to various autonomous driving modules as needed, which involves im-
plementing virtualization and containerization technologies, such as virtual machines (VMs)
and Docker containers, to provide scalable and flexible computational environments. Resource
scheduling algorithms prioritize tasks based on their computational demands and latency re-
quirements, ensuring that critical modules receive the necessary resources promptly. Further-
more, cloud orchestration tools, like Kubernetes, manage containerized applications, enabling
automated deployment, scaling, and operation of applications across different devices, facili-
tating the efficient management of resources for modules like environmental perception and
prediction, which require substantial computational power. On the other hand, Managing
network resources is essential for ensuring reliable and efficient data transmission between
edge nodes and the cloud. Techniques such as software-defined networking (SDN) and Net-
work Function Virtualization (NFV) should also be employed to dynamically allocate network
bandwidth and optimize data flow. Quality of service (QoS) protocols prioritize network traf-
fic for latency-sensitive applications, ensuring that critical data, such as control commands
and safety-critical messages, are transmitted with minimal delay.

Cloud-based services: Integrating cloud computing into the mobility DT enables the de-

velopment of various cloud-based services that enhance autonomous driving:

- Dynamic HD maps: The cloud can generate and update HD maps in real-time by
processing data collected from multiple vehicles and infrastructure sensors, providing
detailed information about road geometry, traffic signs, and dynamic traffic information,

which are essential for vehicle navigation and planning modules.

- Vehicle navigation systems: Cloud-based navigation services utilize real-time traffic data
and predictive analytics to provide optimal routing solutions. By integrating with the
mobility DT, these services can adapt to changing conditions and provide vehicles with

the most efficient routes.

- Remote Driving: In scenarios where autonomous vehicles encounter complex situations
beyond their capabilities, remote driving services allow human operators to take control

via cloud-based interfaces.
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To implement these services effectively, standardized APIs and communication protocols

are necessary to ensure interoperability between different system components.

2.2.1.2 Edge Computing in mobility DT

Edge computing brings computation and data storage closer to data sources, which is crit-
ical for real-time processing and safety-critical requirements in autonomous driving. Also,
recent advancements in commercial edge computing devices, such as NVIDIA Drive [137] and
Jetson [138] platforms, Lenovo ThinkSystem SE350 [139], Intel’s NUC [140], and Raspberry
Pi [141], offer several advantages like compact size, high computational power, and energy
efficiency, making them ideal for integration into mobility DT. Integrating these edge com-
puting devices into mobility DT involves deploying computational resources on vehicles and
infrastructure to handle immediate data processing needs, supporting real-time tasks such
as environmental perception, localization, planning, and control. By bringing computation
closer to the data sources, edge computing reduces reliance on cloud connectivity and en-
hances the responsiveness and reliability of autonomous driving systems. Below, we discuss
how edge computing can be incorporated into mobility DT to enhance data-plane sensing and
perception, cooperative localization, and vehicle-road collaboration for planning and control.

Local DT for cooperative sensing and perception: At the edge, local DTs can be created
to model immediate environments around infrastructure locations, by processing sensor data
in real-time to provide precise and up-to-date representations of the surroundings, which are
essential for cooperative sensing and perception. Implementing edge-based data fusion tech-
niques allows vehicles and RSUs to share and integrate sensor data, enhancing the detection
of obstacles and improving situational awareness. Protocols like cooperative perception mes-
saging (CPM) can be utilized to facilitate the exchange of perception data between entities
at the edge.

Local Al/ML-based local services: Edge computing enables the deployment of AI/ML

models directly on vehicles and RSUs to provide immediate services:

- Cooperative driving: Edge devices execute algorithms for cooperative maneuvers, such as
platooning and coordinated lane changes, by processing local data and communicating

with nearby vehicles.

- Traffic flow optimization: Edge nodes analyze local traffic conditions and adjust signal

timings or provide routing suggestions to improve traffic efficiency.
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- Risk alerting: Real-time analysis of sensor data at the edge allows for immediate de-
tection of hazardous conditions, such as sudden stops or blind spots, enabling prompt

alerts to nearby vehicles.

- Local planning and control: Edge computing supports extracting and learning human-
driven vehicles’ behaviors, thereby enabling the generation of local driving strategies in
the format of CNN models. Then such models can be transmitted to CAVs for local

maneuvering.

To implement these services, lightweight AI/ML models optimized for edge devices should
be employed, and hardware acceleration techniques, such as using graphics processing units

(GPUs), should also be utilized to enhance processing capabilities.

2.2.2 V2X Communications

In the mobility DT, V2X communications are crucial for enabling seamless interaction among
vehicles, infrastructure, and central cloud. The primary V2X modalities in mobility DT
include V2I, vehicle-to-network (V2N), and infrastructure-to-network (I2N) communications.
It is necessary to analyze each modality, exploring how they integrate within the mobility DT
to support autonomous driving modules and services.

V2I communications involve the exchange of information between vehicles and roadside
infrastructure, such as traffic signals, road signs, and RSUs. In the context of mobility DT,
V2I communications support a variety of services, each with distinct data requirements and
quality of service (QoS) constraints. Services like real-time traffic signal information, haz-
ard warnings, and pedestrian detection require low latency and high reliability due to their
safety-critical nature. Conversely, services such as map updates and AI/ML model distri-
butions can tolerate higher latency and variable bandwidth. To accommodate these varying
requirements, V2I communications must support heterogeneous data flows. Implementing
heterogeneous networks allows for the integration of multiple communication technologies,
such as dedicated short-range communications (DSRC), cellular V2X (C-V2X), and mmWave
communications. These technologies can be dynamically selected based on the service require-
ments. For instance, DSRC and C-V2X are suitable for low-latency communications needed
for safety applications, while higher-frequency bands can support bandwidth-intensive services
like HD map downloads and AI/ML model transmission. Hence, adaptive communication

strategies are essential for managing network resources efficiently.
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V2N communications connect vehicles to wider network infrastructures, primarily through
cellular networks, enabling long-range data exchange and access to cloud services. Designed
to support communication over extended distances, V2N surpasses the limitations of short-
range V2I communications. This capability is vital for services that require connectivity
beyond the immediate vicinity of the vehicle, such as cloud-based navigation, remote driving,
and over-the-air updates. The adoption of Long-Term Evolution (LTE) and emerging 5G
networks facilitates high data rates and broad coverage areas necessary for V2N communica-
tions. In particular, 5G networks offer enhanced capabilities with ultra-reliable low-latency
communications (URLLC) and massive machine-type communications (mMTC), supporting

the stringent requirements of autonomous driving services within the mobility DT.

I2N communications refer to the data exchange between roadside infrastructure compo-
nents and the cloud server, typically over wired connections. Utilizing high-bandwidth, low-
latency wired networks like fiber-optic cables or Ethernet connections, 12N communications
are essential for transmitting large volumes of data collected by infrastructure components
such as RSU cameras and LiDARs to central cloud platform within the mobility DT.

V2X communications are integral to the mobility DTs, enabling efficient data exchange
among vehicles, infrastructure, and networks. By analyzing and implementing V2I, V2N,
and I2N communications, the mobility DT can address the specific requirements and QoS of

different mobility DT-enabled services.

2.2.3 Potential Standards

While there are currently no specific standards dedicated exclusively to digital twin technolo-
gies in smart mobility, existing standards in V2X communications and AT/ML model transfer
provide a solid foundation for developing and evaluating mobility DTs. Specifically, the Third
Generation Partnership Project (3GPP) has developed technical reports that address enhance-
ments in 5G networks to support advanced V2X services and AI/ML capabilities. The two
relevant standards are 3GPP technical report (TR) 22.886 entitled “Study on enhancement
of 3GPP support for 5G V2X services” [22], and 3GPP TR 22.874 entitled “Study on traffic

characteristics and performance requirements for AI/ML model transfer in 5GS” [142].
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2.2.3.1 Relevance of 3GPP TR 22.886 and TR 22.874 to mobility DT

These standards are highly relevant to the mobility DT because they address the communica-
tion requirements and performance metrics essential for advanced V2X services and AI/ML
functionalities, which are integral to the operation of a digital twin in smart mobility con-
texts. The mobility DT relies heavily on V2X communications to synchronize the physical
and digital environments, enabling real-time data exchange and interaction among vehicles,
infrastructure, and cloud services. The enhancements outlined in TR 22.886 provide essential
insights into supporting advanced vehicular communications over 5G networks, ensuring that
the mobility DT can operate effectively within the 5G ecosystem.

Similarly, TR 22.874 focuses on the requirements for transferring AI/ML models over 5G
networks, which is pertinent to the mobility DT’s need for updating and deploying AI/ML
algorithms that underpin the DT’s intelligent functions. Efficient AT/ML model transfer is
crucial for maintaining up-to-date models in vehicles and infrastructure components, enabling
adaptive learning and decision-making capabilities within the mobility DT.

By adhering to the specifications and recommendations outlined in these standards, mo-
bility DT developers can ensure that their systems meet the necessary communication per-
formance metrics, support advanced V2X services, and manage AI/ML model distribution
effectively. This alignment facilitates interoperability, scalability, and reliability, which are
critical for the successful deployment of the mobility DT in real-world smart mobility appli-

cations.

2.2.3.2 Introduction to 3GPP TR 22.886

3GPP TR 22.886 investigates potential enhancements required in 5G networks to support
the next generation of V2X services, where four application groups are defined, i.e., vehicle
platooning, advanced driving, extended sensors, and remote driving. Vehicle platooning allows
vehicle to dynamically form a group, traveling in close proximity. Advanced driving supports
semi-automated and fully-automated driving. Extended sensors defines the exchange of raw
or processed sensor data between vehicles and other smart entities. Remote driving enables
a remote driver or a V2X application to operate a remote vehicle. In each application group,
various use cases are also defined for specific scenarios.

To support these advanced V2X services, TR 22.886 specifies performance requirements

such as end-to-end (E2E) latency, reliability, data rates, and communication ranges. As shown
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in Table [2.2] we list four application groups with corresponding QoS requirements defined by
3GPP TR 22.886. The report also highlights the importance of edge computing integration,
deploying computing resources at the network edge to reduce latency and support real-time
data processing and decision-making.

By outlining these requirements and enhancements, TR 22.886 provides a framework that
aligns with the communication and performance needs of the mobility DT. It ensures that
the digital twin can effectively interact with the physical world through robust V2X commu-
nications, supporting the synchronization and real-time data exchange essential for advanced

autonomous driving functionalities.

2.2.3.3 Introduction to 3GPP TR 22.874

3GPP TR 22.874 examines the network requirements for transferring AI/ML models over
5G networks. As Al and ML become increasingly integral to applications like autonomous
driving and digital twins, efficiently distributing and updating models is critical.

The report identifies several use cases relevant to AI/ML model transfer. One such use case
is AI/ML model/data distribution and sharing, where the system may continuously exchange
and share AI/ML model layers in a distributed or federated network determined by a change of
events, conditions, or emergence situations. Another significant use case is federated learning,
a collaborative learning approach where edge devices train models locally using their data and
periodically upload model updates to a central server. The server aggregates these updates
to refine the global model, which is then redistributed to the edge devices. This method
reduces the need to transfer raw data, preserving privacy and reducing network load, which

is particularly important for handling the vast amounts of data generated by autonomous

Table 2.2: QoS requirements for application groups defined in 3GPP TR 22.886 [22]

Application Latency  Reliability Data rate ~ Communication
groups (ms) (%) (Mbps) range (m)
Vehicle platooning | 10~25 90~99.99 50~65 80~350
Advanced driving | 3~100  99.99~99.999 10~53 360~700
Extended sensors | 3~100 90~99.999 10~1000 50~1000
o Uplink: 25 o
Remote driving 20 99.999 Ubiquitous
Downlink: 1
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vehicles.

TR 22.874 analyzes the traffic characteristics associated with AI/ML model transfers,
noting that model sizes can range from a few megabytes to several gigabytes, depending
on complexity. The frequency of updates can vary from real-time to periodic, based on
application needs. The report also specifies network performance requirements, including
sufficient data rates to transfer large models within acceptable time frames, E2E latency for
real-time updates, and high reliability to ensure successful model transfers.

For the mobility DT, TR 22.874 is particularly relevant because it addresses the chal-
lenges associated with distributing AI/ML models to vehicles and infrastructure components.
Efficient model transfer is essential for keeping the DT updated with the latest algorithms, en-
suring consistent performance across the system, and enabling adaptive learning and decision-
making capabilities. By adhering to the recommendations in TR 22.874, developers can op-
timize the mobility DT’s AI/ML functionalities, leveraging the advanced capabilities of 5G

networks to enhance the system’s overall intelligence and responsiveness.

2.3 Challenges Towards Smart Mobility Digital Twin

The development of the SMDT presents numerous challenges that span technological, organi-
zational, and societal domains. The term “smart” in SMDT refers to the seamless integration
of highly /fully autonomous vehicles (L.4/L5) into a mobility DT, enabling real-time decision-
making, enhanced coordination, and optimized traffic flow. While the mobility DT holds the
potential to revolutionize transportation systems by providing a dynamic virtual replica of
physical mobility networks, realizing the term “smart” requires overcoming significant hurdles
Moreover, SMDT involves not only bridging DTs and autonomous systems but also the mod-
eling of traffic and urban systems, both of which are critical to achieving a comprehensive
and robust implementation. While some existing technologies like the Omniverse DT [31]
demonstrate their transformative role in advancing autonomous systems and platforms like
the Tokyo DT project [32] showcase the potential of DTs to optimize urban planning and
mobility management, combining these approaches into a unified SMDT framework presents
significant challenges. Figure and Figure show Omniverse DT-based robotics
simulation toolkit and 3D models of Tokyo city in the Tokyo DT project, respectively. This
section analyzes the primary challenges impeding the implementation of SMDT, including

comprehensive system design, use case definition, lack of proof of concept (PoC), data inter-



(b) Omniverse DT-based robotics simulation toolkit

Figure 2.9: Existing smart mobility-related DT technologies [31,32].

operability, security and privacy concerns, and scalability issues.

1. Comprehensive system design: Designing a comprehensive mobility DT system is inher-
ently complex due to the need to integrate diverse components such as vehicles, infras-
tructure, communication networks, and data analytics platforms. Achieving seamless
interoperability among these components requires standardized interfaces and protocols,
as well as robust architectures that can accommodate heterogeneous technologies. The
challenge lies in creating a unified framework that can support real-time data exchange,
processing, and decision-making across various subsystems while ensuring reliability and

resilience against failures.
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2. Use case definition: Clearly defining use cases for the mobility DT is crucial for guid-
ing development efforts and demonstrating value to stakeholders. However, identifying
and prioritizing use cases is challenging due to the multifaceted nature of smart mo-
bility, which encompasses aspects like traffic management, autonomous driving, public
transportation optimization, and environmental monitoring. Each use case may have
different requirements and constraints, making it difficult to develop a one-size-fits-all
solution. Moreover, aligning the interests of diverse stakeholders, including government

agencies, private companies, and end-users, adds to the complexity of use case definition.

3. Lack of PoC': The absence of comprehensive PoC implementations hampers the val-
idation of mobility DT technologies and their potential benefits. Without practical
demonstrations, it is challenging to assess the feasibility, performance, and return on
investment of mobility DT initiatives. This lack of tangible evidence makes it difficult
to secure funding, gain stakeholder buy-in, and drive widespread adoption. Developing
pilot projects and testbeds is essential but requires significant resources, coordination,

and risk-taking from involved parties.

