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Abstract

Connected autonomous vehicles (CAVs), which enable information exchange and content
delivery through vehicular networks to support multifarious vehicle-to-everything (V2X)
applications, are expected to play a very important role in the safety and efficiency of
future vehicular transportation systems. However, V2X applications necessitate stringent
requirements on low delay, high reliability, and global connectivity, which pose challenges
to existing terrestrial networks due to the geographic-constrained fixed infrastructure
deployment and scarce resources. In this thesis, we consider satellite-terrestrial integrated
vehicular network (STIVN) for supporting V2X applications with reliable, flexible, and
ubiquitous service provisioning by jointly managing communications, computing, and
caching resources from both terrestrial and low Earth orbit (LEO) satellite networks.
Particularly, we will investigate the following three research issues: 1) how to manage
resources with low complexity for the coupling decision-making in STIVN in terms of diverse
communication modes with different resource costs; 2) how to flexibly coordinate resources
from satellite and terrestrial networks with distinct and time-varying coverage to find the
global optimal resource utilization across large-scale regions; and 3) how to adaptively
schedule resources in STIVN to respond to dynamic network environments resulting from
the mobility of satellites and CAVs, as well as the spatiotemporal fluctuations in service
demand.

We propose a novel network slicing-based resource management framework to address
the three issues. For the first issue, we investigate reservation-stage resource management
in STIVN by jointly optimizing coupling decisions to support high-definition (HD) map
distribution, where both satellites and terrestrial base stations (BSs) can deliver HD
map files to CAVs. By reserving both communication and caching resources from both
terrestrial and satellite networks, the goal is to minimize the overall cost of STIVN in
terms of resource usage, delay, and slice reconfiguration cost while accommodating more
service demand. Considering both multicast and unicast communication modes can support
the HD map distribution in STIVN with different characteristics, we design a resource
slicing architecture by establishing two slices accordingly to jointly support the HD map
distribution application and formulate the resource management problem as a sequential
decision-making problem. To solve the problem, we propose a two-layer resource slicing
approach, which is a data-model co-driven approach, to find the optimal resource reservation
and slicing window length decisions with low complexity. Specifically, considering the
time-varying available resources and dynamic service demand, we design a reinforcement
learning-based algorithm to decide the communication resources reserved in each network
slice in each access point and the slicing window length to find the long-term optimal
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performance. Then, according to the reserved communication resources in each slice, a
swap-based matching algorithm is derived to determine the optimal multicast and caching
decisions in each slicing window. To address the second issue, we study reservation-stage
resource management across multiple cells in STIVN to coordinate satellite and terrestrial
networks. The cell has the same coverage of satellite beams, and the controller for each
cell establishes network slices for each application and manages resources. Considering the
distinct and time-varying coverage of satellite and terrestrial networks, it is difficult to
achieve the global optimum, where each cell has different available resources, and resources
from each satellite can be shared across different cells. To reserve resources for each
slice, we formulate a resource slicing problem with cross-cell coordination in STIVN to
minimize the overall cost related to resource usage and delay performance and propose a
distributed resource slicing scheme for flexible resource management to solve the problem.
To alleviate the competition of resources among different cells, an asynchronous multi-agent
proximal policy optimization-based algorithm is presented to select satellites serving each
cell in each slicing window, and then a distributed optimization algorithm is employed
to determine the resource reservation decisions for each slice. To address the third issue,
we investigate operation-stage resource management in STIVN by adaptively scheduling
resources in real-time to cope with dynamic network environments. Specifically, we focus on
the infrastructure-assisted environment sensing application where CAVs in the terrestrial
cell require fresh environment data from satellites and roadside units (RSUs) to increase
the trust level of the observation. To support satellite- and RSU-assisted environment
sensing, we formulate a long-term resource scheduling problem in STIVN to satisfy sensing
data freshness and reliability requirements with efficient resource usage. We propose a
cooperative satellite-terrestrial resource scheduling scheme that jointly optimizes the sensing
interval and resource allocation in STIVN. Leveraging the multicast capabilities of satellites
to simultaneously serve multiple CAVs in a group, CAV partitioning and sensing interval
determination methods are designed to minimize the cost of computing and communication
resources. Based on the CAV grouping and sensing interval, we then develop a reinforcement
learning-based algorithm to make real-time decisions on computing and communication
resource allocation for different CAV groups to cope with highly dynamic environments.
In summary, the proposed slicing-based resource management scheme can support V2X
applications with reliable, flexible, and ubiquitous service provisioning and provide useful
guidelines for network resource management in future vehicular transportation systems.
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Chapter 1

Introduction

Connected and Autonomous Vehicles (CAVs) are playing an increasingly vital role in
enhancing road safety, improving transportation efficiency, and elevating the experience
of passengers, which enables vehicles to interact with environments through vehicular
networks [1]. To empower vehicle-to-everything (V2X) applications, especially in the future
driverless era, reliable network accessibility and improved quality of service (QoS) are
essential. However, the limitations of current terrestrial vehicular networks, particularly
in terms of coverage, pose great issues in ensuring service continuity. Satellite-terrestrial
integrated vehicular networks (STIVN), which integrate terrestrial networks with satellite
networks, provide a promising solution for ubiquitous network coverage with boosted network
capacity and flexible resource provisioning. In this case, efficient resource management in
STIVN is crucial to support diversified V2X services but also poses a range of challenges in
handling highly dynamic environments and differentiated service requirements. To address
the challenges, a resource slicing architecture in STIVN is envisioned to enable flexible
and adaptive resource management while satisfying different QoS requirements. In this
chapter, we first provide an overview of vehicular networks. Then, we elaborate on the
characteristics of STIVN and introduce the potential of slicing-based resource management.
Finally, we present the three key research problems investigated in this thesis.

1.1 Overview of Vehicular Networks

As the number and density of vehicles increase on the road, three major issues occur, namely
safety, congestion, and environment. For the safety issue, according to the statistics from
the US National Highway Traffic Safety Administration (NHTSA), 94% of traffic accidents
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are caused by human mistaken operation [2] and the number of road traffic deaths on the
roads reaches 1.19 million a year [3]. In addition, the traffic congestion problem, especially
during rush hours, can significantly extend the commute time, where there are about 51
hours of congestion per year. The low transportation efficiency also causes an environmental
problem with lots of carbon dioxide emissions. For example, the wasted fuel and increasing
vehicle emissions decrease the air quality.

Benefiting from advances in artificial intelligence (Al) and high-performance computing,
autonomous vehicles have gained increased attention due to their ability to make decisions
without human intervention with onboard computational devices and sensors, offering
faster responses to emergent events and preventing accidents caused by human errors for a
safer and more efficient driving [1]. However, relying solely on single-vehicle intelligence
without proper communication means that the vehicle can only obtain limited information
through its onboard sensors. This limitation leads to decision-making that often reaches
only local optima, ignoring the needs of the broader transportation system, and making it
challenging to achieve coordinated driving among multiple vehicles. Moreover, in certain
extreme situations such as heavy snow or fog, the onboard sensors of an autonomous vehicle
may struggle to accurately perceive the surrounding environment, compromising safety and
reliability.

To address these limitations, enabling vehicles to communicate and form a network on
the road, known as vehicular networks, is a potential solution to allow vehicles being able
to communicate by leveraging vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), or
vehicle-to-network (V2N) communication, collectively called vehicle-to-everything (V2X)
communications. In this case, connected autonomous vehicles (CAVs) are introduced,
which allow autonomous vehicles to exchange information or receive content in real-time
using intelligent onboard communication devices in the vehicular networks. This capability
not only supports safer and more efficient driving but also enhances coordination among
vehicles, optimizing the entire transportation system rather than just individual vehicles.
The technique of CAVs enables interaction with environments to improve road safety,
transportation efficiency, and the driving experience with fewer environmental impacts [1,5],
as well as provide more accurate and reliable information for traffic signal control [0, 7].
As network-attached vehicles, CAVs can leverage V2X communications to support a wide
range of applications, known as V2X applications, allowing for a more comfortable and
efficient travel experience for all road users, as shown in Fig. 1.1. Through such vehicle
interactions, CAVs help improve both individual autonomous vehicle decision-making and
the overall transportation system’s performance, especially in challenging conditions where
sensor capabilities are limited. Here, we present some typical V2X applications [3]:
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Figure 1.1: An overview of V2X applications in vehicular communication networks.

1. Autonomous driving information - CAVs can share driving intentions and
operations, known as autonomous driving signaling information, with other traffic
participants potentially involved in the cooperative maneuver, based on self-sensing
and received traffic information, shown as Case 1 in Fig. 1.1. By exchanging data
with other vehicles or infrastructures, a cooperative operation can be realized for lane
changing or platooning to optimize the trajectory, which can enhance transportation
efficiency with less congestion. Moreover, for some emergent situations such as the
CAV needing to brake suddenly, the CAV can receive or send the emergent information
for safety.

2. Road safety information - Road safety information is of the utmost importance for
connected vehicles to ensure driving safety. To reduce the frequency and severity of
vehicle collisions, vehicles need real-time surrounding safety information, such as the
collision of other vehicles or some road hazard warning. With V2X communications,
the vehicle can deliver alarm information when necessary, perform accident forewarning,
and make proper maneuver decisions, shown as Case 2 in Fig. 1.1.