4. Data interoperability and standardization: Data interoperability is a significant challenge
due to the variety of data formats, protocols, and standards used by different systems
and devices within the smart mobility ecosystem. Ensuring that data from various
sources—such as sensors, vehicles, and infrastructure—can be seamlessly integrated and
interpreted requires the adoption of common data models and standardization efforts.
The lack of widely accepted standards leads to fragmentation and hinders the ability to

aggregate and analyze data effectively on a large scale.

5. Security and privacy concerns: The mobility DT relies heavily on the continuous ex-
change of vast amounts of data, some of which may be sensitive or personal. Protecting
this data from unauthorized access, breaches, and cyber-attacks is a paramount concern.
Implementing robust security measures is challenging due to the distributed nature of

the system and the resource constraints of edge devices.

6. Scalability and performance issues: Scalability is a critical challenge as the mobility DT
must handle increasing amounts of data and a growing number of connected devices
without degradation in performance. Processing real-time data streams from millions

of sources requires substantial computational and networking resources. Designing sys-
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tems that can scale horizontally and vertically while maintaining low latency and high
throughput is complex. Furthermore, optimizing resource allocation between cloud and
edge computing environments to support real-time analytics and decision-making adds

another layer of difficulty.

Addressing these challenges is essential for the successful implementation of the SMDT.
Overcoming them will require collaborative efforts among researchers, industry practitioners,
policymakers, and other stakeholders. In later technical Chapters. we will focus more on

system design, defining use cases, and establishing PoC experiments.

2.4 Summary

In this Chapter, we first survey the SOTA autonomous driving technologies, including nav-
igation, environmental perception, localization, prediction, planning, and motion control.
Then some concepts and techniques in the establishment of mobility DTs, such as edge/cloud
computing, V2X communications, and standards, are introduced. Finally, we point out the

challenges ahead of the successful transition from mobility DT to SMDT.
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Chapter 3

Smart Mobility Digital Twin: System

Design and Implementation

This Chapter introduces the smart mobility digital twin (SMDT) platform, according to
the comprehensive introduction of mobility DT establishment methods in Chapter 2l The
platform bridges the gap between physical and cyber worlds by utilizing cloud and edge
computing resources, enabling real-time traffic monitoring, decision-making, and system op-
timization. First, in Section [3.I, we provide the motivation for introducing SMDT to the
autonomous driving field. In Section [3.2] we present the high-level conceptual architecture of
the SMDT platform, detailing its integration of RSU edge, CAV edge, and a central cloud.
In Section [3.3] we describe the prototype system and its deployment in a real-world envi-
ronment, highlighting the hardware and software components used to create real-time traffic

DTs. Finally, we summarize this Chapter in Section [3.4]

3.1 Motivation

Digital twins (DTs) enable a synergistic integration between the physical and cyber worlds,
thereby becoming a catalyst for the ongoing digital transformation of our society [143]. In
essence, the continuous evolution of DTs over the past two decades signifies their underlying
potential to lead this digital transformation [144]. In particular, DTs possess remarkable abili-
ties to establish dynamic digital models of the environment and bidirectional communications
between the physical and cyber worlds. Thereby, many functionalities such as real-time mon-

itoring, design, and optimization can be developed with DTs acting as their founding basis.
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The remarkable advancements have driven revolutionary applications into various sectors like

manufacturing, agriculture, and transportation [145,146].

At the forefront of these viable sectors, integrating DTs into the transportation and traffic
fields constitutes a promising solution for critical challenges like traffic congestion and road
accidents [33]. As discussed in Chapter [1] global DT market reached USD 16.75 billion in 2023
and was predicted to grow at a compound annual growth rate (CAGR) of 35.7% until 2030
[34]. Notably, the automotive and transport segment has dominated the DT market in 2023,
accounting for over 21% of its total revenue. This remarkable market performance highlights

the crucial role of DTS5 as a cornerstone in the smart mobility infrastructure [147,148].

Indeed, the convergence of smart mobility systems with DTs has ushered in new promis-
ing levels of autonomous driving breaking into connected and automated vehicles (CAVs),
thereby introducing the concept of parallel intelligence [149,150]. On the one hand, having
these vehicles “connected” underpins the feasibility of DT deployment. In particular, vehicles
outfitted with vehicle-to-everything (V2X) can share information with various external enti-
ties by using vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), and vehicle-to-network
(V2N) communications [56]. In particular, V2N facilitates vehicle data transmission to the
cloud, naturally enabling the establishment of DTs on the cloud plane [35]. On the other
hand, the performances of onboard autonomous driving systems are hindered by multiple
constraints, such as onboard sensing view and computing resources [151]. Henceforth, incor-
porating DT technologies or parallel intelligence is anticipated to overcome such challenges
that have hindered the evolution of CAVs.

Despite these promising strides, a significant gap persists in validating these advantages
upon integrating DTs in an end-to-end (E2E) real-world smart mobility. Indeed, the theo-
retical advantages of DTs, as demonstrated in [152]153154]; still require practical validation
to ascertain their feasibility and impact. the overarching goal of this Chapter is to propose a
novel SMDT platform that can be used to establish a real-world and real-time traffic DT, to

enhance CAVs’ ability to “see more and see further” in autonomous driving scenarios.

To validate the feasibility of applying the SMDT platform within the domain of au-
tonomous driving and explore its potential, the most important task is the system design
and implementation in the real world, which poses numerous challenges. Firstly, it is essen-
tial to create a real-time virtual representation of real-world traffic environments (i.e., traffic
DT), which involves sensing, perceiving, and visualizing various static and dynamic entities.

Secondly, the system design should consider safety and robustness issues, because of mas-
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Figure 3.1: SMDT high-level conceptual system architecture with cloud/edge computing.

sive data collection from traffic environments and the requirement for autonomous vehicles
to operate in unpredictable conditions, which necessitates an effective solution for dynamic
traffic information acquisition and a reliable V2X communication network. Finally, successful
implementation requires a holistic consideration and integration of hardware, software, and

communication, as well as collaboration between cloud and edge computing.

3.2 SMDT Platform Architecture

The proposed SMDT platform integrates the cloud and edge computing resources of intel-
ligent transportation systems (ITS). This architecture is chosen to exploit the robust com-

putational capabilities of the cloud for data-intensive tasks while utilizing edge computing
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to minimize response times for real-time services. This dual-computing approach is essential
to manage latency, safety, and processing efficiency in large-scale traffic network operations
effectively. Computing at the cloud can utilize plentiful and stronger processing units, but
it introduces considerable network latency. The SMDT platform prioritizes cloud comput-
ing when handling computation-intensive tasks that require global big data from large-scale
traffic networks. Computing at the edge cannot enjoy the same processing efficiency as cloud
computing due to the limited power supply and space for deploying units. However, it guar-
antees real-time responses to the users, addressing their demands for delay-sensitive services
on the SMDT platform. As depicted in Figure [3.1], the computing units of the SMDT plat-
form are categorized into three types: RSU edges, CAV edges, and a central cloud. They
are interconnected and collaboratively support the platform operations, including traffic DT

creation, data processing, and user interaction.

1) RSU edge: RSUs play an important role in the SMDT platform, primarily focused on
high-traffic areas. RSUs are equipped with a variety of sensors to monitor traffic low and
detect accidents, and they also have the capability to receive data from connected vehicles
(CVs) through V2I communication. To ensure their effectiveness, RSUs are strategically
deployed at traffic hotspots characterized by high traffic density, complex flows, and higher
accident rates. This targeted deployment ensures that RSUs are placed where they can have
the greatest impact on managing traffic efficiently, enhancing safety, and optimizing flow.
These two roles of RSU not only enhance the effectiveness of the traffic DT but also optimize

their utilization in the overall network.

2) CAV edge: All CAVs operate in a highly automated mode and strictly adhere to direc-
tives issued by the cloud. Besides contextual awareness, CAV sensors are used for localization,
local path planning, and motion control. As a basic requirement of the SMDT platform, CAVs
should report their positions to get services and upload their sensing data to compensate for
the undetectable areas of RSU sensors when constructing the traffic DT. In essence, CAVs
are the mobile counterparts of RSUs. Importantly, these CAVs should be designed with a
monitoring system that can be aware of the signal loss and switch to standalone mode for
decision-making, ensuring that even if a CAV temporarily loses its communication link, it can

still maintain safety and operational integrity until the connection is re-established.

3) Central cloud: The cloud is the place where a dynamic traffic DT is established by
integrating a comprehensive array of traffic data. This integration encompasses real-time

information from both RSU and CAV edges, along with static build-in data like high-definition
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(a) An example of HD map. (b) An example of static 3D models.

Figure 3.2: Built-in data in the central cloud.

(HD) maps and inputs from various commercial traffic information providers. As shown in
Figure we show an example of HD maps (including point cloud map and road vector map)
and 3D models of our testing field. Serving as a vital resource pool, the cloud processes and
analyzes this diverse data to offer a detailed and expansive view of traffic conditions. Such a
robust integration of multiple data sources is instrumental for both providing accurate traffic
analysis and ensuring the robustness of the system, thereby enhancing management solutions

for road safety and traffic efficiency.

Data sharing between cloud and edge computing can be divided into downlink (DL) and
uplink (UL). The edge servers at the RSU and CAV continuously upload various levels of
real-time sensing data, such as raw data or processed data, according to different use cases.
The cloud provides services and issues directives over the DL to edges. To ensure connectivity
among these smart entities and reliable DL /UL between cloud and edge, it is necessary to
establish a V2X network, including V2N, V2I, and infrastructure-to-network (I2N) communi-
cations, where V2N communication is designed with a multi-radio access technology (Multi-
RAT) handover mechanism based on channel conditions to ensures consistent and stable com-
munication. V2N communication ensures the reach to the cloud through cellular networks
or relayed by RSUs using dedicated short-range communications (DSRC), millimeter-wave
(mmWave), and Wi-Fi.
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3.3 Prototype System and Outdoor Implementation

In this section, we design an example system architecture of the proposed SMDT platform
tailored for implementation, as shown in Figure [3.2(a)] In the vein of conceptual design,
the example design also includes three key components: RSU, CAV, and the central cloud.
The primary objective of this implementation-tailored system is to realize the conception of
SMDT platform depicted in Figure [3.1] utilizing LiDAR sensing, cloud-edge computing, and

V2X communication.

3.3.1 Hardware Deployment and Heterogeneous V2X Network

Our SMDT testing environment is named Sci Tokyo Smart Mobility R&E Field"] as shown in
Figure In the field setting, there are three RSUs installed at three corners of a square
road section, which represent typical examples of complex urban traffic scenarios. This de-
ployment strategy enables comprehensive monitoring of vehicle flows within the square region
enclosed by these intersections. Additionally, the testing field includes two CAVs capable of
high autonomy and a remote cloud server located far away from the field. The communication
system within the SMDT platform is based on a heterogeneous V2X network and managed
by a software-defined network (SDN) controller [52], which enables three kinds of V2X links:
V2I, V2N, and I2N communications. Considering the large communication distance between
vehicles and the cloud, the cellular network is applied for V2N communication. Depending
on the application scenario, RSUs may send data of different levels to the cloud server and
nearby vehicles, such as raw data or processed data, which have distinct requirements for
communication coverage and bandwidth. Hence, we use wired networks for 12N communica-
tion and employ both DSRC and mmWave technologies for V2I. Hence, each RSU and CAV
are equipped with communication modules, including WiMAX for V2N communication, a
Wi-Fi router as a replacement for DSRC, WiGig antenna for mmWave communication, and
Ethernet cables for wired communication through the campus network. In Table 3.1 we
list the required communication speeds and coverage in our experiment field, as well as the
performance of selected communication methods.

As for sensing and computing devices, summarized in Table [3.2] an 80-layer LiDAR is
integrated alongside an NVIDIA Jetson in each RSU. LiDAR is responsible for capturing raw
data (i.e., dynamic point clouds) from the physical world. The Jetson, on the other hand,

Thttps://www.wise-sss.titech.ac.jp/en/.
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is employed to implement specific functional modules, such as object detection and tracking
based on point clouds, thereby enabling object-level projection from the physical world to
the digital world. Two CAVs are outfitted with 32-layer LiDAR sensors positioned on the
rooftop to sense their surroundings. A dedicated Autoware PC is utilized for processing
the LiDAR data, facilitating environmental perception, localization, planning, and motion
control. The control signals are then transmitted to the onboard unit (OBU) to achieve
autonomous driving. The remote cloud server works as the central hub for data aggregation
and storage, global information processing, and providing feedback services to the autonomous
vehicle. Therefore, the performance requirements for the cloud server are very high, including
scalability, processing power, and reliability to efficiently and securely handle large volumes of
real-time data. Consequently, we select a computer equipped with a GeForce RTX 5000 GPU

and ensure abundant memory and storage resources to satisfy the computational demands.

Table 3.1: Communication Requirements and Performances

Va2X Requirements .
. Information contents
modality | Methods | Performances
Data rate: > 80 Mbps Uplink: vehicle position and processed
Coverage: > 1 km sensor data.
V2N
) > 120 Mbps
WiMAX ) o
> 50 km Downlink: cloud-based decisions
Data rate: > 1 Mbps ) )
Cooperative perception (processed data,
Coverage: > 50 m o _
e.g., objection detection,
. > 10 Mbps . |
Wi-Fi router object tracking, etc.
> 200 m
V2I
Data rate: > 1 Gbps ) )
Cooperative perception (raw sensor data,
Coverage: > 20 m ) )
e.g., LIDAR point cloud
MmWave > 1 Gbps )
o and camera images)
Wigig > 120 m
9N Data rate: > 1 Gbps Environmental perception
Ethernet > 1 Gbps (both raw data and processed data)
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3.3.2 Software Installation and Traffic DT Modeling

The software in our platform is centered around Autoware [155] and robot operating system
(ROS). Autoware facilitates the detection and tracking of traffic participants within the RSU
sensor range. The detection module applies the CenterPoint framework [93], which can detect,
identify, and visualize 3D objects from the LiDAR point clouds in real time. Then, a multiple
object tracking (MOT) module [97], is responsible for assigning the detected objects with
IDs and estimating their velocities. An example of detection and tracking results is shown
in Figure . Additionally, a normal distributions transform (NDT) algorithm is utilized for
the LiDAR scan matching with the 3D point cloud map, which enables real-time localization

with centimeter-level accuracy. The driving route is represented in the form of waypoints,

Table 3.2: Hardware Devices and Specifications

Device name
Hardware Specifications
Location Amount
RoboCar (CAV #1)
! L4/L5 autonomous vehicle
CAV - with modular ADS, onboard sensors,
MiniVan (CAV #2)
) and vehicle controller.
RS-LiDAR-32 Range: 200 m, Accuracy: + 3 cm,
CAV edge 2 Rotation Speed:10/20 Hz
Sensor
RS-LiDAR-80 Range: 200 m, Accuracy: + 3 cm,
RSU edge 3 Rotation speed: 5/10/20 Hz
Autoware PC #1 OS: Ubuntu 16.04,
CAV #1 edge 1 ROS: Kinetic, Autoware. Al
Autoware PC #2 OS: Ubuntu 22.04,
Clond/ CAV #1 edge 1 ROS: Foxy, Autoware. Universe
ou
1 Jetson AGX Orin OS: Ubuntu 20.04 (JetPack 5.0.2),
ce8e RSU edge 3 ROS: Galactic, Autoware. Universe
servers
DT engine OS: Ubuntu 20.04,
Cloud 1 ROS: Galactic, Autoware. Universe
DT simulator OS: Windows 11,
Cloud 1 Simulation app: SUMO, UC-win/Road
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Figure 3.4: An example of LIDAR-based object detection.

which includes a set of points with coordinates and desired speed. To perform local motion
planning and motion control, a velocity planner adjusts the velocity based on the waypoints
to decelerate or accelerate in response to nearby objects and road characteristics, such as stop
lines and traffic lights. Finally, a pure pursuit algorithm is employed to generate coordinated

velocities and steering angles and follow the target waypoints.

Over the cloud plane, since ROS facilitates seamless communication among distributed
computers within a local area network (LAN), the cloud server can easily access all ROS2-
defined messages from RSU edges. Besides, the hypertext transfer protocol (HTTP) commu-
nication is utilized to establish the V2N link, enabling the real-time detection results (a kind
of ROS2-defined massages) uploading and planned route downloading on CAV edges. After
acquiring detection results from RSUs and CAVs, we can fuse them and build the real-time
object-level traffic DT in Autoware visualization tool Rviz, as shown in Figure [3.5 To fuse
the LiDAR detection results from RSUs and CAVs, a late fusion method is applied, which
assumes that the detection accuracy of each RSU is extremely high. First, the overlapping
regions of the LiDAR sensing ranges are estimated based on the fixed positions of RSUs and
CAVs. Within these overlapping regions, objects detected by different LiDARs are compared.
For each object in the detection results of one LiDAR, its distance to objects detected by other
LiDARs is computed. If the distance between two objects is less than 0.5 meters and the ob-
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Figure 3.5: An illustration of traffic DT modeling in testing field.

ject types match, the two objects are merged by averaging their positions and attributes.
Unprocessed objects outside the overlapping regions or unmatched objects are retained in
their original form. This fusion approach ensures accurate and robust integration of data
from multiple LiDARs, enabling a comprehensive and consistent view of the environment.
Then, the cloud server utilizes objects’ positions to align them with the corresponding road
segments, which facilitates traffic monitoring on each road section, thereby realizing cloud-
based decisions or services for CAVs. Additionally, for large-scale traffic experiments that

cannot be executed within our testing field, we also create the simulation environment with
some traffic simulation software, such as SUMO [156] and UC-win/Road [157].

3.4 Summary

This Chapter outlines the design and implementation of the SMDT platform, which bridges
the physical and cyber worlds to enhance autonomous driving capabilities. The Chapter
begins by motivating the need for SMDT in addressing challenges like limited onboard re-
sources, traffic congestion, and safety concerns. It emphasizes the potential of SMDT to
integrate cloud and edge computing for real-time traffic monitoring, decision-making, and
system optimization. The architecture of the SMDT platform is introduced, detailing its

three core components: RSU edge, CAV edge, and a central cloud. These components collab-
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orate to create and manage real-time traffic DTs, leveraging V2X communication to ensure
efficient data exchange and system responsiveness. The integration of cloud computing en-
ables handling large-scale traffic data, while edge computing ensures low-latency responses for
time-sensitive tasks. Then, we further describe the prototype system and its implementation
in the Sci Tokyo Smart Mobility R&E Field. Key hardware elements include LiDAR sensors,
NVIDIA Jetson, and high-performance cloud servers. The software framework is based on
Autoware and ROS, supporting functionalities like real-time object detection, tracking, and
route planning. Finally, we show the establishment of traffic DT in our testing field, demon-
strateing the platform’s potential to improve traffic efficiency, enhance road safety, and enable
scalable deployment in real-world scenarios, marking a significant step toward the realization

of smart mobility systems.
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Chapter 4

Global Digital Twin-Enabled
Autonomous Vehicle Navigation

System

This Chapter presents the design and implementation of a connected and automated
Vehicle (CAV) navigation system based on the smart mobility digital twin (SMDT) platform
proposed in Chapter [3] The CAV navigation system aims to enhance traffic management by
integrating real-time dynamic traffic data, vehicle-to-everything (V2X) communication, and
advanced route planning mechanisms. First, in Section [£.I| we outline the motivation for
developing a navigation system tailored to address the limitations of existing autonomous
vehicle frameworks. In Section [.2] we introduce the high-level design of the CAV navigation
system, emphasizing its event-triggered route planning strategy and real-time adaptability. In
Section we demonstrate a proof-of-concept (PoC) implementation within the Sci Tokyo
Smart Mobility Field, showcasing the system’s ability to respond to real-world traffic events.
In Section [4.5 we evaluate the system’s performance through large-scale simulations, focusing
on traffic efficiency, safety improvements, and communication metrics. Finally, we summarize
this Chapter in Section [4.6]

4.1 Motivation

As urban populations grow and vehicle ownership rises, urban driving has become increas-

ingly challenging and stressful due to congested traffic conditions, making it one of the most
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suffering aspects of modern city life. Hence, efficient traffic management has emerged as a
critical objective for metropolitan areas worldwide. To alleviate these issues, numerous com-
mercial GPS navigation applications, such as Google Maps [83] and Baidu Maps [84], have
been developed to assist drivers in navigating through complex urban landscapes by providing
optimal routes and real-time traffic updates.

In the realm of autonomous driving, navigation systems have also witnessed significant ad-
vancements in recent years. Contemporary frameworks like OpenPlanner focus on calculating
the shortest possible paths based on static high-definition (HD) maps [88]. However, unlike
navigation systems designed for human drivers, which dynamically integrate real-time traffic
conditions and historical data to optimize routes, autonomous vehicle navigation frameworks
often lack the capability to incorporate such dynamic traffic information into their route plan-
ning [158,159]. This limitation stems from the complexity involved in integrating real-time
sensor data, V2X communications, and centralized traffic updates into the onboard decision-
making processes of autonomous vehicles [160].

The proposed SMDT platform in Chapter 3|addresses this gap by providing access to real-
time global traffic information. Leveraging the SMDT, we aim to optimize traffic management
and fully exploit its potential to enhance the travel efficiency of autonomous vehicles. This
motivation drives the development of a navigation system that not only calculates optimal
routes but also adapts dynamically to changing traffic conditions by integrating real-time
data from various sources.

The overarching goal of this Chapter is to propose a global DT-enabled navigation system
for CAVs. This system leverages the capabilities of the SMDT to provide autonomous vehicles
with real-time, holistic traffic insights, enabling more efficient and adaptive route planning.
By bridging the gap between static map-based navigation and dynamic traffic-aware routing,
we seek to improve the overall efficiency and reliability of autonomous vehicle operations in

urban environments.

4.2 Design of CAV Navigation System

To evaluate and highlight the benefits of the proposed SMDT platform from the practical
viewpoint of applications and services, a CAV navigation system is designed based on SMDT.
The aim of the CAV navigation system is to provide the most efficient global path for users

navigating the traffic network, as shown in Figure [£.1] In a dynamic traffic environment,
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Figure 4.1: High-level Conceptual Design of CAV Navigation System.

road segments may experience unexpected incidents, such as accidents, large gatherings, or
peak-time congestion that can drastically affect journey time and road safety. Therefore, it
is crucial to devise a mechanism that continuously detects such incidents and dynamically
re-routes users.

Hence, the CAV navigation system is designed to employ an event-triggered planning
strategy. As users enter the road network, the optimal routes are generated based on current
traffic conditions to minimize journey time from origin to destination. During transit, if
specific events occur within the traffic network, such as a car crash, a route re-planning
service is triggered to help users avoid these events. Overall, the CAV navigation system

should offer the following capabilities:

- Journey time calculation: Upon a user’s entry into the traffic network, it is essential to

furnish them with an initial planned route connecting their origin and destination, and



thus it is necessary to estimate the journey time of each road segment.

- FEvent-triggered mechanism: If there exists an overlap between the planned route and
road segments with unexpected events, a re-planned path must be generated to circum-

vent the impacted areas.

4.2.1 Journey Time Calculation

To accurately estimate the journey time for each road segment, a multitude of factors, both
time-variant and time-invariant, need to be taken into consideration. Time-invariant factors
include road distance, road width, and free-flow speed, while time-variant factors encom-
pass signal timing, traffic volume, and the temporal evolution of traffic flow. To facilitate
a tractable model for journey time computation, this Chapter operates under two founda-
tional assumptions: non-signalization and dynamic equilitbrium. Since cooperative driving in
non-signalized intersections can increase traffic safety and improve traffic low and thus has
become very popular in recent years [161], we postulate that all nodes in the traffic network
are non-signalized. As such, the waiting times induced by traffic signals can be disregarded.
Additionally, we posit that the traffic network exists in a state of dynamic equilibrium, which
is a common supposition in related traffic equilibrium research [162,163]. Under this condition,
the inflow and outflow rates for each road segment achieve a balanced state, yielding relatively
stable traveling speeds and journey times. Consequently, the route planning strategy can be
characterized as deterministic, which means when we need to make a route-planning decision
at time t, the traffic condition at time ¢ can be used to calculate the journey time of each
road segment and find the fastest path for the user. Under the non-signalization and dynamic
equilibrium assumptions, the traffic volume is the primary time-variant factor that needs to
be considered in constructing the journey time estimation model.

We use a directed graph G = (N, L) to represent the traffic network. N is the set of
nodes (i.e., traffic intersection) and N = {n‘}}  where M is the total number of nodes. L
is defined as the set of directed links (i.e., unidirectional traffic roads) and L = {I*/ = (n' —
n?),n',n/ € N}, where [¥ means the directed road from n’ to n/. Assuming that we can
obtain the real-time traffic volume x on the road link [, based on the traffic volume and road
length s, we can calculate the traffic density k& with:

k= (4.1)

T
S
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According to [164], the relationship between traffic density k£ and journey speed v can be

modeled as:

k

kmax

) (4.2)

where vy is the free-flow speed, and ky,q, is the maximum vehicle density. Thus, the journey

v = vfree(l -

time can be calculated as:

S S
tpy=—-=——— 4.3
Jry v Ufree<1 L) ( )

Based on (4.3), we use a matrix 7} to represent the node-to-node journey time for each

kmax

road segment within the traffic network:

nl n2 e nM
nl tLl(t) tl,Q(t> .. tLM(t)
Ty = n2 | 20(t) 22(t) --- 2M(1) (4.4)
nM tM’l(t) tM,Q (t) .. tM,M(t>

where M is the total number of network nodes. If there exists no link from node n’ to node

n’, then the journey time t*/ will be set to +oo.

4.2.2 Event-triggered Mechanism

As previously mentioned, traffic event is defined as unexpected and sporadic scenarios that
have severe impacts on traffic efficiency and safety. In this study, we primarily analyze the

two typical scenarios along with their respective detection criteria:

o Pedestrian gathering: typically occurs at intersections with pedestrian crossings. As our
traffic model is assumed to be non-signalized, vehicles should obey the “pedestrian-first”
traffic rule. Hence, intersections experiencing pedestrian gatherings may lead to large
street-crossing time and thereby cause congestion on the approach roads. In addition,
since our users are CAVs operating in automated driving modes, the appearance of
some kinds of pedestrian gathering poses serious latent risks, such as large numbers of
children crossing the street during school commuting hours. To detect the occurrence of

overcrowded gatherings, we introduce a pedestrian density threshold dyy.. as the criteria
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Algorithm 1 Event Trigger Algorithm
Input:

G = (N, L) // Road network

Pt = {py, pp-position € n'.area}}, // Pedestrian set in each intersection area

C™ = {c, cg-position € 1" .area},_, // Vehicle set on each road

C' = {c, cx.position € n'.area}, // Vehicle set in each intersection area
Output:

Neve // Set of intersections with detected event

Leve // Set of roads with detected event

Initialization: Neve, Leve +— 0 for n' € N do

d' = P'.amount/n'.size if d' > dy,. or there exists C".velocity < vy, then
‘ Neve % nz

end

end
for IV € L do

if there exists O .velocity < vy, then
‘ Leve < I

end

end

for assessment. When the measured density d’ in the vicinity of the intersection n’ is
higher than dgy., the intersection n' will be regarded as overcrowded. The value of dipye

in practice is determined by various factors, such as city population, traffic type, etc.

o Traffic accidents: Traffic accidents may take place at any locale within the traffic net-
work. The onset of such accidents often results in prolonged handling time, subsequently
inducing congestion. Hence, vehicular speeds can be regarded as a criterion of the acci-
dent occurrence. Specifically, if a particular link {*? or intersection n’ exhibits vehicles
with speeds consistently below a threshold vy, it is inferred that the link (%7 or the

intersection n* has become a locus of the traffic accident.

In Algorithm 1, we show the traffic DT-based traffic monitoring process and its output
will be used for route planning strategy. This process is permanently repeated to update the

sets of nodes and links that are influenced by aforementioned two kinds of events.



RSUs . i ____CAv € rver .
¢ Sensing & | § Autonomous | Digital twin | Traffic | Route
¢ Perception 8 driving modeling | monitoring s; planning
e ' T T —
| loop | loop o
Sensin :
data 9 %{ggm:c Journey
— v |1 time & [
[ ] l dynamic events
Sensing | . data
data =
= - T
—— Current position & destination ——»
I [First time plan- ing] | alt
< | Planned route —
e '[Eve'ht- 6écurs on plén ned fdufe] |
< | Re-planned route }7
T T L 0

Figure 4.2: Flowchart of the SMDT-based CAV navigation system.

4.2.3 Workflow of CAV Navigation System

Based on the journey time calculation and event-triggered mechanism functionalities of SMDT,
the solution of CAV navigation system can be designed as a cooperative event-triggered route
planning process. The cooperative aspect is manifested by the necessity for all CAV users to
upload their sensor data. This collaborative data sharing serves to effectively compensate for
areas not covered by RSU sensors, ensuring that the cloud-based traffic digital twin provides
a more accurate representation of the real-time traffic conditions in the road network and
enhances monitoring of traffic events. On the other hand, the event-triggered mechanism
works when traffic events are detected within the network. Such incidents then trigger route

re-planning for users whose original paths overlap with these events.
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Algorithm 2 Cooperative Event-triggered Route Planning

Input: G = (N, L) // Road network

Ty // Journey time of each road link

U = {u'}}"" // Set of CAV users already in road network

Unew = {1l }225 // Set of new CAV users entering road network
R(u;) // Planned route of each user already in road network
Neve // Set of intersections with detected event

Leve // Set of roads with detected event

Output: Ryew(u;) // Re-planned route for each user
Initialization: Rpew < 0

i
for u;, € Uy, do
Nstart := U .Current Position

Nend = u' . Destination
Rpew(u!) := Dijkstra(N, L, Ty, Nstart, Mend)
end for
for n' € N,,. do
for n’ € N, \ {n‘} do
if T}, (n’,n') # +oo then
‘ ﬂr}’(nj>ni) =400
end if

end for

end for
for I/ € L, do
| Ty(n',n?) := 400
end for
for v’ € U do
for "7 € R(u;) do
if there exists Tj,(n?,n') = 400 then
Ngtart := u'.Current Position
Nend := u'. Destination
Ryew(u') := Dijkstra(N, L, Tiry, Nstarts Mend)
end if

end for

end for
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Figure summarizes the functional blocks of the proposed CAV navigation system and
illustrates the symbiotic relationship between RSUs, CAVs, and the cloud in the context of
route planning strategy. RSUs contribute to the sensing and perception layer, capturing
environmental data that is subsequently ingested by the cloud server. Concurrently, CAVs
engage in autonomous driving, continuously collecting and transmitting their sensing data,
together with current positions and intended destinations, to the cloud. On the cloud plan,
a traffic DT can be developed using sensing data sourced from RSUs and CAVs, ensuring
a real-time reflection of traffic conditions. This model aids in efficient traffic monitoring,
capturing critical parameters such as journey time and the occurrence of events. The cloud
then conducts route planning, where an initial path is determined for new entering CAVs,

and can be re-routed should any unforeseen event happen on the pre-planned trajectory.