3. Traffic efficiency information - To facilitate traffic management and transportation
efficiency, traffic efficiency data, such as vehicles’ locations and congestion status, are
essential for CAVs to plan the trajectory and avoid collisions. Generally, onboard



sensors on vehicles, including cameras, radar, and LiDAR sensors, can provide
surrounding environment information. Sensors deployed on the infrastructures can
provide enhanced environment information regarding dynamic traffic on the road to
increase the viewing range of each CAV, shown as Case 3 in Fig. 1.1. In this case, the
traffic efficiency data frequently transmitted to CAVs can increase their driving trust
level and enable a smooth and prescient driving experience. For example, trajectory
planning and real-time navigation for vehicles can be automatically updated according
to the received traffic condition information to avoid congestion areas and enhance
traffic efficiency.

4. Infotainment content - As a key feature of CAV, infotainment content, such as
multimedia content, high-definition (HD) maps, and some location-based content, can
be obtained by downloading from the infrastructure to better support autonomous
driving and provide a comfortable and convenient travel experience for passengers. To
enhance localization and provide better navigation, HD maps are essential for CAVs
with their high-accuracy and detailed road models to represent static or semi-dynamic
objects [7]. Moreover, in some parking lots or tolls, the location-based information
exchanges between CAVs and infrastructures can simplify the parking or paying
process to enhance convenience, with short-range communication. In addition, video
streaming, music, games, or augmented reality (AR) applications can be delivered and
shared to provide informative or entertaining services [9]. For instance, passengers
may request some location-based content during their traveling to obtain updated
restaurant or sight information with some audio or video content, shown as Case 4
in Fig. 1.1.

Service requirements of different applications are diversified in terms of content size,
delay, and reliability [3, 10-12], as summarized in Table 1.1. The definitions of network
requirements are given as follows:

o Content size: The size of the data needs to be transmitted each time.

e Delay: Time from the occurrence of the event in a scenario application zone to the
completion of content delivery, including communication and processing time, which
refers to the end-to-end delay [3, 13].

e Reliability: The probability that information or content is corrected received within a
specified delay or freshness requirement [13].



Table 1.1: V2X applications, use cases, and service requirements

Application Content Delay Reliability
Categories Use Case Examples Size Requirement Requirement
Cooperative
Autonomous maneuvers: lane Small < 20 ms 99.9%
Driving Signaling changing, platooning
Emergent situations Small < 10 ms 99.9999%
Collision warning Small < 20 ms 99.9 %
Road Safety Road hazard warning;:
Information signal violation, Small < 100 ms 99.9 %
roadwork warning
. Infrastructure-
TraﬁicDEagmency assisted environment Variable < 100 ms 99 %
perception
Automzlmtlc parking, Variable < 500 ms 99 %
electronic toll collect
Delay-sensitive
. applications: live Variable < 150 ms 90 %
Infotainment . .
video streaming
Content
Delay-tolerant
applications: HD map .
. . Variable Best effort Best effort
distribution, vehicle
software updating

For autonomous driving signaling and collision warning information, the delay require-
ment should be stringent since the cooperation among nearby CAVs is a real-time action,
which needs a fast reaction for safety considerations. Moreover, for some V2X applications,
the delay and reliability requirements are coupled for the safety-critical applications. For
instance, when the average delay is smaller than the delay requirement, there are still parts
of delays of the service exceeding the delay requirement, which may affect the real-time
decision and introduce some safety issues. In this case, the reliability requirement is im-
portant to ensure the safety level by controlling the upper bound of the delay distribution.
Therefore, the joint delay and reliability requirement can ensure the effectiveness of V2X
applications to improve driving safety and experience.

In summary, CAVs can improve road safety and provide better travel experiences by
exchanging information with the help of vehicular networks to support multifarious V2X
applications. Meanwhile, different types of service requirements from diversified V2X
applications should be satisfied to fully take the benefits of vehicular networks for the



transportation system.

1.2 Overview of STIVN

Generally, each V2X application needs to consume different kinds of resources to satisfy
the network requirements. For example, for autonomous driving information delivery,
communication resources are needed in transmitting content in small sizes with ultra-low
delay and high reliability, especially in emergent situations. For road safety information,
the network requirement is similar to autonomous driving control information but with a
loose delay requirement for some road hazard warnings. The traffic efficiency information
can provide the environment information for CAVs, which requires low delay and high
reliability for the up-to-date data, where communication and computing resources need to be
jointly used for data processing and transmission. Moreover, different infotainment contents
may have different delay and reliability requirements. For delay-sensitive infotainment
applications, such as live video streaming, the low delay and high reliability can guarantee
smoothness; while for delay-tolerant applications, such as content downloading, HD map
distribution, or software updating, delay with the best effort is acceptable. For some
scenarios, data processing may be required with computing resources, such as the transcoding
of multimedia streaming. Moreover, popular content can be cached at the mobile edge
to reduce the backhaul transmission delay. Therefore, the combination of communication,
computing, and caching (3C) resources needs to be jointly considered for multifarious V2X
applications. In this case, effectively managing multi-dimensional resources in vehicular
networks is essential to support V2X applications with the information processing and
exchange between vehicles and infrastructures. In addition, to guarantee the service
continuity of V2X applications, seamless vehicular networks are essential, where STIVN is
considered to expand the network coverage by integrating satellite and terrestrial networks
for ubiquitous network connection.

In this section, we will first introduce the network architecture of the current terrestrial
vehicular networks and their challenges in supporting V2X applications. To cope with
limited coverage and intermittent network service in terrestrial vehicular networks, we then
present satellite networks as a complement to terrestrial vehicular networks and introduce
their advantages. Being able to access both terrestrial and satellite vehicular networks, the
benefits from STIVN are then presented for supporting V2X applications.



1.2.1 Terrestrial Vehicular Networks

To support multiple V2X applications and satisfy different service requirements, terrestrial
vehicular networks, as the main provider for wireless networks in most scenarios, as
shown in Fig. 1.1, can support a high transmission rate and low latency service for V2X
applications. By deploying onboard units (OBUs), V2V communications can be realized
among CAVs within a small communication range to satisfy the high-speed and high-
efficiency requirements. The safety-critical information exchange can be supported by V2V
links with a low delay. However, when heavy data needs to be transmitted, the limited
transmission power of vehicles may constrain the data rate resulting in an unsatisfactory
delay. The new standard of NR-V2X for the link between roadside units (RSUs) or base
stations (BSs) and vehicles can support V2X applications to improve transmission reliability
and reduce delay with a high transmission data rate [11,15]. For example, infotainment
content can be delivered from RSUs or BSs within their coverage area. Moreover, since some
V2X applications, such as environment sensing and video streaming, require a tremendous
quantity of computing demand for data processing before transmitting the data to CAVs,
traditional cloud-based computing introduces a large delay on the backhaul link. By
deploying mobile edge computing (MEC) servers on network components in terrestrial
vehicular networks, RSUs or BSs have powerful computing capabilities and massive caching
storage to enhance network operations and support more applications with satisfied service
requirements in vehicular networks. To summarize, with the dense deployment of network
components, V2X applications can be supported by terrestrial vehicular networks, where
CAVs can reach a high transmission data rate and low delay with V2X communications,
and leverage computing capability for processing data on MEC servers and edge caching to
reduce backhaul transmission delay.

The terrestrial vehicular networks still have some limitations in the content delivery
of V2X applications. First, in scenarios such as highways, rural areas, or remote areas,
the deployment of terrestrial RSUs or BSs may be limited due to the high deployment,
maintenance cost, or some geographical constraints. Therefore, the terrestrial vehicular
network cannot provide ubiquitous network service for CAVs, resulting in intermittent
network connections. Without network connections, some of the V2X applications, such as
traffic efficiency information and infotainment content, cannot be continuously delivered to
CAVs, which will significantly degrade the transportation efficiency and user experience.
Second, considering the uneven service demand, including the temporal dynamic traffic in a
rush and spare time, and the spatial dynamic traffic in urban and rural areas, fixed network
entities in terrestrial vehicular networks are not efficient for resource provisioning. Therefore,
relying solely on terrestrial networks can hardly guarantee ubiquitous and reliable network



connectivity for CAVs, as well as efficiently managing resources in dynamic environments.

1.2.2 LEO Satellite-Assisted Vehicular Networks

To enlarge the network coverage and continuity of terrestrial networks, satellite networks,
as indispensable components of 6G networks [1(], are able to assist terrestrial vehicular
networks to support CAVs with seamless and ubiquitous network connections, especially
in rural or remote areas. Satellite networks are composed of satellites in different orbits,
including geostationary-earth-orbit (GEO), medium-earth-orbit (MEO), and low-earth-orbit
(LEO) satellites [17]. Although GEO and MEO satellites can provide large network coverage
with a low relative velocity between satellites and CAVs, the high altitude will introduce a
large propagation delay that exceeds the service requirements of most time-sensitive V2X
applications.

In order to satisfy the low delay requirements, LEO satellite communications are
deemed as promising solutions to support V2X applications with a low propagation delay.
Specifically, LEO satellites can be considered in a regenerative mode as a 5G gNB to
provide network access for CAV, which can support high-bandwidth V2N connectivity in a
high-frequency band. Benefiting from global and dense deployment in different altitudes,
LEO satellite networks have the capability to provide worldwide seamless coverage anytime
anywhere. Moreover, since the LEO satellites operate less independently from terrestrial
infrastructure, they are less vulnerable to natural disasters and can provide ultra-reliable
and robust network connections for CAVs. Similar to terrestrial network components, by
deploying edge servers, LEO satellites can support computing and caching to enhance
network operations. In this case, LEO satellites have attracted substantial attention from
academia [18] and industry [19-21] from the global network availability and flexible resource
provisioning.