The pseudocode of the proposed route planning algorithm is shown in Algorithm 2. The
procedure operates on the static road network G and the predicted journey 7j.,, which is
dynamically updated as the algorithm progresses to ensure real-time adaptation to changing
traffic conditions. For the CAV users just entering the network, denoted as Uy, their initial
route is generated using Dijkstra algorithm. Here, we note that the Dijkstra algorithm is
employed to generate the fastest path, which is facilitated by assigning each road link’s journey
time as its weight, and the output is a set of links connecting a CAV user’s current location
to destination. If some events are detected at intersections (i.e., nodes), the journey time for
links pointing towards these intersections will be set to infinity, to help users circumvent such
events. Similarly, if events happen on specific road links, their journey time will also be set
to infinity. Then the planned routes of CAV users already within the road network should be
re-evaluated. If any part of a user’s planned route includes a link with an infinite journey time
(due to an event), the user’s route is recalculated using Dijkstra algorithm. This ensures that
all users are always provided with an optimal route considering the latest information about
the network’s conditions. This route planning algorithm dynamically adapts to real-time road
conditions, ensuring optimal journey paths for users while mitigating the impact of unforeseen
events. This process is permanently repeated to proactively respond to instantaneous changes

in the network, offering users optimal journey time paths through event-triggered updates.
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Figure 4.3: Illustration of route-planning request distance.

4.3 Requirements for SMDT-based CAV Navigation Sys-

tem

The SMDT-based CAV navigation system features a centralized architecture focusing on two
core processes: traffic DT modeling and route planning service. To achieve traffic DT modeling
over the cloud plane with RSU and CAV sensing data, sensor-equipped RSUs are adopted for
collecting raw data nearby traffic intersections, and CAVs with onboard sensors driving within
the road network serve to supplement traffic conditions beyond the sensing range of RSUs.
As for route planning service, it is important to establish reliable communication to ensure
the dissemination of planned routes. Upon near entering into the road network, the user
should “tell” the cloud its impending presence, initiating continuous uploads of its position
and desired destination, and then the cloud responds by furnishing an initially planned route.
Since the initial planned route might make the user alter their predetermined direction at an
intersection, as shown in Figure [£.3] the request should be initiated prior to the user entering
the intersection. Here, we define a threshold distance Sy, at intersections, i.e., when the
distance between the CAV user and the intersection area reaches Sy, the user will send a

route planning request to the cloud.

The threshold distance Sie is determined with the consideration of comfort issues. The
vehicle should have enough time to process the planned route before reaching the intersection.
Given the presence of pedestrians crossing at intersections, it is necessary for the vehicle to

comfortably decelerate and stop before reaching the intersection. According to the Institute
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of Transportation Engineers (ITE) recommendations, a comfortable deceleration rate acomfy
should be less than 10 ft/s?, equivalent to 3.048 m/s? [165]. Hence, Sy can be decided with

the maximum speed (i.e., free-flow speed vge.) as:

U2
Sihre = =——¢— = 0.164 v2,, (4.5)

Qcomfy

Communication links in the traffic DT modeling and route planning service processes cor-
respond to two V2X use cases proposed by 3GPP [166], i.e., sensor and state map sharing
(SSMS) and information sharing for high/full automated diving, respectively. SSMS enables
the sharing of raw or processed sensor data to build collective situational awareness, which
allows the central server to access and gather real-time traffic information obtained by RSU
sensors. The information sharing use case encompasses two scenarios: cooperative percep-
tion and cooperative maneuver. Cooperative maneuver necessitates the sharing of detailed
planned trajectories among all participating vehicles via V2X communication, which permits
the central server to exert control over the vehicular routes.

To assess whether the proposed SMDT platform can meet the necessary requirements of
the above two use cases, the respective key performance indicators (KPIs) are summarized
in Table 4.1l The requirements in terms of reliability and E2E latency are defined in the
same way as 3GPP technical report (TR) 22.886 [22]. By definition, reliability refers to
the probability of successful transmission reliability and E2E latency refers to the one-way
time delay it takes to deliver a piece of information from a source to a destination, without
the application-layer processing delay. In this study, E2E latency of SSMS and information
sharing use cases are defined respectively as the unidirectional communication delay between
RSUs and the cloud, termed as Tian, and between the CAVs and the cloud, termed as Tyon.

In addition, we also define the total latency of traffic DT modeling and route planning pro-

Table 4.1: V2X Use Cases and Respective KPIs

Reliability E2E latency
Use cases Total latency
(%) (ms)
SSMS 95 10 Ta < Tive
Information
- 100 Tive < 0.164 Vgree
Sharing




72

cesses. In our system, the basis for decision-making is the dynamic traffic DT, which must
represent real-time traffic conditions. Consequently, the latency in DT modeling T needs to
be significantly shorter than the latency in the route planning service process Ty, to ensure
that the traffic DT used for decision-making can be regarded as real-time. The DT modeling
latency Ty, mainly consists of RSU edge computational time and one-way E2E latency from

LiDAR to cloud server, expressed as:

Tt = Trsu + Tion (4.6)

Considering the route planning service is based on a request-response mechanism, it is
imperative to ensure that users can receive, load, and execute the new planned route before
entering the intersection. The route planning latency Ty, spanning from the moment the

user reaches the request distance Sy to the execution of the route, should meet:

Sthre

Ufree

TSVC S

= 0.164 Vfree (4.7)

where the latency of offering route planning service Ty, includes time delays caused by lo-
calization Tjoca1, route loading and execution 7., in the autonomous driving system, cloud

computing Touq, and bidirectional V2N communication Tyox.

Tsvc = ﬂocal + Texe + Tcloud +2 TVQN (48)

4.4 Proof-of-Concept Demonstration of CAV Naviga-

tion System

In this section, we present an outdoor PoC experiment of SMDT-based route planning for
autonomous driving. The experimental setup for route planning process in the Sci Tokyo
Smart Mobility Field is first explained. Then we study two practical cases that effectively

reflect key functions of proposed system.

4.4.1 PoC Setup in Science Tokyo Smart Mobility Field

Given the context of our Smart Mobility Field located within a campus environment, it

inherently experiences minimal vehicular flow. This means that under normal conditions,
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Figure 4.4: An overview of experiment setup.

vehicle volume is not a determinant of journey times. However, the driving environment is
relatively complex due to the frequent presence of pedestrians and cyclists on the roadways.
Coupled with a simple road network structure, our PoC experiment does not emphasize
the journey time calculation function or the usage of the Dijkstra algorithm to search for
a route for autonomous vehicles. Instead, the focus is on demonstrating the event-triggered
mechanism, i.e., utilizing the established traffic DT to detect and identify traffic events, then
subsequently providing route planning for the CAV to bypass such incidents.

In this experiment, the ego vehicle corresponds to CAV #1 as shown in Figure 3.2(b)| Its
origin and destination are depicted in Figure [£.4, There are two routes with approximately
equal distances bridging the start and end points: Route #1 (206 m) and Route #2 (210 m),

Table 4.2: Roles of CAVs, RSUs, and the Cloud in PoC Experiment.

Component Functionalities

RSU Detect and track objects within sensing range;
Detect traffic accidents within sensing range.

Operate in a fully autonomous driving mode;
CAV Detect and track objects within sensing range;
Detect traffic accidents within sensing range.
Collect traffic information from RSUs and CAVs;
Model and visualize DT

Assign routes for CAVs to avoid accidents.

Cloud server

Sl I o
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where Route #1 is regarded as a default route. Under normal conditions without any traffic
events, the cloud server would select Route #1 and send its waypoint file to CAV users by
default. In Case #1, A pedestrian gathering event occurs on the default Route #1, which
is not within the sensing range of any RSU. Both CAV #1 (i.e., ego vehicle) and CAV #2
drive through the road network sequentially from origin to destination, where the maximum
speed of CAVS vy are set to match the road speed limit, i.e., 20 km/s in the campus. As
CAV #2 first enters the network and travels along the default Route #1, it will encounter
the pedestrian gathering and stop in front of it at a safe distance. This event will be thus
detected by CAV #2 sensor. In Case #2, we park CAV #2 on Route #2 to simulate the
occurrence of a traffic accident, positioned within the sensing range of RSU #3. Then this
event can be detected by RSU #3. Some main responsibilities of RSUs, CAVs, and the cloud
server in the PoC experiment are summarized in Table

4.4.2 Case Study: Traffic DT-based Route Planning

According to these two cases, a PoC experiment is conducted and a demonstration videoE]
is available online, showcasing the practical implementation and effectiveness of the SMDT-

based CAV navigation system in real-world scenarios.

4.4.2.1 Case #1 Pedestrian gathering detected by CAV

Figure shows the results of SMDT-based route planning process in Case #1, Figure
gives a view of traffic DT on cloud server, where the pink bounding boxes represent detected
pedestrians. It can be seen that there are three pedestrians walking on the roadway of Route
#1. This information is then captured by CAV #2, which is the first CAV entering the
road network, and subsequently uploaded to the cloud. A car-following camera mounted
on CAV #1 to record its driving process, also captures this scene, where CAV #2 halts in
front of the gathering crowd. Figure shows the autonomous driving process of CAV
#1 from the perspectives of the car-following camera and the Autoware visualization tool
Rviz, respectively. During the initialization phase, CAV #1 is proceeding straight, poised
to enter the road network. When CAV #1 arrives at the predetermined threshold distance
Sinre from the intersection area, it will start sending its position to the cloud through V2N

communication to notify its impending entry into the network and requests route planning

thttps://youtu.be/3waQwlaHQkk
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Figure 4.5:

(a) Visualization of traffic DT and real-world image showing the congestion

caused by pedestrian gathering.

tion
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(b) Car-following camera view and ego vehicle Rviz view showing the executed

route.

[ustration of traffic DT and autonomous driving operation results in Case #1.
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service. Then the cloud sends the Route #2 ’s Waypoints file to CAV #1 to help it avoid
pedestrian gathering area and navigate it to destination. Consequently, CAV #1 executes
the planned route to turn left at the intersection and finally arrives at the destination. In
this experiment, the threshold distance Sy, is determined according to (4.5)) with maximum

vehicle speed:

Shre = 0.164 v2_ = 5.062 m (4.9)

max

4.4.2.2 Case #2 Traffic accident detected by RSU

Similar to Case #1, Figure shows the traffic DT, where a parked car can be found on
Route #2, represented by a blue bounding box. Under such circumstances, the cloud system
would deduce that a car accident has occurred on Route #2. In Figure , we also give
a real-world image from car-following camera on CAV #1 that records the parking car and
executed route in Rviz. In this case, the cloud sends Route #1 s Waypoints to CAV #1 to
help it avoid the car accident on Route #2.

The case study demonstrates the effectiveness of SMDT-based route planning for au-
tonomous vehicles: (i) the system’s ability to detect and respond to real-time events, such as
pedestrian gatherings and traffic accidents, and (%) reliable route planning service to achieve
the control on vehicle level. This underscores the system’s potential for real-world application
in dynamic traffic environments. However, challenges for future development mainly include
safety and robustness issues. Safety concerns primarily arise from the reliance on the V2X
communication network and the accuracy of traffic monitoring, especially in unpredictable
urban environments with high CAV density. Robustness is challenged by varying environmen-
tal conditions and sensor limitations. To address these, future work could: (7) enhance V2X
network resilience by implementing advanced encryption and cybersecurity protocols and de-
ploying decentralized communication networks, such as blockchain technology, (ii) expand
the variety of sensors and integrate sensor fusion techniques to provide a more comprehensive
and fail-safe approach to environmental perception, (7ii) explore the use of big traffic data
analytics and deploy advanced machine learning algorithms to analyze vast amounts of traffic
data more efficiently and accurately, and (iv) develop more sophisticated decision-making

models that consider a wider range of variables, such as road surface and weather conditions.
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(a) Visualization of traffic DT and real-world image showing the congestion

caused by pedestrian gathering.
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(b) Car-following camera view and ego vehicle Rviz view showing the executed

route.

Figure 4.6: Illustration of traffic DT and autonomous driving operation results in Case #2.
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4.5 Large-Scale Traffic Simulation and System Evalua-

tion

To evaluate the effectiveness of the proposed CAV navigation system and the crucial KPIs
of the implemented SMDT platform, a set of simulations and experiments are conducted.
SUMO is utilized as a large-scale traffic simulator, where we can import test areas from the
OpenStreetMap (OSM), then generate random vehicles and control them with TraCI4Matlab
[167]. TraCI4Matlab acts as a bridge between MATLAB and SUMO, enabling real-time traffic
flow management and dynamic control of individual vehicles. Using this interface, we can
generate traffic flows by specifying vehicle insertion rates, routes, and types, creating a variety
of traffic conditions for testing. Additionally, TraCI4Matlab allows for the simulation of traffic
accidents by introducing specific disruptions, such as temporary lane closures, reduced vehicle
speeds, or random vehicle stops, mimicking real-world traffic events. Subsequently, we deploy
the cooperative event-triggered route planning algorithm in MATLAB to realize real-time
path planning for CAV users. Finally, we empirically measure several metrics to validate
whether our implemented platform meets the requirements posed by the CAV navigation

system.

Table 4.3: Simulation Parameters

Parameters Description Value
AT Sampling time 1s
Toim Total simulation time 600 s
M Amount of nodes 90
Miink Amount of links 504
Nyal Amount of vehicles 300
Nyser Amount of CAV users 10 - 100
Pcer Proportion of CAV users | 3.3 - 33.3%

E Amount of traffic events 0-10
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Figure 4.7: Traffic network of SUMO simulation in Tokyo, Japan.

4.5.1 Efficiency and Safety Improved by CAV Navigation System

In SUMO-based traffic simulation, we import an urban traffic area located in Tokyo as illus-
trated in Figure[4.7] The speed limit for each road remains consistent with the default values
in OSM, and every intersection is designed to be non-signalized. During the real-time simu-
lation process, at each sampling time, a random number of vehicles enter the traffic network
with both their origins and destinations being randomized. A certain proportion of these
vehicles are designated as CAV users, for whom we provide real-time route planning services.
In contrast, the remaining vehicles are classified as unconnected vehicles. Lacking dynamic
traffic information, they opt for the shortest path between their origin-destination (OD) pairs.
Throughout the simulation, a certain number of traffic events, i.e., pedestrian gathering and
traffic accidents, occur at random places in the traffic network. Table [4.3] summarizes the

main parameters used in this simulation.

Figure shows the improved traffic efficiency and road safety with our CAV navigation
system. We employ the frequency of encounters with traffic events as an evaluation metric
for road safety since such extreme events could pose latent threats and safety concerns for
vehicles passing by. In Figure [1.8(a)] As the number of events increases, both CAV users
and unconnected vehicles experience longer driving time to traverse the network. This is

predominantly due to that congestion caused by traffic events might propagate to other road
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Figure 4.8: Simulation results of traffic efficiency and road safety.

segments. Nevertheless, the travel time for CAV users is significantly smaller than that of
unconnected vehicles. In Figure 4.8(b)| it can be observed that, given a constant number
of events, with the number of CAV users increasing, the efficiency of CAV users cannot be
improved. However, the travel time for the overall traffic consistently shows a declining
trend, where some fluctuations are attributed to the random selection of OD pairs and the
random occurrence locations of traffic events. As can be discerned from Figure with
the occurrence of an increasing number of events, it can be seen that the frequency with

which CAV users encounter these events does not show an upward trend. This suggests that
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the event-triggered mechanism in our route planning strategy is effective in assisting users to
circumvent such events. As depicted in Figure 4.8(d)l with an increasing penetration rate of
CAV users, the safety of both CAV users and the overall traffic can be improved, manifesting

as a reduction in the frequency of encounters with traffic events.

4.5.2 System Evaluation Considering Communication Issues

In DT modeling, the packet delivery rate (PDR) for communication from RSUs to the cloud
server is very critical and important, since significant packet loss may lead to incorrect plan-
ning decisions. When only processed sensing data (i.e., detection and tracking results) are
transmitted, the PDR can approach 100%. However, when simultaneously uploading other
levels of data, such as raw LiDAR point clouds, the PDR slightly decreases to approximately
99.53%, which still satisfies the reliability criterion for SSMS, which mandates a PDR greater
than 95%. As for the process of providing route planning service, V2N communication is built
upon the hypertext transfer protocol (HTTP). Since HTTP operates atop the transmission
control protocol (TCP) at the application layer and TCP ensures data delivery through error
detection and retransmissions, the reliability of data transfer under the HT'TP protocol can
be ensured in stable network conditions.

Some crucial communication and computational latency existing in our system are also
measured, as summarized in Table[d.4] It can be found that both the maximum one-way 12N
(1.74 ms) and V2N communication latency (42.1 ms) can meet the requirements proposed
by 3GPP, which are 82.6% below the threshold of the max E2E latency for SSMS (less than
10 ms), and 57.9% below the threshold for information sharing (less than 100 ms).

The total latency for traffic DT modeling Ty, is primarily constituted by the latency
derived from edge computing Ty, and the one-way 12N communication Tisn, both of which
are measured through experiments. The experimental setup for latency measurement in traffic
DT modeling includes NVIDIA Jetson system equipped with an ARM Cortex-A7T8AE CPU
(12 cores), 32 GB of memory, and Ubuntu 20.04 operating system. Each measurement was
conducted over a duration of 10 minutes. Given that the quantity of objects within the
LiDAR’s sensing range has a large impact on the detection duration, we have conducted
measurements of the latency spanning the initiation of the LiDAR to the computation of the
detection outcomes many times at various intervals throughout the day. The edge computing
exhibited a maximal latency of 153.41 ms, whereas the overall latency for the traffic DT
modeling reached a peak of 155.15 ms, according to (4.6]).
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As for the route planning service latency, we separately measure V2N communication de-
lay Tyon, cloud computing time Ti,.q for both traffic monitoring and route planning, and
edge computing time for NDT-based localization and route loading/execution. The exper-
imental setup for latency measurement in route planning service includes the cloud server
equipped with an Intel Core i9 CPU, 64 GB of memory, and Ubuntu 22.04 operating system.
Each measurement is repeated 10 times. Only the cloud computational time is measured with
SUMO-based large-scale simulation, instead of with PoC experiment, because cloud comput-
ing in PoC just selects a route from two options, without searching for the fastest route. Based
on , the maximal total latency of the route planning service reaches 810.59 ms, which
complies with the requirement of CAV user receiving and executing the routing command
prior to entering the intersection area. Additionally, the latency of traffic DT modeling is also

significantly lower than that of route planning service.

In the real-world experiment, the frequency for LiDAR-based object detection is set at

Table 4.4: Communication Requirements and Performances

Max. (ms) Min. (ms) Mean (ms)

DT modeling process

I2N comm. 1.74 1.10 1.37
Edge comp.

153.41 70.01 106.23
(detection)

Ty: Total Max.: 155.15 ms

Route planning service

V2N comm. 42.13 20.16 32.30
Cloud comp.
56.29 42.72 45.07
(traffic monitoring)
Cloud comp.
201.07 173.27 183.68
(route planning)
Ed .
8¢ COMp 10.13 2.56 6.14
(NDT localization)
Edge comp.
500.97 501.35 501.18

(route loading)
Ty Total Max.: 810.59< 0.164 vpax = 911.11 ms
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30 Hz, which is regarded as the frequency of traffic DT modeling. Route planning, on the
other hand, is executed on-demand, triggered when the CAV approaches an intersection
within the threshold distance Sine. Considering the update frequency and its associated
delays, in extreme cases, the latency for traffic DT modeling will reach up to 188.48 ms,
which is also much lower than that of route planning service. For simulations, the cloud
computing capabilities operate with a sampling time of 1 s, which is larger than the measured
maximum latency of route planning service. This setup ensures that cloud services can be
completed in real time within each sampling period, demonstrating the cloud’s ability to
process critical information promptly and efficiently. Taking into account the three crucial
aspects of reliability, latency, and frequency, the traffic DT can be regarded as real-time and

effective in the context of CAV navigation system.

4.6 Summary

This Chapter presents the design and implementation of a CAV navigation system powered by
the SMDT platform, addressing critical limitations in existing autonomous vehicle navigation
frameworks. By integrating dynamic traffic information through V2X communication, the
system provides real-time adaptive route planning and ensures efficient navigation even in
the presence of unexpected events, such as accidents or pedestrian gatherings.

The Chapter demonstrates how the SMDT platform’s hybrid architecture of cloud and
edge computing supports seamless traffic monitoring and decision-making. PoC experiments
validate the system’s ability to detect traffic events and re-route vehicles effectively, underscor-
ing its potential for real-world application. Simulation results further highlight the system’s
capacity to improve traffic efficiency and safety under varying conditions. In summary, the
SMDT-based navigation system bridges the gap between static map-based approaches and
dynamic traffic-aware frameworks, offering a scalable and robust solution for next-generation

autonomous driving in urban environments.






Chapter 5

Local Digital Twin-Assisted Hybrid

Autonomous Driving Systems

This Chapter proposes a novel local digital twin (LDT)-assisted hybrid autonomous driv-
ing system, specifically designed for traffic intersections to improve road safety and driving
efficiency. First, in Section [5.1], we outline the motivations for developing LDTs, emphasizing
their role in augmenting vehicle-road collaboration for safer and more efficient intersection
management. In Section [5.2] we present the architecture of the LDT-assisted hybrid au-
tonomous driving system, detailing the roles of roadside units (RSUs), connected and auto-
mated vehicles (CAVs), and the central cloud in achieving localized decision-making and real-
time control. In Section [p.3} we describe the offline reinforcement learning (RL) framework
used to extract human driving knowledge and generate intersection-specific driving agents,
highlighting its integration with the proposed system. In Section[5.4] we explain the hardware
deployment and software implementation of the system in a real-world testing environment,
providing technical details about RSUs, CAVs, and communication infrastructures. Finally,
in Section , we present the results of proof-of-concept (PoC) experiments and hardware-in-
the-loop (HiL) simulations, showcasing the system’s improvements in safety, efficiency, and

real-time responsiveness at intersections. Finally, we summarize this Chapter in Section [5.6

5.1 Motivations

The emergence of autonomous driving systems (ADS) demonstrates critical challenges that

hinder ensuring road safety measures. This is primarily due to the necessity of processing
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substantial volumes of real-time data, including sensing, perception, localization, and decision-
making, within stringent latency constraints [168]. Processing such data should occur within
milliseconds to ensure that vehicles can react to dynamic driving environments in real time.
Any delays in communications and computing could lead to incorrect or delayed decisions,
which are especially dangerous in fast-evolving situations like intersections. To overcome such
bottlenecks in individual autonomous vehicle systems, vehicle-road collaboration-based aug-
mented intelligence has attracted significant interest recently (e.g., see [169] and |170]). For
instance, such augmented intelligence can facilitate information exchange between CAVs and
surrounding environments while also enabling the extraction of human driving expertise from
dynamic and unpredictable traffic scenarios to enhance onboard intelligence. In particular,
intersections in urban areas are the most hazardous as they consider the frequent presence of
blind spots, vulnerable pedestrians, and stop-and-go behaviors [171]. A report from the US
Federal Highway Administration (FHA) reveals that intersections are hotspots for vehicular
accidents, accounting for 40% of all traffic crashes and 50% of serious collisions occurring ex-
clusively within these areas [172]. Hence, the development of intersection-specific augmented
intelligence becomes an indispensable solution to elevate the levels of intelligence in CAVs,

whereby this can contribute to enhanced levels of safety measures.

With recent advances in digital twin (DT) technologies, the concept of mobility digital
twins (DTs) serves as an exemplary embodiment of augmented intelligence, offering a ro-
bust platform to address various on-road challenges [150/153148]. Mobility DTs provide a
multi-layer framework that integrates real-time data acquisition, simulation, and predictive
modeling to mirror the behaviors of physical systems within a virtual environment. In the
context of autonomous driving, Mobility DTs can capture the intricacies of traffic dynamics,
road infrastructure, and vehicle behaviors to create a comprehensive model that continuously
adapts to real-world conditions [80]. On the one hand, Mobility DTs encompass comprehensive
global traffic information, thereby providing connected users with far-reaching, computation-
intensive services such as global vehicle routing that extend well beyond immediate sensory
capabilities [173], which enables autonomous driving systems to make smarter decisions based
on system-level insights derived from real-time global traffic data. On the other hand, MDT
incorporates distributed intelligence across various smart entities [42], including CAVs, smart
traffic signals, and RSUs. This distributed framework facilitates the provision of localized,
delay-sensitive services. By leveraging real-time data and computational power within these

interconnected smart entities, Mobility DTs can dynamically adapt to the specific conditions
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of different traffic areas, ensuring more responsive and effective decision-making for CAVs.
Therefore, we introduce a novel concept named “local DT (LDT)”, a specialized DT sys-
tem designed to monitor, analyze, and optimize traffic behaviors within specific areas, i.e.,
traffic intersections. Acting as a subsystem of a global DT, the LDT enhances flexibility and
reusability by leveraging local services, storage, models, and edge connections to ensure faster
response [174]. In contrast to global DT, which focuses on large-scale traffic patterns, LDTs
are suitable to deliver low-latency responses by processing data locally at the edge, enabling
real-time decision-making for time-sensitive tasks such as vehicle maneuvering, intersection
management, and adaptive traffic signal timing (e.g., see [68] and [69]). In addition, this local-
ized approach allows the system to address the intricate and dynamic nature of intersections
more effectively than a generalized global system. Considering the unique characteristics of
each traffic intersection, including its road topology, the volume of traffic, and the diversity
of traffic participants, LDTs can generate strategies tailored to each intersection scenario.
The overarching goal of this paper is to propose an LDT-assisted hybrid vehicle maneuver-
ing system in intersection areas that explores the potential revolution of autonomous driving
systems brought by vehicle-road collaboration-based augmented intelligence. Through this
system, we aim to enhance the decision-making capabilities of CAVs with LDT-based coop-
erative perception and local driving strategies provided by RSUs, enabling them to navigate

vehicles through intersections more safely and efficiently.

5.2 Design of Hybrid Autonomous Driving System

In this section, we introduce the architecture of our LDT-assisted hybrid autonomous driving
system, leveraging computational resources at the central cloud and edge (RSUs and CAVs),
as shown in Figure[5.1] The technical requirements of the proposed system are discussed based
on the 3GPP standards for sensor and state map sharing (SSMS) and artificial intelligence

(AI)/machine learning (ML)-based automotive networked systems.

5.2.1 Overall System Design

The proposed LDT-assisted hybrid autonomous driving system aims to enhance road safety
and the driving efficiency of autonomous vehicles at intersections, which are fraught with
risks due to frequent pedestrian crossings and blind spots, posing challenges for autonomous

vehicles. In our system, we assume that RSUs are deployed in complex traffic environments,
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Figure 5.1: LDT-based hybrid autonomous driving system architecture.

including non-signalized intersections. They are equipped with various sensors and comput-
ing units. In addition, we assume that the CAVs (i.e., target users) in the proposed system
have achieved high-level automation with all necessary functional blocks, including sensing,
localization, environmental perception, prediction, planning, and motion control. A com-
putationally capable central cloud is also deployed at the top of this system. The detailed

functionalities of RSUs, CAVs, and the central cloud are discussed next:

1) RSU edge: The RSUs persistently monitor the traffic environment using mounted sen-
sors and advanced objection detection techniques. In this system, RSUs are the hosts of LDTs.
They perform three critical tasks: (i) upload real-time processed perception information to
the cloud; (7i) share real-time perception information with surrounding CAVs; (%) record,
analyze, and extract knowledge from the driving behaviors of passing-by vehicles, then gen-
erate local driving strategies tailored for locational intersections within specific environmental

conditions, such as varying times of day and weather patterns.

2) Central cloud: The central cloud establishes a real-time GDT, after receiving and
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synchronizing perception data from distributed RSUs, based on which the central cloud also
plans global routes for each CAV user in the traffic network. Since the cloud is aware of all
the intersections that the CAVs will pass through, it can determine and “inform” them of
the most appropriate local driving strategies to guide CAVs effectively by combining real-time

assessments of current conditions.

3) CAV edge: The CAVs follow the global routes planned by the central cloud. When
CAVs approach the intersections managed by RSUs and enter their vehicle-to-infrastructure
(V2I) coverage, the CAVs start downloading local driving strategies from RSUs and follow.
Instead, they depend on their inherent autonomous driving systems while driving on road
segments without RSUs. The operations of CAV systems at RSU-assisted intersections can
be separated into three steps: (7) request local driving strategies from RSUs; (7i) receive real-
time perception data from RSUs and fuse with onboard sensing; (7i) switch the driving agent
from inherent motion planning and motion control modules to local driving strategies. An

intersection-specific hybrid autonomous driving system is thus achieved.

For example, in Figure a CAV scheduled to traverse the intersections #1 and #2 will
request the local driving strategies that match current time and weather from RSU #1 and
#2, respectively. Because such local driving strategies are extracted and learned from local
driving behaviors, adopting them allows CAVs to make more reasonable decisions tailored for
corresponding local areas. Upon the CAV entering the V2I communications coverage of RSU
#1 and #2, the cooperative perception service is provided to extend the horizon of onboard
sensing. Such enhanced perception endows the CAV with a comprehensive understanding of
the traffic environment and the capability to identify potential hazards concealed within blind

spots.

This system design capitalizes on heterogeneous communications and computing resources
on edge and cloud. The edge computing on RSUs processes raw sensor data into object-
level detection information, in order to reduce the large transmission overhead and delays
to the CAVs. Since vehicle control is an extremely delay-sensitive and safety-critical task,
the RSUs will directly transmit their local driving strategies through V2I, to be executed by
edge computing on CAVs. In the system, local driving strategies dissemination is managed by
the control plane, which is located in the central cloud, while the data plane is at the edge.
The main reasons are that: (i) the cloud system is responsible for planning the global route
for CAVs. As a result, the cloud can prefetch the required local driving strategies along the

planned route and delegate RSU edges to transmit them in advance, and (77) considering the
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large data size of AI/ML-based models, V2I transmission, compared to V2N transmission, is
much more cost-efficient and will not lead to the model reception and execution failure on
CAVs due to unstable V2N delay.