However, due to the constrained power and high-cost MEC servers on LEO satellites,
each satellite can only provide limited processing capability and caching resources for users.
In addition, although the propagation delay of LEO satellites is much smaller than that
of satellites in higher orbits, it still can not be neglected for long-distance transmission
compared with terrestrial wireless transmission. Moreover, due to the high speed of
LEO satellites, which can be 7.56 km/s, the coverage area of satellites changes over time,
resulting in a highly dynamic satellite network topology. In this case, solely leveraging
satellite networks cannot effectively and efficiently support the huge service demand of V2X
applications, and complementing satellite networks to terrestrial vehicular networks is a
potential solution.
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Figure 1.2: Satellite-terrestrial integrated vehicular network architecture.

1.2.3 Satellite-Terrestrial Integrated Vehicular Networks

With the assistance of satellite networks, STIVN can provide seamless, flexible, and cost-
effective network services [22, 23], by leveraging distinct characteristics and exploiting
complementary advantages from LEO satellite and terrestrial networks. Generally, LEO
satellites have two different scenarios for the coverage on the terrestrial area, namely
Earth-moving cell and Earth-fixed cell scenarios [24]. In the Earth-moving cell scenario,
LEO satellites have fixed beam directions, where the beam footprint on the ground moves
constantly, while in the Earth-fixed cell scenario, LEO satellites have steerable beams so
that the beam footprint of each satellite points to a fixed cell on the ground when the cell

is in its coverage.



In this thesis, we consider an Earth-fixed cell scenario, where the covered area for each
satellite changes less frequently, which can thus improve the stability of satellite network
service. For the STIVN, the terrestrial network consists of multiple cells, with the area of
each cell being equal to the coverage area of a satellite beam. Each terrestrial cell has a
central controller to cooperatively manage terrestrial and satellite networks serving this
cell. The connection between RSUs or RSUs and the central controller is maintained by
a fiber-based wired link, while a ground station co-located with the central controller is
responsible for sending or receiving signals or contents via satellite feeder links. The detailed
STIVN architecture is shown in Fig. 1.2, where CAVs are able to access and exchange data
from both BSs or RSUs and LEO satellites under their coverage through wireless links,
with single connectivity or dual connectivity for enhanced reliability [25,20]. In addition,
when some required contents are not cached in LEO satellites or BSs/RSUs, CAVs will
fetch the content from the content server.

The main benefits of STIVN in supporting V2X applications are provided in the following
aspects:

o Ubiquitous and seamless network service: With the dense deployment, LEO satellites
can complement terrestrial vehicular networks to provide ubiquitous network services
for CAVs. For example, LEO satellites are densely deployed or planned to be launched
in different altitudes with different orbit inclination angles for global network services.
Therefore, multifarious V2X applications can be empowered anywhere at any time in
STIVN.

e Flexible resource provisioning: With the assistance of LEO satellites, the STIVN can
provide more resources for V2X applications with more flexible resource management.
For example, to transmit delay-sensitive information, such as safety messages, V2R
communications in terrestrial networks can guarantee the stringent delay requirement
in a small transmission distance. At the same time, applications that are not sensitive
to delays, such as video or audio-based infotainment content, can be served by
both terrestrial and satellite networks by flexibly scheduling resources from different
networks. In addition, for some high-demand areas, data can also be offloaded to
LEO satellites for computation to reduce the network burden of terrestrial networks.

e Distinct transmission features: In STIVN, both LEO satellites and terrestrial RSUs/BSs
can communicate with CAVs within their coverage. Most of the content can be unicast
through terrestrial network components to CAVs with a high transmission data rate
and low delay. By exploiting different transmission features from satellite networks,
satellite communications can effectively support vehicular networks. For example,
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considering the mobility of CAVs, due to the wide coverage of LEO satellites, content
with large data size can be delivered through LEO satellites to save terrestrial network
resources and experience fewer handovers. In addition, considering the top-down
nature of vehicle-to-satellite (V2S) communication, LEO satellites can serve multiple
CAVs simultaneously by multicasting or broadcasting the content, which can reduce
repeated transmission and consume less communication resources to accommodate
more service demand. With the caching capacity, popular contents can be cached in
LEO satellites to reduce the backhaul transmission delay and save caching resources
in terrestrial networks.

1.3 Slicing-Based Resource Management in STIVIN

To support V2X applications with diversified service requirements and ever-increasing service
demands with multiple combinations of resources, efficiently managing resources in STIVN is
crucial. However, traditional one-fits-all resource management schemes struggle to guarantee
the network requirements of different V2X applications, potentially degrading transportation
efficiency and safety levels. To address this issue, a service-oriented resource orchestration
framework, namely slicing-based resource management, holds great potential for supporting
various V2X applications. As an innovation in service-oriented resource management
techniques for the 5G era, resource slicing will continue to play a pivotal role in meeting
the requirements of diversified services through efficient resource provisioning [27, 28].

Specifically, resource slicing enables the establishment of multiple virtual networks,
known as network slices, on the same physical network infrastructures. Different slices
can support different applications with diverse requirements by isolating services and
partitioning resources, which allows for service differentiation and guarantees service level
agreements (SLA) for individual applications. Moreover, considering the dynamic service
demands of different applications, resource slicing can dynamically adjust the resources
targeting various applications. In contrast, traditional resource management approaches
can only provide a fixed set of resources to all applications, lacking the flexibility to manage
resources efficiently in the face of varying demands.

Different from resource slicing in 5G targeting fixed network infrastructures, resource
slicing in STIVN needs the construction of network slices upon satellites with high mobility
and RSUs or BSs in terrestrial networks while satisfying diverse SLA for different services
in different areas. In this section, we will first provide an overview of resource slicing
architecture in STIVN and then illustrate the slicing-based resource management.
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Figure 1.3: Hlustration of resource slicing architecture in STIVN.

1.3.1 Overview of Resource Slicing Architecture

The illustration of resource slicing architecture in STIVN is given in Fig. 1.3, where both
resources from terrestrial and satellite networks can be partitioned for different slices.
A controller in the terrestrial cell is responsible for managing slices in different network
components, i.e., satellites, RSUs, BSs, etc., to accommodate the service demands of
different V2X applications. By adopting resource slicing, STIVN can support different
V2X applications with diversified requirements by service isolation. Moreover, in STIVN,
considering the predictable trajectory of LEO satellites, resource slicing can be used to
further adapt to dynamic service demands by flexible satellite resource provisioning. For
example, as shown in the figure, there are three different slices and each slice supports one
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Figure 1.4: Slicing-based two-stage resource management scheme in STIVN.

service with specified service requirements. The three slices are built on the same physical
network, but multi-dimensional resources in each slice can be managed and controlled
separately and independently. Considering the high service demand for infotainment
distribution in the following duration, in this case, only one slice can be built on the LEO
satellite so that all resources can be used for serving one application.

With the assistance of resource slicing, a slicing-based two-stage resource management
scheme for STIVN can be developed, including the reservation stage in the long term (e.g.,
minutes to several hours) and the operation stage in real-time (e.g., several milliseconds)
[29, 30], as shown in Fig. 1.4. The two-stage design can effectively reduce resource
management complexity by first reserving resources for each slice in the controller and then
allocating resources for individual CAVs from the slice.

Specifically, a central controller located at the terrestrial networks is responsible for
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constructing network slices and making decisions for both terrestrial RSUs and LEO
satellites with global information in the reservation stage. By collecting information on
available resources from RSUs and LEO satellites, a virtual resource pool, constituted by
resources from each physical network component in STIVN, i.e., RSUs and LEO satellites,
can be established at the central controller. With the predicted aggregated service demand
of each V2X application, the central controller can then reserve multi-dimensional resources
in each slice according to the available resources at each network component to satisfy
different service requirements. Generally, the slicing decisions for the resource reservation
should be adjusted from time to time to guarantee high performance of resource reservation
decisions, which is referred to as a slicing window, related to the available resources and
the variation of service demand.

Given the reserved resources in each network slice at each network component, the
local controllers at LEO satellites and RSUs are responsible, during the operation stage,
for allocating these reserved resources to each CAV in real-time to cope with the dynamic
network environment. This allocation aims to meet the QoS requirements of different
applications, ensuring that each vehicle is allocated the appropriate 3C resources based on
its specific needs. The scheduling policy is highly task-dependent, as different tasks may have
distinct QoS requirements. For instance, safety-critical applications demand ultra-reliable,
low-latency communication, whereas infotainment services may prioritize high throughput.
Therefore, the resource allocation strategy should be designed to accommodate such diverse
V2X requirements with efficient resource consumption for guaranteeing QoS requirements
by dynamically adjusting resource allocation according to the current network conditions
and CAV demands. Moreover, the local controllers also gather information on the status of
each network slice and CAV to analyze service satisfaction and monitor resource utilization
for possible network slice adjustments. With the slicing-based resource management scheme
for STIVN, flexible network configuration, customized service requirements, and isolated
resource partition for different V2X applications can be realized by jointly managing
resources from LEO satellites and RSUs.