5.2.2 Requirements Analysis Considering Communications Issues

The proposed system aims to enhance the safety and efficiency of CAVs by utilizing V2I com-
munications to facilitate the download of local driving strategies and the sharing of perception
data. To achieve such functions, the system must meet certain communications requirements
to ensure reliable and timely data exchange. Therefore, it is necessary to define specific key
performance indicators (KPIs) that the system should fulfill. Local driving strategies down-
loading and perception data sharing correspond to an AI/ML model transfer use case and
a V2X use case proposed by 3GPP [166,175], called AI/ML based automotive networked
systems and SSMS, respectively. By definition, AI/ML-based automotive networked systems
frequently exchange and share AI/ML model layers in a distributed and/or federated network
as determined by the system in response to a change of events, conditions, or emergency sit-
uations to improve system accuracy. SSMS enables the sharing of raw or processed sensor
data to build collective situational awareness, thereby enabling safety-critical applications

like intelligent intersections to ensure the safety of all road users, including pedestrians and

Table 5.1: Communications KPIs of AI/ML based automotive networked system and SSMS

use cases
AI/ML based automotive | Sensor and state map
Use cases
networked system sharing (SSMS)
Reliability
- 90
(%)
E2E latency
500~1000 10
(ms)
Peak data rate
100 25
(Mbps)
Data size
2~40 -
(MB)




91

emergency vehicles.

To assess whether the proposed hybrid autonomous driving system can meet the necessary
requirements of the above two use cases, some key performance indicators (KPIs) that need to
be validated are summarized in Table[5.1] For the AI/ML-based automotive networked system
use case, some required communications KPIs are determined based on 3GPP technical report
(TR) 22.874 [142], including data size, end-to-end (E2E) latency, and peak data rate for data
downloading. In the proposed system, CAVs shall download a series of Al models of local
driving strategies for different intersections from RSUs. Here, we define data downloading
as that CAV downloads only one of the Al models. The proposed system should be able
to support downloading of data with a maximum size of 2~40 MB with a latency of up to
500~1000 ms and a peak data rate of up to 100 Mbps.

According to 3GPP TR 22.886 [22], the requirements of SSMS include reliability, E2E
latency, and peak data rate. The reliability refers to the probability of successful transmission,
which should be higher than 90%. The E2E latency refers to the one-way delay for delivering
a piece of information from a source to a destination, without the application-layer processing
delay. In this system, the E2E latency of SSMS is defined as the one-way communications
delay of cooperative perception, where RSU shares real-time perception information with
surrounding CAVs, and the latency should be less than 10 ms. The peak data rate should be
higher than 25 Mbps.

5.3 Approach: Offline Reinforcement Learning Frame-

work for Localized Learning

In this section, we propose an offline RL framework to extract and learn human driving
knowledge. Offline RL is commonly applied to autonomous driving systems because it breaks
the constraint that agents should interact with the environment, thereby avoiding risky ex-
ploration in real driving processes [176,177]. Unlike online RIL, which requires continuous
interaction between agents and the environment, offline RL allows us to safely utilize vast
amounts of pre-collected driving data from human-driven vehicles to train driving models
without exposing the vehicles to hazardous real-world conditions. Moreover, compared to
non-RL approaches, which may struggle to generalize across diverse driving conditions and
require extensive hand-crafted rules, offline RL offers a more flexible and data-driven way to

learn complex driving behaviors. In our system, the role of gaining human knowledge is placed
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plane.

on the RSU edge, and autonomous systems in CAVs only deploy the trained agent to achieve

vehicle maneuvering. In particular, we introduce a sensory data encoder, a formulation of a

partially observed Markov decision process (POMDP), and a kinematic-model-based vehicle

maneuvering decoder to enhance the decision-making process.

As shown in Figure [5.2] the design of the offline RL framework also includes three key

components: RSU edge, CAV edge, and the central cloud, aiming to realize the concept of

LDT-assisted hybrid autonomous driving system depicted in Figure [5.1] This framework is

developed with the following considerations:

- We use RSU-installed sensors and edge computing devices to formulate an object-level

environmental perception, where the different non-stationary traffic participants, e.g.,

vehicles, pedestrians, and cyclists, can be identified and their immediate states are
obtained. Thus, an LDT can be realized on the RSU edge.

- RSU edge is designed to extract passing-by vehicles’ behaviors and learn how human

drivers maneuver in the local area. Then generate various local agents under different

conditions, including driving directions, time periods, and weather types.

- The maneuvering decoder, i.e., model inference, is placed on the vehicle edge to generate

control signals, considering the safety-critical nature of vehicle maneuvering.



93

Therefore, our proposed offline RL framework effectively fulfills the conceptual design,

unleashing the resources and capabilities of cloud and edge computing.

5.3.1 Sensory Data Encoder

The dynamic intersection environment is continuously monitored by RSU, which is capable of
recognizing, detecting, and tracking all traffic participants within sensory range, covering the
entire intersection area. We define P, = {p1,pa,...,pn} as the set representing all detected
traffic participants within the intersection at time step ¢t. For each participant p; in Py, its

state is defined as follows:

Stk = [Chy Uy Wy Ty Yk, Ok, Uks Vion ko, Vlat k)

where ¢, represents the category of the detected object, which could be a pedestrian, a
vehicle, or a cyclist, while [, and wy represent its length and width. z, and y; capture the
absolute position coordinates of the center point of p. The heading angle, i.e., yaw angle, is
represented by @j. Variables vy, Vion k, and v, represent velocity, longitudinal velocity, and
lateral velocity of py, respectively. The set S; = {s¢1, St2, ..., St} represents the state space
at time step ¢ describing the states of all traffic participants detected by RSU.

Based on real-time object detection, we track the vehicle trajectories to identify their
direction of movement and categorize vehicles into three types: straight, left-turn, and right-
turn. Thus, the state S can be divided into three subsets, i.c., S**, 8%, and S™. This behavior
classification ensures the directional diversity of local agents so that no matter which road an
autonomous vehicle moves in and plans to move out, it can be provided with a feasible agent

to guide it in an expected moving direction.

5.3.2 Formulation of POMDP

Since the amount of detected traffic participants N fluctuates over time, it is impractical to
include all objects within the observation, particularly for those areas with heavy traffic. Thus,
we use partially observed information to determine vehicles’ actions. Such a problem can be
formulated as a POMDP [176]. Offline RL in the context of a POMDP is formally described by
a tuple M = (S, A,0,T,E,R,~) where S, A, and O represent the spaces of states, available
actions, and observations. 7 (s;11|8, a;) defines the probability of transitioning to state s;.1

from state s after taking action a; that describes the dynamics of the system. E(oy|s;) is
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an emission function defining the distribution from s; to o;. R is the reward expressed with
r(ot, a,0011) and v € (0, 1] is a scalar discount factor.

Observation: At a specific time step ¢, vehicle p; € P; will be passing through the
intersection, here, ¢; is ‘Vehicle’. The obstacles in the surrounding area, particularly along
the vehicle’s heading direction, are critical for road safety. We divide the surrounding area of
the vehicle p; into “left-front” (LF), “middle-front” (MF), “right-front” (RF), and “back”(BK)
areas, based on the vehicle’s frontal and lateral boundaries as depicted in Figure [5.3|

In the LF, MF, and RF areas, the closest objects to the vehicle p; are denoted by prr ;,
pmr,j, and prr,j, respectively, as shown in Figure . At any given time t, the observation
o; € O is given by:

Oy = [Sj; SLF,j, SMF,j, SRF,j];

where s; is the state of vehicle p;, and sir;, sur;, and sgp; represent the states of the

nearest objects within the LF, MF, and RF areas, respectively. The design of the observation
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o, is based on the following considerations: (7) Human drivers make decisions based on their
visual field, which excludes objects far away from ego vehicle or hidden in blind spots. Thus,
from a causality perspective, we only consider visible and closest objects since they directly
influence the decision-making of human drivers; (7)) Our system fuses onboard sensing and
RSU perception data, ensuring that the CAV can detect and react to objects as soon as they
enter the observation space, and (%) given the variable amount of detected objects, consid-
ering only the nearest objects ensures a practical and computationally efficient observation
space while still capturing the most immediate and impactful elements for safe driving.
Action: To effectively accommodate the diverse mechanical constraints of different vehi-
cles, such as baseline length, steering limits, and acceleration capabilities, action a should be
designed considering three requirements: (i) capabilities to reflect strategic driving decisions
in the traffic environment, (%) it can be derived from the vehicle’s state s;, and (i) can
be translated into the control space for different autonomous vehicles. Specifically, for the

vehicle p; at time ¢, the action a; will be:

a; = [vg5, 0y, ¥5), (5.1)
where v, and v, represent the vehicle’s velocity components along the X-axis and Y-axis,
respectively, and 1) represents the yaw rate. Here, the origin of the coordinate system is the
location of the RSU. As such, the actions of all vehicles are represented in the same coordinate
system. Thus the projection of velocity v, and v, onto this coordinate system becomes an
insightful indicator of the vehicle’s driving strategy.

Reward: To effectively evaluate the performance of driving strategies within our frame-
work, the reward function is constructed as a linear combination of three critical components:

road safety, traveling efficiency, and deviation from the road centerline.

T = Q1 Tsafety + QoTefi + Q3T dev, (52)

where aq, as, and ag serve as coefficients to weight the safety reward, efficiency reward, and
deviation reward, respectively. The initial values of these coefficients are determined based
on domain knowledge and the characteristics of the target environment. For instance, in
scenarios where safety is a top priority, a; is assigned a relatively larger value, while ag is set
smaller in environments with wide, unstructured roads where strict adherence to the centerline
is less critical. These weights are further refined through iterative training and evaluation.

During this process, the convergence behavior of the training model and performance metrics
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are analyzed to identify and address suboptimal behaviors caused by inappropriate weight
settings (e.g., excessively low values for «; leading to unsafe strategies). By systematically
adjusting the weights, the reward function achieves a balance between safety and efficiency
while ensuring stable and effective learning outcomes.

The safety component gty is defined as the potential time-to-collision (TTC) between
the vehicle and the three closest objects. TTC is chosen as the primary safety metric because
it is a comprehensive measure that captures multiple factors relevant to safety, including the
relative position, relative velocity, and angle between the vehicle and surrounding objects.
By focusing on TTC, the reward function directly addresses the critical aspect of collision
risk, which is essential for ensuring safety in dynamic traffic scenarios. Its predictive nature
enables proactive decision-making, as it quantifies how soon a collision may occur under the
current conditions. For example, considering the closest object on the LF side of the vehicle
pLr;j, we use dip,; and vrr; to represent the relative distance and relative velocity between
the p; and prr j, and Opp ; to define the angle between dir ; and vir j, as shown in Figure .
In a short time interval, it can be assumed that the vehicle and the object do not change their

velocity, so the TTC can be expressed as:

g g€ [0, %)
C— ULF,j COSGLFJ" LF»] r 2/ 5 3
TLF,j N (5.3)
+00, I ULr; € [2,7T].

When the value of fpp; is smaller than 7/2, we calculate the potential TTC based on
relative distance velocity. If Oy ; is larger than 7 /2, indicating that p; and prp; are moving
away from each other, then the TTC is set to infinity. Similar to the calculation of 7 ; in
(5.3), we can obtain 7myr ; and Trp; for the closest objects on the MF and RF sides. 7gfety 1S

then determined by:

min|7; ;, Tih
Tsafety = Z 6iM7 (54)
i=LF,MF,RF Tthre

where Ty is a predefined threshold that serves as a boundary to evaluate the urgency of
potential collisions. The value of 7y, is set to 3 seconds based on the Japanese traffic
rule [178]. f; is a parameter that balances the importance of the three nearest objects. For
example, for a vehicle making a left turn, its expected trajectory is in the LF region, thus S
is assigned a larger value, while Srp is with a smaller value, i.e., Sr > Sur > Orr. As for a

straight-moving vehicle, Syr is assigned a larger value, i.e., Syr > BLr = Orr.
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The efficiency reward component r.g is defined as the optimal travel speeds normalized
by the maximum speed,
V4 .
Umjax7 lf ’UJ S vmax;
Tei =
_ Yj—Umax

, if Vj > Unax,

Umax

where vpmax represents the speed limit. When 0 < v; < vpax, Tem 1S positive to encourage
velocity maintenance near the speed limit. When v; > vnax, Tem becomes negative for the
penalty of overspeeding.
Lastly, the reward for minimizing deviation from the lane’s centerline rqey, is designed to
incentivize precise lane-keeping by penalizing deviations from the centerline:
2A

rdevzl_ ;
w

where A and w represent the lateral displacement from the centerline and the average lane
width, where w can be obtained based on static high-definition (HD) maps.

As for the training processes, we introduce the twin delayed deep deterministic policy
gradient with behavior cloning (TD3+BC) algorithm [179] to obtain offline policy m, since (7)
it effectively balances exploration and exploitation by combining RL with behavior cloning
(BC), ensuring robust policy learning from pre-collected driving data, (i) it reduces overes-
timation bias in QQ-value estimates, which is crucial for accurately evaluating actions in the
offline setting of local driving data, and (i) it is computationally efficient and easy to imple-
ment, which is essential for training local driving agents with limited computational resource
of RSU edge. Basically, TD3+BC’s policy 7 is updated with the deterministic policy gradient
with a BC term:

7 = argmax B, o)wp [AQ(s,7(s)) — (n(s) —a)’], (5.5)

where Q(s,7(s)) represents the Q-value function, and A is a hyperparameter that controls

the weight of the Q-value estimation against the behavior cloning (BC) term.

5.3.3 Kinematic Decoder for Vehicle Maneuvering

In order to use local agents on CAV edge, it is necessary to formulate observation space based
on environment perception (generating spr;, Sarj, and Sgr;) and localization (reflecting s;)

at first. Then we can use trained agents to output actions. However, action space in ({5.1))
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0 (Xr, Yr) §

Figure 5.4: Hlustration of kinematic bicycle model.

cannot be directly used for vehicle control, hence we introduce a kinematic bicycle model to
simplify car-like vehicle dynamics, as shown in Figure [5.4] and to translate the action space
into control space. The ego vehicle is modeled with front-wheel steering and rear-wheel drive
as an example of the kinematic decoder design. For vehicles with different configurations, such
as front-wheel drive, the corresponding kinematic model (e.g., see [180]) should be applied
to achieve vehicle control. We use (zy,ys), (2r,y:) and (2, ym) to represent the coordinates
of centers of the front axle, rear axle, and the center point of the baseline. v; and v, are the
velocities of front and rear wheels. The yaw angle and steering angle are represented by
and 0, respectively. [hase is the length of the vehicle baseline. At the center of the rear axle,

the velocity v, can be expressed with its projections on the X-axis and Y -axis:

Uy = &y COS Y + Y Sin 1. (5.6)

We use the position of the middle point to express the position of the rear axle:
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2 (5.7)
o __ ‘base
Y =Ym — —,sing
The differential form of ([5.7)) is:
l ase ' .
Ty = Ty + b wsmz/;,
: (5.8)

. lbase¢
Yr = Ym — 9 COS 1/}

Here, we note that @, and 9y, correspond to the v, and v, in the action space. Based on
(5.6) and (5.8)), the rear tire velocity can be expressed with the v, and v,:

Uy = Uy COS Y + vy sin . (5.9)

At the center of the front and rear axles, the kinematic constraints are:

Zesin (¢ + ) — yecos (¥ + 9) = 0,

(5.10)
2y siny — g, cos Y = 0.
Based on (5.6) and (5.10]), we can obtain:
Ty = Uy COS Y,
(5.11)

Ur = Uy Sin 1.
According to the relative positions of the front and rear axles, the position of the front

axle is:

T =T + lbase COS¢7

(5.12)
Yt = Yr + lpase SIN Y.
Based on (5.10))-(5.12)), the steering angle can be expressed with vehicle yaw rate:
l ase ‘
§ = arctan > ¢. (5.13)
Ur

For the autonomous driving motion control, (v, d) is regarded as the control space. Ac-
cording to ((5.9) and (5.13)), we translate the action space to the control space, thereby facili-

tating motion control for autonomous vehicles.
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Figure 5.5: An overview of the hybrid autonomous driving testing field with specifications of

hardware deployment.

5.4 Real-world Prototype and Experiment Settings

In this section, we explain how to implement our designed system in a real-world prototype,
from the perspective of both hardware and software deployments. Then, we introduce some

important settings in Hil. and PoC experiments.

5.4.1 Hardware Deployment and Software Installation

According to the system design and the requirements in Section II, our hybrid autonomous
driving testing field is designed as illustrated in Figure[5.5] Within this setting, we install two
RSUs at two different intersections. Each RSU is equipped with an 80-layer LiDAR and an
NVIDIA Jetson. The LiDAR captures raw data, i.e., dynamic point clouds, from the physical
environment. The Jetson is tasked with executing various functional modules, such as object
detection and tracking, thereby creating object-level LDT at the RSU edge. As shown in
Figure 5.6, we demonstrate an example of intersection congestion in the testing field and its
corresponding LDT. A CAV is mounted with a 32-layer LiDAR to monitor its surroundings.
An Autoware PC processes the LiDAR data, enabling environmental perception, localiza-
tion, motion planning, and motion control. The control signals are then transmitted to the
onboard unit (OBU) to facilitate autonomous driving. The communications system in the

hybrid autonomous driving platform is built on a heterogeneous V2X network. For perception
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Traffic congestion at intersection in real world

Traffic coﬁéestion projectedi T

Detected vet;icles
ﬂ Detected pedestrians

Figure 5.6: An illustration of congestion at an intersection in the real world and LDT.

information sharing, we employ Wi-Fi modules working at 5 GHz to let CAV receive cooper-
ative perception data from RSUs. As for local driving agents transfer, given the substantial
data size of Al models, we use 60 GHz millimeter wave (mmWave) communications to enable

efficient and high-speed data transmission.

Our platform’s software system is primarily based on Autoware.Universe |155] and version
2 of robot operating system (ROS2). Autoware supports the detection and tracking of traffic
participants within the RSU sensor range. The detection module employs the CenterPoint
framework , which can detect, identify, and visualize 3D objects from LiDAR point clouds
in real time. Subsequently, a multiple object tracking (MOT) module assigns IDs to the
detected objects so that we can record each object’s historical trajectory and classify them
based on moving directions. As for the autonomous driving system, we also apply a normal
distributions transform (NDT) algorithm, OpenPlanner, and a pure pursuit algorithm for
localization, motion planning, and motion control modules, respectively. Detailed information

about the hardware and software systems in the test field can be found in Chapter [3
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5.4.2 Simulation and Field Trial Setups

Following the discussion in Section III, we first utilize two RSUs to monitor their surrounding
traffic lows and generate right-turn local driving agents, named RSU #1 local agent and RSU
#2 local agent. Then, we conduct PoC tests and HiLi simulations to validate the proposed
system. As depicted in Figure |5.6, we define two right-turn routes (Route #1 and Route
#2) that respectively pass by RSU #1 and RSU #2-installed intersections. We also define a
‘local driving range’ (15 m). When CAV enters the ‘local driving range’, CAV will adopt local
driving agents as a replacement for its inherent motion planning and motion control modules.
The local driving range of 15 m is determined based on the road topology of the test field

and vehicle speed limitation of 20 km/h, where the 15 m range is sufficient to cover the entire

Table 5.2: PoC and HiL setups.

Value/Description
15 m (CAV adopts local agents)

Specifications

Local driving range

Autonomous
vehicle actions
Traffic density

conditions

Agent types

CAV adopts local driving agents when
entering the defined local driving range
Low (<3 objects), Middle (3-6 objects),
and High (>6 objects)
RSU #1 Local Agent, RSU #2 Local Agent,

and Inherent Autoware Agent

PoC experiments

Field trial
count
Used RSU(s)

Driving route(s)

9 tests (3 tests per scenario, conducted on
Route #1 only, using 3 types of agents)
RSU #1
Route #1

Communications o
30 m (V2I communications range)
distance
HiL simulations
Simulation 180 tests (10 tests per scenario, 3 traffic
count conditions for both routes, using 3 types of agents)

Used RSU(s)

Driving route(s)

RSU #1 and RSU #2
Route #1 and Route #2
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intersection. For larger intersections or scenarios involving higher vehicle speeds, the local
driving range should be redefined accordingly. In addition, to test the autonomous driving
performance in different traffic conditions, we categorize the traffic into 3 types: low density
(the number of objects within the intersection area is less than 3), middle density (ranging
from 3 to 6), and high density (larger than 6). Some detailed settings in the simulation and

field trial are described as follows and summarized in Table 5.2

5.4.2.1 HiL simulation

In order to repeatedly evaluate the performance of our system in autonomous driving, we
conducted HiL simulations using real traffic data perceived by RSUs and a simulated vehicle.
We utilized 3 types of agents (RSU #1 local agent, RSU #2 local agent, and the inherent
Autoware agent) to drive the simulated CAV through Route #1 and Route #2 under 3
different traffic conditions (low, middle, and high density). Each scenario was tested 10

times, resulting in a total of 180 experiments.

5.4.2.2 PoC field trial

Our experimental environment involves public traffic and the intersection at Route #2 presents
highly complex traffic conditions. Therefore, for safety reasons, we conduct field tests only on
Route #1. Here, we define a ‘communications distance’ (30 m), within which the V2I commu-
nications is activated that RSU will disseminate local driving agents through mmWave com-
munications and provide processed data cooperative perception services through the WLAN
network. We conducted 9 experiments in total where we employed 3 types of agents (RSU
#1 local agent, RSU #2 local agent, and the inherent Autoware agent) to navigate the CAV
through Route #1 under 3 different traffic conditions (low, middle, and high density).

5.5 Experiment Results and System Evaluation

In this section, we first discussed the offline RL training results. Then, to evaluate the crucial
KPIs of the implemented hybrid autonomous driving system, we empirically measured several
communications metrics in the prototype. Finally, we showed both the HiLL and PoC test
results in terms of safety, efficiency, and real-time performance to validate the improvement

brought to autonomous driving.
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Figure 5.7: Offline RL training results on offline traffic data: Normalized rewards by varying

A value over 10 random seeds.

5.5.1 Performance Comparison of Offline RL Algorithms

We provide the training performance in terms of normalized rewards in Figure 5.7, where the
solid lines and dimmed areas represent the mean and confidence interval over 10 random seeds,
respectively. The maximum time step to run our customized environment is set to 20,000,
with evaluations conducted every 400 time steps. Remarkably, the TD3+BC algorithm can
always achieve convergence with varying hyperparameter A in , which demonstrates the
effectiveness of our dataset and the feasibility of our POMDP formulation.

For RSU #1-installed intersection, the convergence result with A\ = 0.05 is around 0.59,
surpassing that with other A values. As for RSU #2, the convergence performance is optimal
when A\ = 0.5. Therefore, in subsequent simulation and field trial tests, models of TD3+BC
algorithms trained with A = 0.05 and A = 0.5 are regarded as RSU #1 and RSU #2 local

agents, respectively.

5.5.2 System Evaluation Considering Communications Issues

Some communications metrics are measured in PoC tests, as shown in Table [5.3] Compared
to the required KPIs listed in Table I, Wi-Fi-based cooperative perception and mmWave
communications-enabled agent downloading services can both meet the specified require-

ments. As for the agent downloading service, we first measure the data size of agents trained
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with TD3+4BC algorithms, which ranges between 11 and 13 MB, fitting within the defined
range of 2 to 40 MB. The data rate achieved during the downloading process is at least 0.711
Gbps, averaging 1.24 Gbps, greatly surpassing the peak data rate requirement of 100 Mbps.
The E2E latency for downloading agents is observed to be no more than 146 ms with an
average latency of 83.9 ms, which is also well within the acceptable range of 500 to 1000 ms
as defined in the 3GPP TR 22.874. The PoC tests are also conducted on NVIDIA Jetson sys-
tem equipped with an ARM Cortex-A7T8AE CPU (12 cores), 32 GB of memory, and Ubuntu
20.04 operating system, over a duration of 10 minutes. Here, we note that mmWave commu-
nications may face challenges in extreme environments, such as rain or obstructions, which
can affect communications stability. The heterogeneous V2X communications utilized in our
system can mitigate such challenges by switching to Wi-Fi-based V2I or cellular networks to

ensure reliable communications.

As for cooperative perception, since ROS2 facilitates seamless communications among
distributed computers within a local area network (LAN), the CAV can easily access all ROS2-
defined messages from the RSU edge using user datagram protocol (UDP). In this study, the
CAV is designed to subscribe to object detection messages generated in nearby RSUs to
facilitate cooperative perception services. We evaluate the communications reliability using
the observed packet delivery ratio (PDR), which achieves a minimum of 96.1%, exceeding the
90% reliability threshold specified for the SSMS use case. Furthermore, the E2E latency and
data rate are observed to be less than 8.51 ms and higher than 25.9 Mbps, also well-satisfying

Table 5.3: Communications performance of agent downloading and cooperative perception

services.
Services | Agent downloading (mmWave) | cooperative perception (Wi-Fi)
Reliability > 96.1
(%) ) (97.3 on average)
Latency < 146 < 8.51
(ms) (83.9 on average) (6.57 on average)
Data rate > 711 > 259
(Mbps) (1240 on average) (32.1 on average)
Data size
11~13 -
(MB)
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the 10 ms latency and 25 Mbps peak data rate requirements. These results confirm that the
proposed system supports cooperative perception and agent downloading services to fulfill

the stringent KPIs for SSMS and AI/ML based automotive networked systems use cases.

5.5.3 HiL and PoC Test Results

As discussed in Section IV.B, we conduct both HiL. and PoC experiments in RSU #1-installed
intersection, whose results are shown in Figure [5.8 where box plots are employed to visually
represent the distribution of combined rewards (defined in (5.2))), safety rewards (defined in
(5.4)), and traveling time attained by various agents during autonomous driving process, and
the mean value is delineated using a bold solid line. We also mark the performance of PoC
field tests in Figure as orange star marks. As for RSU #2-installed intersection, we only
showcase the HiL simulation results in Figure [5.9,

According to the data presented in Figure [5.8(a)} it is evident that RSU #1 local agent
shows better overall performance than RSU #2 local agent and Autoware agent in Intersection
#1, no matter within simulation or field trial. As illustrated in Figure [5.9(a)}, it also can be
found that RSU #2 local agent always drives the vehicle better than RSU #1 local agent and
Autoware agent in Intersection #2. Such outcomes validate the effectiveness of our system
design and offline RL formulation from the following two perspectives: (i) The overall superior
performance of the designed local agents, in comparison to the general algorithm, suggests
that the proposed system has effectively enhanced autonomous driving at traffic intersections,
and (7i) The different performance of the two trained agents at two intersections demonstrates
the uniqueness of each trained agent, suggesting that models trained on local traffic flow data
perform well only when applied to their respective local environments. This indicates that
our system effectively captures and learns intersection-specific local strategies from human
driving behaviors.

To quantify the evaluation of safety, we employ the safety reward function expressed
in . Although the Autoware agent adopts a relatively conservative and safety-oriented
driving strategy, which refrains from actively overtaking obstacles and instead opts to wait
for their leaving, the average safety rewards depicted in Figure |5.8(b)[and Figure show
that the trained agents exhibit safety improvements. For Intersection #1, compared to the
conventional autonomous driving algorithm, i.e., Autoware agent, the local agent exhibits a
safety promotion of 5.8% (on average) and 9.3% within HiL. simulation and PoC experiments,

respectively. As for Intersection #2, its local agent also demonstrates better safety measures
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Figure 5.8: HiL simulation and PoC test results of applying RSU #1 local agent, RSU #2

local agent, and Autoware agent in RSU #1-installed ‘local driving range’.

with a 4.1% improvement on average.

For evaluating driving efficiency, we show the distribution of traveling time within defined
‘local driving range’ to offer an intuitive representation of efficiency performance. Figure
and Figure illustrate that the local agents exhibit considerable enhancements in driving
time reduction. RSU #1 local agent can reduce travel time by 8.9% on average according to
simulation results, and up to 14.6% in field tests. In the HiL experiments at Intersection #2,

it can be found that RSU #2 local agent also decreases the total moving time by 9.1%.

Finally, we evaluate the real-time performance of proposed local driving agents and some
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Figure 5.9: HiL simulation results of applying RSU #1 local agent, RSU #2 local agent,
and Autoware agent in RSU #2-installed ‘local driving range’.

update frequencies of some crucial functional blocks. The CAN controller of our CAV is
designed to operate at 10 Hz, requiring the autonomous driving software system to send
control signals every 100 ms. The low-level motion control module of inherent Autoware
system also operates at 10 Hz, ensuring that the Autoware can control our autonomous
vehicle in real-time effectively. For our hybrid autonomous driving system, we replace the
motion planning and motion control functions at intersections with an online execution (model
inference) of local driving agents. The input information for the model inference includes

the vehicle’s onboard perception data, processed cooperative perception information shared
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by RSUs, and vehicle localization. All input data updates at a frequency larger than 30
Hz. In addition, the average computation time for model inference is measured at 38.4 ms.
Therefore, the output frequency of the local agent can be set to 10 Hz to ensure real-time
input and output, thus enabling vehicle control in real time. Consequently, our designed

hybrid autonomous driving system meets the real-time requirements for autonomous driving.

5.6 Summary

In this Chapter, we proposed a novel LDT-assisted hybrid autonomous driving system, specif-
ically designed for traffic intersections to improve road safety and driving efficiency. We ad-
dressed the challenge of the intricate and dynamic nature of intersections, where road topology,
traffic volume, and complex traffic conditions necessitate a local decision-making approach.
By leveraging RSUs equipped with sensory and edge computing capabilities, the system con-
tinuously monitors traffic, extracts human driving knowledge, and generates intersection-
specific local driving agents through an offline RL framework. This method enables vehicles
to adopt local driving agents generated from accumulated driving behavior data, particularly
when passing through RSU-installed intersections.