1.3.2 Slicing-Based Resource Management Procedure in STIVN

The detailed procedure of the proposed slicing-based two-stage resource management scheme
for STIVN is shown in Fig. 1.5. In order to satisfy diversified service requirements for V2X
applications in STIVN in the reservation stage, which is a long-term decision-making stage,
resources are served for different network slices corresponding to different V2X applications
by the central controller in a large timescale based on a time-varying virtualized resource
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pool, which includes the resources from LEO satellites and RSUs, and the mobility and
traffic prediction. The detailed procedure of the reservation stage is shown as follows:

e Mobility and traffic prediction: In the central controller, by collecting the mobility
information, service demand, and historical requirements from CAVs, the CAV
mobility and service demand can be predicted through model-based, Al-based, or
hybrid algorithms.

o Virtualized resource pool: Due to the mobility of LEO satellites in STIVN, a constantly
changing network topology results in dynamically available resources. Resource
virtualization can be adopted to abstract virtualized resources from the physical
resources in BSs, RSUs, and LEO satellites. A collection of time-varying virtualized
resources, instead of specific physical resources, can be reserved in each slice to serve
different V2X applications to facilitate the management of network slices.

o Network slice management: Based on the long-term prediction of CAV mobility and
service demands, the established virtualized resource pool, and the information on
slice resource utilization from BSs, RSUs, and LEO satellites, the central controller
can manage network slices by reserving and adjusting virtual resources for each slice
in each slicing window. The reserved virtual resources of each slice can then map to
the physical resources in each RSU and LEO satellite and be reserved for each V2X
application for resource allocation in the operation stage.

Therefore, the reservation stage focuses on long-term resource planning for multiple V2X
applications based on the network demand prediction and different service requirements
of each application. In order to satisfy the delay and reliability requirement of different
V2X applications, the resource reservation scheme needs to be investigated for reserving
resources in each slice, which should avoid the over-provision or under-provision to achieve
efficient resource utilization in STTVN.

Furthermore, in order to guarantee the service requirement for each CAV, RSUs, and
LEO satellites need to allocate resources reserved in each slice to adapt to a highly dynamic
network environment in the operation stage, which is a short-term decision-making stage.
The resource allocation decisions for each CAV will be specified at each local controller at
BSs, RSUs, and satellites according to the reserved resources in each slice and the service
demand of each CAV. The detailed procedure of the operation stage is shown as follows:

o Session creation: When the CAV aims to contact RSUs, BSs, or LEO satellites
for information uploading or downloading, a session is created to start the data
transmission for V2X applications.
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Figure 1.5: Slicing-based resource management procedure in STIVN.

o CAV information collection: When the session is created, the central controller, as
well as RSUs, BSs, and satellites collect diverse information, including mobility of the
CAV, service demand, the corresponding service requirement, and channel condition
for the resource management and access management decision.

o Access and mobility management: When the central controller receives the information
of the CAV, it can make the decision of access selection based on the service requirement
and CAV information, and note the location and mobility of the CAV. The access
selection result will be used for further resource allocation for different applications.

e Resource allocation decision making: Based on the access selection result, service
information, CAV information, and real-time network status, including LEO satellite
mobility and available resources in each slice, RSUs, BSs, and satellites can make
the real-time decision of resource allocation for CAVs. By receiving the feedback or
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latest CAV states, such as the QoS performance, channel conditions, etc., the central
controller can further optimize the access selection, and RSUs or LEO satellites
can adjust the real-time resource allocation to reach a better user-level network
performance.

o Available resources update: Based on the resource reservation strategy from the central
controller, the available resources will be updated for different slices for resource
allocation in the operation stage.

To summarize, the operation stage mainly focuses on real-time resource allocation
for each CAV given the reserved resources in each slice. In order to satisfy the delay
and reliability requirement for individual CAVs, a proper resource management scheme
is necessary to adapt to the highly dynamic network environment, such as CAV mobility,
varying service demand, as well as the movement or trajectory of LEO satellites, aiming to
satisfy service requirements with efficient resource utilization.

1.4 Research Motivations and Contributions

Although the slicing-based resource management in STIVN provides possible solutions to
guarantee different V2X service requirements, enhance the flexibility for resource provision-
ing, and improve the adaptivity to dynamic service demand, the design of slicing-based
resource management solutions in STIVN still meets several challenges. In this section, we
first introduce the challenges of developing slicing-based resource management solutions in
STIVN. Then, we outline three research efforts to address the challenges.

1.4.1 Challenges of Slicing-Based Resource Management in STIVN

In STIVN, it is essential to investigate how to design slicing-based resource management
solutions to support the diversified service demands of V2X applications while satisfying
service requirements. However, there are still several challenges, given as follows:

¢ Different service requirements - In STIVN, the slicing-based resource manage-
ment should satisfy the service requirements of various V2X applications. Specifically,
different V2X applications have different service requirements, such as delay, through-
put, and reliability requirements as shown in Table 1.1. It is challenging to enable
customized network configurations for multiple services while meeting their distinct
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QoS requirements, as the configuration used for one service can impact those used
for others. For instance, 3C resources consumed for one service may interfere with
the available resources of other services, which increases the difficulties in resource
slicing. Additionally, different applications may have varying preferences for satellite
or terrestrial networks. For example, the HD map with high demand can be multicast
by satellites while signaling information for autonomous driving prefers the terrestrial
network with low delay. While the slicing-based resource management approach in
STIVN has the potential to address these issues by isolating and optimizing resources
for each application, efficiently managing these resources across such diverse service
requirements remains a significant challenge.

Complicated decision-making - The decision variables of resource management
in STIVN are highly coupled with each other. First, both satellite and terrestrial
networks in the STIVN have their specific features in terms of coverage, throughput,
propagation delay, etc. Specifically, both multicast and unicast transmissions can be
adopted in STIVN from different access points, which have different resource usage
to accommodate different service demands. In this case, the unprecedented hetero-
geneity in STIVN renders the traditional resource management schemes inadequate
where decisions from different networks may jointly affect the performance of serving
V2X applications. Second, the STIVN should provide communication, computing,
and caching resources for supported V2X applications, however, multi-dimensional
resources are coupled for applications as illustrated in Section 1.2, which jointly affect
network performances. Meanwhile, the cost of different resources in satellite and
terrestrial networks may be different resulting from different expenses of equipment or
band usage. Therefore, it is critical to efficiently customize the resource management
policy by considering multi-dimensional resources in heterogeneous networks.

Difficult optimal control - In STIVN, considering the mobility of satellites and
distinct coverage of satellite and terrestrial networks, it is difficult to implement a
globally centralized control for the global optimum resource management. Specifically,
satellite coverage spans multiple and different cells for resource management across
cells while the terrestrial infrastructures in each cell only serve vehicles within the
cell. In this case, implementing a globally centralized controller to derive the optimal
decisions will encounter formidable complexity since it requires extensive interactions
between different controllers and satellites. Besides, it is complex to achieve a global
consensus for each controller to manage resources from satellites and terrestrial
infrastructures serving the cell, which introduces resource sharing and competition
from different cells in one satellite. Therefore, it is essential to develop a slicing-based
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method tailored for the heterogeneity in STIVN with distinct control coverage of
different resources by leveraging resource virtualization.

Dynamic network environments - The highly dynamic network environments for
serving V2X applications, including the mobility of CAVs and satellites, spatiotemporal
fluctuations of service demand, and dynamic channel conditions, bring a two-fold
challenge. First, LEO satellites in the constellation move worldwide resulting in
varying availability and quality of service in different cells. Additionally, in an Earth-
fixed cell scenario, the coverage time of each satellite varies for a cell due to the
movement of LEO satellites in different orbits and the varying position of orbits
across the cell with Earth’s rotation. Meanwhile, the terrestrial network components
within each terrestrial cell may differ due to the variations in the deployment of
terrestrial infrastructure, resulting in distinct available resources across different cells.
Consequently, the available resources for different cells may be distinct and fluctuate
over time. Second, due to different connectivity patterns for different infrastructures,
such as distinct connection durations with satellites and RSUs, it is crucial to conduct
real-time resource management to guarantee seamless service provisioning. Third,
the reconfiguration of networks, such as the adjustment of resource reservation
decisions in each slice, is required to adapt to dynamic service demands, which
however yields additional costs of resource usage. In this case, the adaptive resource
management for balancing the network performance and re-configuration cost is
challenging. However, achieving optimal performance should take future network
states into account, leading to a sequential decision-making problem, where solving
such a problem with uncertainty and dynamic network environments is complicated.

1.4.2 Research Problems and Contributions

In this thesis, we investigate the slicing-based resource management in STIVN to tackle
the aforementioned challenges. The objective is to develop low-complexity, flexible, and
adaptive resource management schemes for STIVN to improve resource utilization while
satisfying diversified service requirements of V2X applications. Specifically, we focus on
the following three research problems in STIVN and contribute to designing resource
management solutions to improve service performance and resource utilization.