When CAVs pass through RSU-installed intersections, RSUs can provide them not only
with real-time cooperative perception services to broaden onboard sensory horizons but also
with local driving agents to support safe and efficient driving in local areas. Extensive PoC
field trials and HiL simulations validate the effectiveness of the system. The results demon-
strate that our hybrid system outperforms the conventional Autoware algorithms, achieving
average safety improvements of up to about 10% and travel time reductions of up to about
15%.

Additionally, the system meets stringent real-time performance requirements, with com-
munications metrics showing peak latencies of 8.51 ms for cooperative perception services and
146 ms for local agent downloading, aligning with 3GPP requirements. These results con-
firm that integrating LDT-based local driving strategies can significantly enhance autonomous

driving at complex urban intersections.
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Chapter 6

Final Remarks and Future Work

6.1 Summary of the thesis

o Chapter [} It reviews the history and current states of autonomous driving and digital
twin (DT) technologies, highlighting the benefits of their convergence and integration.
After revealing the research target “smart mobility digital twin (SMDT)”, it underscored
the limitations of existing mobility DTs and current vehicle-road collaboration methods.
At the end, it summarized the author’s efforts and contributions towards the research

target.

o Chapter [2} It first provided a comprehensive overview of modular autonomous driving
systems (ADS), including navigation, sensing, environmental perception, localization,
prediction, local planning, motion control, and vehicle actuators. In the second part, it
introduced the main techniques in the establishment of mobility DTs. Finally, it pointed
out the challenges ahead of the successful transition from mobility DT to SMDT.

o Chapter [3} It introduced the SMDT platform, bridging the gap between physical and
cyber worlds by utilizing cloud and edge computing resources, enabling real-time traffic
monitoring, decision-making, and system optimization. It first provided the motivation
for introducing SMD'T to the autonomous driving field. Then, it presented the high-level
conceptual architecture of the SMDT platform, detailing its integration of roadside unit
(RSU) edge, connected and automated vehicle (CAV) edge, and a central cloud. Finally,
it described the prototype system and its deployment in a real-world environment,

highlighting the hardware and software components used to create real-time traffic DTs.
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o Chapter [4} In order to effectively presented the design and implementation of a CAV
navigation system based on the SMDT platform. The CAV navigation system aims to
enhance traffic management by integrating real-time dynamic traffic data, V2X com-
munication, and advanced route planning mechanisms. First, it outlineed the motiva-
tion for developing a navigation system tailored to address the limitations of existing
autonomous vehicle frameworks. Then, it introduced the high-level design of the CAV
navigation system, emphasizing its event-triggered route planning strategy and real-time
adaptability. It also demonstrated a proof-of-concept (PoC) implementation within the
Sci Tokyo Smart Mobility Field, showcasing the system’s ability to respond to real-world
traffic events. Finally, it evaluated the system’s performance through large-scale simu-

lations, focusing on traffic efficiency, safety improvements, and communication metrics.

o Chapter : It proposesed a novel local digital twin (LDT)-assisted hybrid autonomous
driving system, specifically designed for traffic intersections to improve road safety and
driving efficiency. Firstly, it outlined the motivations for developing LDTs, emphasizing
their role in augmenting vehicle-road collaboration for safer and more efficient intersec-
tion management. Secondly, it presented the architecture of the LDT-assisted hybrid
autonomous driving system, detailing the roles of RSUs, CAVs, and the central cloud in
achieving localized decision-making and real-time control. It also described the offline
reinforcement learning (RL) framework used to extract human driving knowledge and
generate intersection-specific driving agents, highlighting its integration with the pro-
posed system. Then, it explained the hardware deployment and software implementa-
tion of the system in a real-world testing environment, providing technical details about
RSUs, CAVs, and communication infrastructures. Finally, it presented the results of
PoC experiments and hardware-in-the-loop (HiLi) simulations, showcasing the system’s

improvements in safety, efficiency, and real-time responsiveness at intersections.

Moreover, the unique contributions of Chapter [3] Chapter [4, and Chapter [5] works, com-
pared to the existing mobility D'Ts and vehicle-road collaboration methods, can be showcased
through Table [6.1] and Table [6.2]
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Table 6.1: Comparison of related works of Mobility DT

Key components SAE DT functions Validation
Ref. Cloud Vehicles RSUs | level | Modeling Service | methods
Objectives (use cases)

vooov v || oy oy | Dede

53] | | | Simulation
Personalized adaptive cruise control (P-ACC).

2 V V V L2 Vv Field trial
Cooperative perception to create traffic DT.

e N V vV Field trial

Cooperative vehicle-infrastructure system.

s Vv L4 vV Field trial
Validation framework for autonomous driving.

f50) v Vv v Simulation
Path planning considering unexpected events.

b1l vV v V V v Simulation

Traffic light control system.
5 v Vi L2 V v Simulation
Cooperative driving at intersections.
55) V V Vv Sandbox
Validation of multi-vehicle cooperation.
Field test/
Chapter v v v L4/L5 v v Simulation

Igl and .4.

SMDT-based CAV

navigation system.
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Table 6.2: Comparison with related works of vehicle-road collaboration

Key components SAE | Unique traffic Validation
Ref. Cloud Vehicles RSUs | level features methods
Objectives (use cases)
Cooperative perception-related studies
57 v vV - Simulation
Generation of future BEV occupancy map.
gl vV vV - V Dataset
Early prediction of intersection movement and warning.
59} Vv Vv - Vv Dataset
Adaptive construction of a dynamic perception representation.
67 vV Vv - Simulation
Intersection traffic safety framework for collision avoidance.
Cooperative driving-related studies
6g) v v - Simulation
Federated learning framework to reduce idling time.
oo} vV - Simulation
Traffic signal control system to reduce idling time.
ol vV v | L4/L5 Indoor robots
Intersection coordination framework for trajectory planning.
DT-based studies
- vV vV - Field test
Highway DT for CAV perception enhancement.
= vV V L2 Field test
DT-based ramp merging framework.
5 V vV L2 Simulation
DT-assisted FIFO framework at intersections
Chapter V V v, | L4/L5 V Field test/simulation

Hybrid autonomous driving with local driving strategies

P
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6.2 Suggested future works

In the future, large-scale simulations, deployments, and evaluations are needed to fill in the
remaining gaps between the proposals and experiments. Moreover, the proposed systems and
technologies have the potential to make significant contributions to several promising fields.

We plan to make some explorations in the following fields.

6.2.1 City-wide SMDT Deployment

The implementation of the SMDT at a city-wide scale presents a significant opportunity to
revolutionize urban transportation systems. While the current focus has been on develop-
ing the foundational components of the SMDT, deploying it across an entire city involves
addressing challenges related to scalability, interoperability, and data management.

Future work in this area should concentrate on:

1. Scalability solutions: Developing algorithms and system architectures that can handle
the vast amount of data generated by numerous vehicles, infrastructure sensors, and
users within a city. This includes optimizing cloud and edge computing resources to

ensure real-time data processing and response.

2. Interoperability standards: Establishing common standards and protocols to enable
seamless communication and data exchange between different stakeholders, including
various vehicle manufacturers, infrastructure providers, and service operators. This

ensures that all components of the SMDT can work together cohesively.

3. Data privacy and security: Implementing robust security measures to protect sensitive
data and ensure user privacy. As the SMDT collects and processes extensive amounts

of information, safeguarding this data against cyber threats is paramount.

By focusing on city-wide deployment, future research can contribute to creating smarter,

more efficient urban transportation networks that benefit all city inhabitants.

6.2.2 Multi-Vehicle Cooperative Driving System

The advancement of autonomous vehicles offers the potential for cooperative driving systems

where multiple vehicles communicate and collaborate to optimize traffic low and enhance
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safety. Integrating such systems within the SMDT can significantly improve the performance
of autonomous vehicles and the overall transportation network.

Areas for future exploration include:

1. Cooperative maneuvering algorithms: Developing algorithms that enable vehicles to
coordinate actions such as lane changes, merging, and intersection crossing. These
algorithms should account for real-time data from other vehicles and infrastructure to

make safe and efficient decisions.

2. Communication protocols for vehicle cooperation: Establishing reliable and low-latency
communication protocols that facilitate the exchange of information between vehicles
(V2V) and between vehicles and infrastructure (V2I). This ensures that cooperative

driving decisions are based on the most current data.

3. Impact assessment on traffic efficiency and safety: Analyzing how multi-vehicle coop-
erative systems affect traffic flow, congestion levels, and accident rates. Simulation
models and real-world experiments can help quantify these impacts and guide further

development.

Integrating multi-vehicle cooperative driving systems into the SMDT can lead to more
harmonious traffic environments, reducing congestion and improving safety for all road

users.

6.2.3 Causality in SMDT and World Model

Understanding and modeling causality within the SMDT and the associated world model is
crucial for enhancing the decision-making capabilities of autonomous vehicles. By incorpo-
rating causal reasoning, the SMDT can provide more accurate predictions and support more
effective planning and control strategies.

Future research directions include:

1. Causal inference methods: Applying statistical and machine learning techniques to infer
causal relationships from the vast amounts of data collected by the SMDT. This involves
distinguishing between correlation and causation to understand the true drivers of events

within the transportation system.
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2. Integration of causal models in decision-making: Embedding causal models into the
autonomous vehicle’s planning and control algorithms. This allows vehicles to anticipate
the consequences of their actions and the actions of others, leading to more informed

and safer decisions.

3. Dynamic world modeling: Developing world models that not only represent the current
state of the environment but also predict future states based on causal relationships.

This enhances the vehicle’s ability to plan ahead and adapt to changing conditions.

By focusing on causality, future work can enhance the SMDT’s ability to model com-
plex interactions within the transportation system, leading to smarter and more explainable

decision-making processes.
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Appendix 1

List of Publications

I.1

1.2

Journal papers

K. Wang, Z. Li, K. Nonomura, T. Yu, K. Sakaguchi, O. Hashash, and W. Saad,
“Smart Mobility Digital Twin Based Automated Vehicle Navigation System: A Proof of
Concept,” in IEEFE Transactions on Intelligent Vehicles, vol. 9, no. 3, pp. 4348-4361,
March 2024.

K. Wang, K. Nonomura, Z. Li, T. Yu, K. Sakaguchi, O. Hashash, W. Saad, C. She, and
Y. Li, “Augmented Intelligence in Smart Intersections: Local Digital Twins-Assisted Hy-
brid Autonomous Driving,” in IEEFE Transactions on Intelligent Vehicles, Early Access
Article.

7. Li, K. Wang, T. Yu, and K. Sakaguchi, “Het-SDVN: SDN-Based Radio Resource
Management of Heterogeneous V2X for Cooperative Perception,” in IEEE Access, vol.
11, pp. 76255-76268, 2023.

International conferences

K. Wang, Z. Li, T. Yu, and K. Sakaguchi, “Smart Mobility Digital Twin for Auto-
mated Driving: Design and Proof-of-Concept,” 2023 IEEE 97th Vehicular Technology
Conference (VTC2023-Spring), Florence, Italy, pp. 1-6, 2023.

K. Wang, T. Yu, Z. Li, K. Sakaguchi, O. Hashash, and W. Saad, “Digital Twins

for Autonomous Driving: A Comprehensive Implementation and Demonstration,” 2024
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International Conference on Information Networking (ICOIN), Ho Chi Minh City, Viet-
nam, pp. 452-457, 2024.

K. Wang, C. She, Z. Li, T. Yu, Y. Li, and K. Sakaguchi, “Roadside Units Assisted
Localized Automated Vehicle Maneuvering: An Offline Reinforcement Learning Ap-
proach,” 27th IEEE International Conference on Intelligent Transportation Systems
(IEEE ITSC 2024), Edmonton, Canada, 2024.

K. Nonomura, K. Wang, G. Cho, H. Matsuo, J. Nakazato, Z. Li, T. Yu, and K.
Sakaguchi, “Proof-of-Concept of Digital Twin for Road Safety Assisted by B5G Het-
erogeneous MEC Network,” 2024 IEEFE 21st Consumer Communications & Networking
Conference (CCNC), Las Vegas, NV, USA, pp. 1110-1111, 2024.
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K. Wang, Z. Li, T. Yu, and K. Sakaguchi, “Cloud and Edge Computing Empowered
Mobility Digital Twin for Automated Driving: Design and Proof-of-Concept.” IFICE
Technical Report, vol. 123, no. 76, RCS2023-39, pp. 63-68, 2023.
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Appendix II

Abbreviations
3GPP Third Generation Partnership Project
ADS Autonomous Driving System
Al Artificial Intelligence
BC Behavior Cloning
BEV Birds-Eye-View
CAGR Compound Annual Growth Rate
CAV Connected and Automated Vehicles
CNN Convolutional Neural Networks
CoR Curse of Rarity
CPM Cooperative Perception Messaging
CPS Cyber-Physical System
CV Connected Vehicle
C-V2X Cellular V2X
DARPA  Defense Advanced Research Projects Agency
DL Deep Learning
DL Downlink
DNN Deep Neural Networks
DQN Deep Q-networks
DRL Deep Reinforcement Learning
DSRC Dedicated and Short-Range Communications
DT Digital Twin

E2E

End-to-End
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ECU Electronic Control Unit

ETA Estimated Time of Arrival

ETSI European Telecommunications Standards Institute
FIFO First-In-First-Out

GNN Graph Neural Network

GNSS Global Navigation Satellite System
GPU Graphics Processing Unit

HD High-Definition

HiL Hardware-in-the-Loop

HTTP Hypertext Transfer Protocol

12N Infrastructure-to-Network

IMU Inertial Measurement Units

[oT Internet of Things

ITE Institute of Transportation Engineers
ITS Intelligent Transportation System
KPI Key Performance Indicator

LAN Local Area Network

LDT Local Digital Twin

LLVM Large Language Vision Model

LQR Linear Quadratic Regulators

LSTM Long Short-Term Memory

LVM Large Vision Model

MDP Markov Decision Process

ML Machine Learning

mMTC massive Machine-Type Communications

mmWave millimeter Wave

MOT Multiple Object Tracking

MPC Model Predictive Control

MTOS Multi-Task Optimization Strategy

NASA National Aeronautics and Space Administration
NDT Normal Distributions Transform

NHTSA  National Highway Traffic Safety Administration

NLP Nonlinear Programming
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OBU Onboard Unit

OSM Open Street Map

PDR Packet Delivery Rate

PID Proportional-Integral-Derivative
PLM Product Lifecycle Management

PoC Proof-of-Concept

POMDP  Partially Observed Markov Decision Process
PPO Proximal Policy Optimization

QoS Quality of Service

RL Reinforcement Learning

ROS Robot Operating System

ROS2 Version 2 of Robot Operating System
RRT Rapidly-exploring Random Trees
RSU Roadside Unit

RTK Real-Time Kinematic

SAE Society of Automotive Engineers
SDN Software-Defined Network

SDVN Software-Defined Vehicular Network
SLAM Simultaneous Localization and Mapping
SMDT Smart Mobility Digital Twin

SOTA State-Of-The-Art

SSMS Sensor and State Map Sharing

TCP Transmission Control Protocol

TD3+BC Twin Delayed Deep Deterministic Policy Gradient with Behavior Cloning
TR Technical Report

TTC Time-To-Collision

UDP User Datagram Protocol

UL Uplink

URLLC  Ultra-Reliable Low-Latency Communications

V2I Vehicle-to-Infrastructure

V2N Vehicle-to-Network

V2v Vehicle-to-Vehicle

V2X Vehicle-to-Everything
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