1. We first investigate the resource management in a single terrestrial cell for HD map

distribution in STIVN in the reservation stage to satisfy the service requirements
by jointly optimizing coupling decisions, where both LEO satellites and terrestrial
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BSs can deliver HD map files to CAVs. The goal is to configure network slices
from both terrestrial and satellite networks in a low complexity to minimize the
overall cost in terms of resource usage, delay, and slice reconfiguration cost while
maximizing the service demand that can be accommodated to meet the service
requirements. Taking the benefit of the satellite multicast and considering the different
features of multicast and unicast transmission in STIVN, we design a resource slicing
architecture in STIVN by establishing two subslices accordingly to jointly support the
HD map distribution application and formulate the resource management problem
as a sequential decision-making problem. Considering the interdependency of multi-
dimensional decisions, a two-layer resource slicing approach is developed, which is a
data-model co-driven approach, to find the optimal resource slicing decisions with
less complexity. Specifically, considering the time-varying available resources and
spatial-temporal dynamic service demand, we design a reinforcement learning-based
algorithm to decide the communication resources reserved in each network slice
in each access point and the slicing window length to find the long-term optimal
performance. Then, according to the reserved communication resources in each slice,
a swap-based matching algorithm is derived to determine the optimal multicast and
caching decisions in each slicing window. Simulation results demonstrate that the
proposed scheme in STIVN can effectively guarantee the service requirements with
efficient resource usage and lower delay performance.

. We then investigate the resource management across multiple terrestrial cells for
both delay-tolerant and delay-sensitive applications as two slices in STIVN in the
reservation stage. In the considered scenario, different cells have diversified service
demands, terrestrial BS deployments, and different connections with satellites. In
addition, with the large coverage of LEO satellites, resources from each satellite
can be shared across different terrestrial cells, introducing the concept of cross-cell
coordination of communication resources. The goal is to flexibly reserve resources
from different networks to support service demands in different terrestrial cells. To
reserve resources in STIVN for each slice, we formulate a resource slicing problem
with cross-cell coordination to minimize the overall cost related to resource usage
and delay performance and propose a distributed resource slicing scheme for flexible
resource management to solve the problem. To alleviate the competition of resources
among different cells, an asynchronous multi-agent proximal policy optimization
(AMAPPO)-based algorithm is presented to select satellites serving each cell in each
slicing window. Then, a distributed optimization algorithm is employed to determine
the resource reservation decisions for each slice. Extensive simulations demonstrate
that the proposed scheme can approach the optimal benchmark in terms of resource
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usage and delay performance with less training time.

3. Lastly, we investigate the resource management for infrastructure-assisted environment
sensing in one terrestrial cell in STIVN in the operation stage in highly dynamic
environments. In the considered scenario, LEO satellites and roadside units (RSUs)
cooperate to provide CAVs with fresh sensing data. To support satellite- and RSU-
assisted environment sensing for CAVs, we formulate a long-term resource scheduling
problem in STIVN to satisfy sensing data freshness requirements with efficient resource
usage. To deal with the challenges posed by the dynamic network environment as well
as stringent data freshness requirements, we propose a cooperative satellite-terrestrial
resource scheduling scheme to adaptively optimize the sensing interval and resource
allocation in STIVN. Leveraging the multicast feature of LEO satellites to serve a
group of CAVs simultaneously with less resource consumption, we design sensing
interval determination and CAV partitioning methods for reducing the computing
and communication resource cost and the resource allocation complexity. Based on
the CAV grouping and sensing interval, a reinforcement learning-based algorithm is
then developed for the real-time computing and communication resource allocation
decisions for different CAV groups to cope with time-varying network dynamics.
Simulation results demonstrate that the proposed scheme outperforms benchmark
methods in terms of resource usage and reliability performance.

By solving the three research problems, the designed low-complexity, flexible, and adaptive
resource management schemes for STIVN can achieve the thesis objective.

1.5 Thesis Outline

The remainder of the thesis is organized as follows: In Chapter 2, we present the literature
review of LEO satellite-assisted networks and the state-of-the-art resource management
technologies for STIVN. In Chapter 3, reservation-stage multi-dimensional resource man-
agement for a single terrestrial cell in STIVN is investigated, where a two-layer resource
slicing scheme is proposed to support HD map distribution with coupling decision vari-
ables to satisfy service requirements in low complexity. In Chapter 4, reservation-stage
resource management across multiple terrestrial cells in STIVN is investigated, where a
distributed resource slicing scheme is proposed for flexible resource management across
different cells in the reservation stage to support both delay-tolerant and delay-sensitive
applications. In Chapter 5, operation-stage resource management is investigated in STIVN,
where a cooperative satellite-terrestrial resource scheduling scheme is proposed to support
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infrastructure-assisted environment sensing by adaptively optimizing the sensing interval
and resource allocation in STIVN for minimizing resource consumption with satisfied service
requirements. Finally, we conclude the thesis and discuss future works in Chapter 6.
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Chapter 2

Literature Review

In this chapter, the background and related works of STIVN are presented. First, the
background, standards, and existing works on the performance analysis of LEO satellite
networks are surveyed. Then, different resource management schemes in the STIVN are
introduced, including both the reservation stage and operation stage in resource slicing.

2.1 LEO Satellite Networks

As global demand for reliable and widespread connectivity continues to rise, LEO satellite
networks have emerged as a critical solution to complement traditional terrestrial networks.
These networks offer the potential to overcome limitations such as coverage gaps and high
latency in remote areas. This section targets the significance of LEO satellite networks
by examining their background, the ongoing standardization efforts, and the performance
analysis that underscores their importance in the future of vehicular networks.

2.1.1 Background of LEO Satellite Networks

Satellite networks are composed of satellites in different heights of orbit, including GEO,
MEOQO, and LEO satellites. GEO and MEO satellites are deployed on orbits with high
altitudes, which can allow wide coverage with a single satellite and can avoid the relative
high-speed movement between a terrestrial user and the satellite. Specifically, GEO satellites
have an altitude of 35786 km, and MEOQO satellites have an altitude from 7000 up to 20000
km. Since the distance is large, the round-trip propagation delay between the user and
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the satellite may be over 100 ms [31], which is much larger than the requirement of 5G
networks and hard to support some delay-sensitive applications. On the other hand, LEO
satellites, with an altitude from 600 to 1500 km, much lower than GEO and MEO satellites,
can provide a low delay communication in which the round-trip propagation delay can
be less than 10 ms. Hence, LEO satellites are deemed as promising solutions for future
network architectures. LEO satellite networks can provide access to users in two modes,
namely transparent and regenerative modes. Specifically, for the transparent mode, the
satellite only provides connectivity between the users and the terrestrial BS (5G RAN),
which simply amplifies and retransmits the signals it receives from the ground without
altering or processing the data. For the regenerative mode, the satellite can perform as
a base station to provide radio access, which demodulates the received signal, processes
the data, and then re-modulates it before transmission. The main properties of the LEO
satellite networks are given as follows:

Spectrum: The LEO satellite communications operate mainly in C-band and Ka-
band [32]. C-band was the first frequency band allocated for commercial telecommunications
via satellites. With appropriate satellite beam layouts, handheld user equipment can be
served by LEO in the C-band with a small pathloss. Due to the spectrum scarcity, some
satellite operators are moving to the Ka-band, which offers much greater signal bandwidth
than the C-band but is much more sensitive to weather conditions. In addition, since the
Ka-band has a high frequency, smaller antenna sizes are allowed for users with multi-antenna
technology to obtain a large gain. On the other hand, the frequency band for the satellite
may coincide with some terrestrial networks’ frequency bands. Thus, interference between
satellite and terrestrial networks should be considered in future integrated networks.

Coverage: Following the 3GPP release 15, the diameter of a beam for a non-GEO
satellite is about 100 - 500 km, in which the footprint of the beams is typically elliptic
shape [21]. More specifically, some data from real LEO satellite systems are provided, such
as Starlink [20], Telesat [19], and OneWeb [21]. Both satellites in Starlink and Telesat
satellite systems have individually shapeable and steerable beams, versus OneWeb which
has only fixed beams with the variable diameter of the coverage area [33]. The coverage
diameter of a beam from different systems varies from 20 to 500 km. Generally, the coverage
of an LEO satellite is several times larger than the beam coverage since each satellite has
multiple beams for different adjacent areas.

Mobility and trajectory: Generally, the speed of LEO satellites is up to 7.56 km/s [21],
which may be slightly different according to different altitudes. For a beam diameter size of
50 km, the continuous service time for a user is less than 7 s, while for a diameter size of
500 km, the service time is about 65 s. In this case, the speed of the LEO satellites relative
to the users is large. Since each satellite operates in a fixed orbit, the trajectory of the
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satellites can always be predicted or given directly. However, due to the Earth’s rotation,
the satellites in one orbit cannot always cover a fixed area even if the deployment of the
satellite in such orbit is dense. Therefore, the service time from the satellites in one orbit
for one area is limited and the period for the orbit to re-traverse the area is about one day.

2.1.2 Standardization of LEO Satellite Networks

Currently, standards of satellite-terrestrial network integration have been developed to guide
the implementation of the satellite-terrestrial network. The 3rd Generation Partnership
Project (3GPP) has carried out substantial standardization work on satellite-terrestrial
network integration. Technical specification [34] and technical report [35] have been
developed to explore the scenarios and identify service requirements for a new architecture
where satellite networks act as an extension to terrestrial networks. In technical reports
[24,31], the new radio (NR) is studied to support non-terrestrial networks (NTN). The
architecture principles and channel model differences of satellite networks and terrestrial
cellular networks are considered and compared. In [36], the service application scenarios
are divided into three categories when integrating satellite access networks into 5G systems:
continuity, ubiquity, and scalability. The preceding 3GPP standards indicate that the
satellite network is an indispensable part of 5G and beyond communication systems to
provide ubiquitous access capability and ensure service quality.

Moreover, the European Telecommunications Standards Institute (ETSI) has proposed
some standards related to the integration of satellite and terrestrial networks. The definition
and classification of scenarios integrating satellite and terrestrial networks are presented
in [37]. The role of satellite networks in disaster management and resource requirements for
applications such as Earth observation, satellite navigation, and satellite communications are
identified [38]. In [39], the regulations that should be followed when introducing cognitive
radio (CR) technology in satellite communications are determined, and different scenarios
for using CR in the Ka-band are emphasized. The traffic distribution in wireless access
networks is considered and a typical scenario of satellite-terrestrial network integration is
studied, with satellite backhauling in rural areas [10]. The implementation of the cooperation
between satellite networks and femto base stations is refined in [11], where some backhaul
solutions using satellite-terrestrial networks are also provided. In addition, [12] proposes
the Satellite Independent Service Access Point (SI-SAP) and regulates the physical air
interfaces for broadband services in satellite-terrestrial networks.
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2.1.3 Performance Analysis on LEO Satellite Networks

To exploit the performance of LEO satellite networks, there exist some research works on
network modeling and analysis in various metrics.

The authors in [13], the outage probability is derived for a downlink LEO satellite
communication system where multiple LEO satellites are uniformly distributed over a
sphere following a homogeneous binomial point process (BPP). In addition, a system
throughput maximization problem is addressed using an iterative algorithm to obtain
near-optimal solutions. An analytic framework for the uplink coverage probability in hybrid
satellite-terrestrial networks is provided in [44], and the impact of the satellite constellation
size and the terrestrial base station density on the coverage of the uplink traffic is analyzed.
In [15], the meta distribution (MD) of signal-to-interference-and-noise ratio (SINR) for
the downlink integrated LEO satellite-terrestrial millimeter-wave decode-and-forward relay
network is investigated.

Taking the Earth’s rotation and satellite rotation into account, a non-stationary satellite
communication system is modeled in [16]. Considering the variations in the distance
between satellites and ground users, the instantaneous outage probability (OP) and channel
capacity are calculated, as well as the system throughput within finite communication
time. In [17], the outage probability is analyzed for an overlay satellite-terrestrial network
(OSTN), where an opportunistically selected terrestrial Internet-of-Things (IoT) network
assists the primary satellite communications in the presence of hybrid interference from
extra-terrestrial sources and terrestrial sources. In [18], network performance is analyzed in
different scenarios in STIVN with different satellite constellation settings and terrestrial
network deployments.

2.2 Slicing-Based Resource Management in STIVN

Effective resource management is crucial in STIVN due to the dynamic and heterogeneous
nature of these networks. As STIVN aims to provide seamless and reliable network services
for CAVs across diverse environments, efficiently managing resources becomes essential
to meet the varying service demands. This section explores the importance of resource
management within general satellite-terrestrial integrated networks (STIN), as well as
STIVN, focusing on strategies implemented during the operation stage and the reservation
stage.
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2.2.1 Operation-Stage Resource Management

In studying operation-stage resource management, there are a few research works focusing on
the challenges of distinct features in satellite and terrestrial networks. In this subsection, we
review the state of the arts in resource allocation in the operation stage in STIVN, including
user association, radio resource allocation, and multi-dimensional resource orchestration in
radio access networks (RAN).

User Association

As heterogeneous networks where the satellite and the terrestrial networks have different
properties in providing the services, the radio access mode selections are studied in a wide
range. The authors in [19] investigate the access mode selection (AMS) in STIVN to
support multifarious vehicular services with enhanced network flexibility and reliability.
A learning-based algorithm for an adaptive AMS scheme is proposed to support different
services in highly dynamic vehicular networks by exploiting the advantages of different
networks, such as low propagation delay for terrestrial networks and less handover for
satellite networks. In [50], a network access selection scheme is proposed for the high-speed
railway wireless system in STIN to guarantee network continuity for safety services, which
can effectively reduce the impact of service interruptions resulting from frequent handover.
A Q-learning algorithm is proposed to select the access mode for each service according to
the channel condition of each access node, the current bit error rate, and the end-to-end
latency.

Inevitably, the direct links between the satellite and users do not always have desirable
channel conditions or accessible links. Therefore, a relay selection in the STIVN has
been studied, where the satellites are part of the backhaul networks. Several studies are
focusing on improving the network capacity by leveraging satellites to provide a backhaul
connection. In [51], the authors study a data offloading problem in the STIN, where uplink
transmissions are considered for users to access the network via the macro BS, traditional
small cell BSs, or LEO-based terminals. The satellite is considered as a relay node to
provide a coverage extension and backhaul connectivity. In this case, it is impossible to
construct all fiber-equipped or stable wireless backhaul links for every small cell in the
STIN. The formulated optimization problem can maximize the sum rate of all users and the
number of accessed users in the terrestrial networks by selecting the user association and
resource allocation of multiple cells. Moreover, some studies focus on IoT networks, where
the designed scheme should be cost-efficient as well as support high data rates and low
delay. Based on deep actor-critic reinforcement learning, the network control and resource
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allocation for the STIN were jointly optimized in [52]. The authors propose a negotiation of
a collective bargaining policy with the spectrum provider from IoT networks to maximize
the long-term utility by selecting either terrestrial networks or satellite networks. An
auction-based relay node selection algorithm is proposed in [53] for IoT nodes in the STIN,
where the satellite networks have large coverage and can alleviate the spectrum scarcity
of terrestrial networks. Since some IoT nodes cannot be directly linked to the satellites,
the base stations can be regarded as relay nodes between the connection of IoT nodes and
the satellite and use the non-orthogonal multiple access (NOMA) scheme for cooperative
transmission. The objective is to maximize the sum transmission rate for all primary IoT
nodes by using VCG auction to choose the relay nodes among terrestrial base stations with
the constraint of the minimum requirement for the remaining IoT nodes.

Radio Resource Allocation

In the field of wireless communications, many studies are focusing on radio resource
management to improve the network performances for the STIN.

In [51], two service function chain (SFC) orchestration schemes are designed to maximize
service acceptance and ensure satellite load fairness. Specifically, a load-aware heuristic
algorithm and a hierarchical reinforcement learning approach are proposed based on Graph
Attention Networks (GAT) to improve service acceptance, satellite load fairness, and the
robustness of dynamic LEO satellite networks. In [55], the authors propose a cooperative
multigroup multicast transmission scheme in the STIN where the pre-grouping for users is
applied to different content, and the multicast is adopted for each group with the same
transmission signal. Multiple BS and one satellite provide multicast services in a cooperative
manner and each user is able to connect to the base station and the satellite simultaneously.
To cope with the challenges of intra-cell interference, inter-cell interference, and interference
from the satellite, the authors propose a beamforming vector adjustment of the terrestrial
base station and the satellite to maximize the minimum signal-to-interference and noise
ratio among all users. The authors in [50] propose a cooperative resource management
algorithm for IoT devices. The satellite and terrestrial networks support massive IoT
devices by sharing the same spectrum resource, which can effectively improve spectrum
efficiency. Considering the interference, an optimization problem is formulated to minimize
the total transmit power with the constraint of maximal outage probability by controlling
beamforming vectors. The authors in [57] propose a resource allocation scheme for NOMA-
based STIN. Specifically, the user can only connect to one access node, i.e. the BS or the
satellite, where BSs have limited resources, and cannot serve all users within its coverage.
To maximize the system capacity with minimal overall power consumption, joint user
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association, user pairing for NOMA, and beamforming vector are optimized.

An intelligent spectrum management framework for the STIN is proposed in [5%] based on
software-defined networking (SDN) and artificial intelligence (Al) to deal with the difficulties
in obtaining an accurate and timely perception of satellite communications. Specifically,
SDN transforms heterogeneous networks into integrated networks with interoperability for
two networks. Therefore, cooperative management for the STIN can be designed through a
centralized controller with Al-enabled environment prediction to configure the networks
for optimal resource allocation. A load- and mobility-aware cooperative content delivery
scheme is proposed in [59] for STIVN where the integrated networks can provide global
connectivity, enhanced flexibility, and reliability for vehicular networks. The vehicle can
connect to multiple nodes to receive the content with a multi-connectivity scheme. Given
the information on cached content, the authors jointly optimize the association, bandwidth
allocation, and content delivery strategy to minimize the overall transmission delay by
considering user fairness, load balancing, and vehicle mobility. The authors in [60] provide
a stochastic delay analysis to satisfy the delay requirement of the space traffic and guide
the network configuration in the STIN. In this work, the satellites can either serve in
a direct mode or a relay node for the indirect mode due to the intermittent connection.
The authors model a heterogeneous offloading process and build a series-parallel queuing
model with the consideration of the propagation delay. The upper bounds of the stochastic
delay can therefore be derived according to the geometric relationship between the arrivals
and leftover services. In [(1], a non-orthogonal multiple access-based age of information
minimization is investigated in STIN by selecting base station-terrestrial user pairs and
optimizing transmit power. By jointly considering mobility patterns and fluctuating loads
in STIVN, a time-varying resource graph is proposed in [62] to model dynamic resources
for better resource allocation. In [63], the authors introduced a cyber twin-assisted joint
mode selection and dynamic pricing scheme for efficient network management in ultra-dense
integrated satellite-terrestrial networks, where the cyber twin acts as an intelligent agent
aiding in mode selection decisions.

Multi-Dimensional Resource Orchestration

Some recent works study not only the management of radio resources but also the combina-
tion of communication, computing, and caching resources, which are called 3C resources.
By jointly considering the three types of resources in networks, the STIVN architecture can
provide more flexible resource allocations to enhance network performance by leveraging
different advantages in integrated networks.

Focusing on communication and caching resource management, aiming to reduce the
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content delivery delay in caching-enabled networks, caching node selection and the content
placement in both satellites and terrestrial network nodes are studied in [61-08], where
popular contents can be cached in different places, taking advantage of the large coverage
of satellites and high transmission data rate of terrestrial nodes, to reduce the backhaul
utilization, as well as enhance users’ quality of experience. Specifically, the authors in [64]
consider cache-enabled networks with one LEO satellite and several access points, which
can provide the traffic offloading from terrestrial networks to reduce network stress. Some
popular contents can be cached in the access points (APs) and LEO satellite in a coded
block-based format which can reduce the backhaul utilization. The objective is to maximize
energy efficiency by adjusting the cached block placement, power allocation for APs, and
whether the content is cached on the satellite. In [65], the authors consider the dynamics
of the satellites and user demands in the STIN, where the satellites only provide limited
service time for each user. To solve this problem, a learning-based joint cache placement
and content delivery algorithm is proposed to minimize the long-term overall transmission
delay by providing a long-term decision of cache placement and a short-term decision of user
association with either satellites or terrestrial base stations. In [60], the authors propose a
cooperative strategy between nodes for both downlink and uplink transmission in the STIN.
In order to decrease the transmission delay, the users can be selected as relays in the uplink
to ensure the quality of communications or the caching devices for downlink by caching
popular contents A joint cache placement and content delivery algorithm is proposed in [67].
Considering the cache-enabled centralized-RAN (C-RAN) architecture, the authors jointly
discover the impact of the cache placement, user clustering in a large timescale, and content
delivery by controlling the multicast beamforming in a short timescale and aim to minimize
the long-term power consumption by decoupling and solving the optimization problems.
The authors in [68] study the caching strategy in the STIN where the satellites can provide
spacious coverage, but also have dynamic propagation links and time-varying topology. To
solve this problem, a novel caching-assisted content distribution scheme is proposed in the
STIN to guarantee users’ quality of experience. In [(9], a data-model co-driven approach
is proposed for cooperatively scheduling communication and computing resources in both
terrestrial and satellite networks to satisfy stringent delay and reliability requirements of
vehicular services with efficient resource usage.

In addition, several studies aim to jointly manage 3C resource for better network
performance in STIVN. An SDN-defined STIN is proposed in [70] to jointly orchestrate
3C resources in integrated networks to maximize resource efficiency, leveraging the global
coverage, continuous services, and increased resources from the STIN. Considering the
network dynamic, heterogeneity, and complexity, it is hard for network controllers to
make resource allocation decisions through traditional optimization methods. Therefore,
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a deep Q-learning approach is proposed to solve the resource allocation problems in the
SDN-defined STIN. A cost-effective hybrid computation offloading paradigm in STIN is
proposed in [71], which aims to minimize total computation offloading costs while satisfying
diverse user latency requirements and adhering to satellite energy constraints, while a hybrid
proximal policy optimization-based algorithm to support task offloading in STIN for remote
[oT users is developed in [72] for minimizing offloading delay. The scheduling of tasks in
a space-air-ground integrated network is investigated in [73]. In the scenario considered,
tasks are collected and offloaded by UAVs, and tasks need to be processed by the UAV,
based station, or remote satellite using a deep reinforcement learning approach. In [74],
the authors explore Internet service provisioning in space-air-ground integrated networks
through dynamic network function mapping and scheduling. The authors in [75] consider
resource management with 3C resources to support IoT networks. Due to the difficulties
of meeting all industrial IoT requirements from terrestrial networks and leveraging the
different properties of the satellites and terrestrial base stations in coverage and transmission
rate, the STIN is considered for industrial IoT networks. The proposed algorithm aims
to minimize the total system delay while maximizing resource utilization by matching
IoT nodes to the proper base station or satellite for the 3C resource allocation. In [70],
the authors investigate the integrated 3C resource management, where the blockchain
technique and Nash bargaining game were adopted, considering the serving period of
the satellites, to improve the throughput of users while guaranteeing fairness and data
security. Furthermore, the authors propose a relay model in [77] for downlink transmission
considering the intermittent communication of satellites, which can improve the throughput
performance.

2.2.2 Reservation-Stage Resource Management

In this subsection, we will discuss the related work on reservation-stage resource manage-
ment in STIVN, particularly within the context of STIVN. Unlike terrestrial networks,
resource slicing in STIVN presents unique challenges due to the heterogeneous nature of the
network, which combines satellite and terrestrial components. This heterogeneity introduces
additional complexity in managing and reserving resources effectively. Many researchers
focus on developing resource slicing techniques tailored to the distinct characteristics of
STIVN, aiming to develop resource management frameworks and optimize the reservation
of resources.

Significant progress is emphasized in [75] for network slicing frameworks designed to
improve performance and resilience in satellite networks, including the definition, modeling,
orchestration, and deployment of multiple slices and infrastructures. To realize flexible,
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reliable, and scalable network resource management, an SDN-based framework for the
space-air-ground integrated networks is proposed in [79] where the framework explores Al-
based solutions to facilitate efficient resource slicing. Specifically, to ensure user satisfaction
with different services, resource slicing enables the coexistence of multiple slices using
independent virtual networks with a shared physical network infrastructure. In [30], a multi-
domain dynamic network slicing framework is proposed utilizing a multi-path, multi-hop
delay model specifically designed for delay-sensitive applications. Moreover, [31] introduces
a resilient slicing design that incorporates the planning and provisioning of redundant
resources to mitigate potential failures. In [32], the authors present a resource slicing
solution on enhanced Mobile Broadband (eMBB) services within STIVN by ensuring
different grades of QoS in dynamic scenarios, along with the queueing analysis to minimize
the latency for resource allocation by adjusting the network selection. The authors in [33]
study resource slicing in the STIVN by developing an online control framework to make
decisions on the request admission and scheduling, UAV dispatching, and resource slicing
for different services. Specifically, a dynamic slicing algorithm can allocate the resources
from different infrastructures for different slices with the online decision aiming to maximize
the time-averaged throughput with minimum UAV dispatching cost while stabilizing the
time-average queue. In [$1], the authors investigate a resource slicing problem to reserve
resources in satellites to achieve efficient resource provisioning. To address the challenges of
non-stationary service demands, inaccurate prediction, and satellite mobility, an adaptive
digital twin-assisted resource slicing scheme is proposed for robust and adaptive resource
management. Based on the two-stage resource management framework, a learning-based
network management method is proposed in [25]. With the characteristic of the STIVN,
where the available network resources and user demands are dynamic, the authors investigate
the joint resource slicing and scheduling algorithm to manage the spectrum resources in the
STIVN for supporting two different services to minimize the long-term overall system cost.
A hybrid data-model co-driven resource slicing mechanism has been proposed in [36] to
cope with spatiotemporal dynamics in service demands considering multiple beam-coverage
areas. The authors in [87] create low-delay, high-throughput, and wide-coverage slices
within space-air-ground integrated networks where both centralized and distributed multi-
agent deep deterministic policy gradient (DDPG)-based algorithms are developed to jointly
optimize service delay, throughput, and coverage area.
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Chapter 3

Reservation-Stage Multi-Dimensional
Resource Management

In this chapter, we investigate reservation-stage resource management in STIVN, in which
both communication and caching resources are managed in LEO satellites and terrestrial BS
to satisfy the service requirements of HD map distribution in vehicular networks. Leveraging
the heterogeneity of satellite and terrestrial networks, a novel resource slicing architecture
in STIVN is developed with the establishment of two slices for multicast and unicast
transmissions with different transmission requirements. To address the challenges posed
by spatiotemporal dynamics in service demands and time-varying satellite availability, we
formulate the resource slicing problem into a long-term optimization problem and propose
a two-layer resource slicing (TLRS) scheme for multi-dimensional resource management in
low complexity. Specifically, a hybrid data-model co-driven approach is developed, including
a swap-based matching algorithm to determine the multicast and caching decisions within
each slicing window in the inner layer, and a hybrid proximal policy optimization (HPPO)-
based reinforcement learning algorithm to adaptively adjust the slicing window length and
reserved communication resources in the outer layer. Simulation results demonstrate that
the proposed TLRS scheme in STIVN can effectively guarantee the service requirements
with efficient resource usage and lower delay performance.

3.1 Background and Motivations

With the rapid development of intelligent transportation systems, CAVs have been regarded
as important components to enhance transportation efficiency and safety by enabling
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Figure 3.1: Ilustration of STIVN scenario.

communication between vehicles and infrastructure [1,5]. This advancement necessitates
the development and implementation of HD maps, which provide detailed and precise
geographical information, including lane models, traffic signs, and road geometry, essential
for the accurate localization and enhanced navigation of CAVs [25]. However, the data
volume of HD maps is relatively large in comparison with traditional maps, which makes
it impractical to store the entire HD maps onboard [39]. In this case, the full potential
of HD maps can only be realized with robust network support to ensure real-time HD

map delivery, emphasizing the crucial role of vehicular networks to support network-reliant
services [8].

To support HD map distribution, while effective in urban areas, terrestrial vehicular
networks may fail to provide adequate coverage in remote or rural areas due to high
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deployment and maintenance costs, or some geographical constraints. LEO satellites,
thanks to their large communication coverage and dense deployment, show great potential
in assisting the existing terrestrial vehicular networks in providing ubiquitous connectivity
and seamless service provision, especially in remote areas. By cooperatively leveraging the
complementary advantages of satellite and terrestrial networks, STIVN, as shown in Fig.
3.1, enables CAVs to access necessary data anywhere at any time [16]. In addition, by
deploying edge servers along with both satellites and BSs, HD map files can be stored in the
edge server to reduce the transmission delay instead of fetching files from the content server.
In this case, to facilitate HD map distribution service, joint management of communication
and caching resources from both satellite and terrestrial networks are necessary in vehicular
networks.

In order to guarantee the service requirement of HD map distribution, resource slicing
will play a pivotal role in STIVN [90]. Unlike conventional one-fit-all resource management,
resource slicing enables the construction of multiple virtual networks, referred to as network
slices, on top of the shared physical network infrastructure to realize resource isolation for
satisfying different service requirements under dynamic service demand. Specifically, the
reservation stage is crucial for slicing-based resource management, which configures network
slices by reserving resources in each slice in a large timescale for different services, to avoid
resource competition among different slices. To maintain the effectiveness of slices, ensuring
that they can satisfy service requirements in dynamic network conditions with efficient
resource utilization, adaptive adjustments to slices at specific intervals are crucial, where
the adjustment intervals are referred to as slicing windows. On the other hand, within each
slicing window, infrastructures can further schedule the resources in real-time operation
stage to adapt to dynamic network environments. With resource slicing, the complexity of
overall resource management can be reduced by introducing two time-scale orchestrations,
i.e., reserving resources in each slice in infrastructures and scheduling resources to individual

CAVs.

In this work, we investigate resource slicing for HD map distribution in STIVN and focus
on the reservation stage to guarantee long-term service requirements. However, adaptive
multi-dimensional resource slicing in STIVN remains an open problem with the following
challenges. First, satellite networks have distinct characteristics compared to terrestrial
networks. Consequently, satellites and terrestrial networks can leverage their respective
advantages to provide different transmission modes for HD map distribution. Specifically,
the top-down transmission feature of LEO satellites can facilitate the distribution of popular
HD maps by adopting multicast transmission, which allows satellites to periodically serve
multiple CAVs simultaneously with similar channel conditions instead of the traditional
request-response mode. Considering the multicast interval time of the periodicity, the
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transmission delay should be more stringent compared with unicast transmission to satisfy
the service requirement. Meanwhile, the unicast transmission from satellites is still applicable
to individual CAVs. On the other hand, since channel conditions can vary significantly
among different CAVs within the coverage area of a BS, terrestrial networks provide unicast
transmission for HD map distribution. Therefore, considering the coupling relationships
between the caching resources and communication resources, jointly managing multi-
dimensional resources for multicast and unicast transmission from both satellite and
terrestrial networks is complex to efficiently reserve resources in each slice. Second, due to
the mobility of LEO satellites, the number and positions of satellites covering a given area
change over time, which results in the time-varying available resources in STIVN, posing a
challenge to conventional resource slicing methods designed for cases with fixed resources.
Third, the slicing window length should be adjusted to adapt to both the temporal dynamics
of service demand and time-varying available resources in STIVN. Generally, a large slicing
window may incur low resource utilization, especially with some burst traffic. For example,
the resources should be reserved to accommodate the service demand with the highest traffic
within the slicing window to satisfy service requirements, where the resources may therefore
be wasted most of the other time. On the other hand, a short slicing window means that
the resource reservation can adapt to a dynamic environment more precisely, with high
slicing reconfiguration costs. With the LEO satellites, leveraging dynamically available
resources has the potential to accommodate dynamic traffic with a lower reconfiguration
cost and high resource utilization. However, the resource reservation and slicing window
length mutually affect resource slicing in STIVN, resulting in complex decision-making.

To solve the above-mentioned challenges, we propose a multi-dimensional resource
slicing scheme for STIVN in low complexity to satisfy the service requirements of HD map
distribution. Our objective is to reserve resources from both terrestrial and satellite networks
to minimize the overall cost related to resource usage and delay while maximizing the
service demand that can be accommodated to meet the service requirements. Considering
the different features of multicast and unicast transmission, we design a novel resource
slicing architecture in STIVN by establishing two slices accordingly to jointly serve the HD
map distribution service. Due to the interdependency of multi-dimensional resources in
each slice, it is highly complex for the joint optimization of different types of resources and
the slicing window length. Therefore, a two-layer resource slicing approach is developed,
which is a data-model co-driven approach, to find the optimal solutions with less complexity.
Specifically, considering the time-varying available resources and spatial-temporal dynamic
service demand, we design a reinforcement learning-based algorithm in the outer layer to
decide the communication resources reserved in each network slice in each access point
and the slicing window length to find the long-term optimal performance. Then, in the

36



inner layer, according to the reserved communication resources in each slice, a swap-based
matching algorithm is derived to determine the optimal multicast and caching decisions in
each slicing window. The main contributions of this work are summarized as follows:

e We investigate the resource slicing problem in STIVN to support HD map distribution
service, where both satellites and BSs in terrestrial networks can accommodate service
demands from CAVs. To satisfy the service requirement while leveraging the multicast
feature of satellites, we develop a resource slicing architecture in STIVN with two
slices for the service. Then, we formulate the multi-dimensional resource slicing
problem in STIVN, aiming to satisfy the service requirement with efficient resource
usage.

e We propose the TLRS scheme to realize an adaptive multi-dimensional resource slicing
in STIVN. In this scheme, the original problem is decoupled into two subproblems to
reduce the complexity of addressing the sequential decision-making problem. Then,
the slicing window length and communication resource reservation are determined in
the outer layer and multicast and caching decisions are made in the inner layer.

e We develop a hybrid proximal policy optimization (HPPO)-based reinforcement
learning algorithm to determine the non-homogeneous actions, i.e., the discrete
action for slicing window length and continuous action for communication resource
reservation, at the beginning of each slicing window, for minimizing the long-term
system cost. Then, a swap-based matching algorithm is designed to optimize the
multicast and caching decisions within each slicing window given the slicing window
length and reserved communication resources.

The remainder of this chapter is organized as follows. The considered network scenario,
designed resource slicing architecture, and system models are introduced in Sec. 3.2. The
problem is formulated in Sec. 3.3, followed by the proposed two-layer resource slicing
scheme. Then, a swap-based matching algorithm is designed for determining multicast
and caching files in Sec. 3.4, and a reinforcement learning-based algorithm for resource
reservation and slicing window length is provided in Sec. 3.5. Performance evaluation is
given in Sec. 3.6. Finally, in Sec. 3.7, we conclude this chapter.

3.2 Network Scenario and System Model

In this section, we first introduce our considered STIVN scenario with the slicing-based
resource management architecture and then present the system models. Some useful

37



Table 3.1: Summary of Notations

Notation Definition

BS,S, AP, F Sets of terrestrial base stations, LEO satellites, all access
points, and HD map files

By, Available resource r at AP ap

)\]g; Service demand intensity for file f within the range of BS b
at time slot (k,t)

W Length of slicing window k

vfjp@ Reserved resource ratio of resource r in AP ap to slice x in

slicing window k

u’gp’ 7 Caching indicator for file f in AP ap in slicing window &
m’cfp’ s Indicator of multicast for file f in AP ap in slicing window k
~l;£’x’ f Accommodated service demand of file f from slice z of AP

ap at time slot (k,t)

DMt Dkt DR, D’;I’i ».; | Queueing and transmission delay, propagation delay, back-
haul delay, and overall delay

B, Ba, B3, B4 Weight of resource reservation cost, delay cost, slice recon-
figuration cost, and demand penalty

notations are listed in Table 3.1 for easy reference.

3.2.1 Scenario Description

The considered STIVN scenario is shown in Fig. 3.1, where CAVs in the target area can be
served by either terrestrial BSs or LEO satellites to receive HD map files. LEO satellites
are equipped with steerable antennas where one beam can point to the target area when
the elevation angle constraint is met. The target area consists of different subareas. When
CAVs enter one subarea, they will request one of the HD map files associated with that
subarea, where different CAVs may have different HD map file demands. The overall delay
of receiving the corresponding HD map file should be less than D™** with the maximum
service violation probability . The set of all HD map files for the target area is denoted by
F ={1,2,..., F'}, where each HD map file has a data size of k. A content server is deployed
away from the area, which stores all HD maps for the area.

38



Satellite Networks

Network Slices

’é@ L R ==

- .7 @
_________________ PSR
Rl Multicast
s o slice (MS)
(o) PR
O'zf' Lol R §
------------------ Looottofbooooooooog
R\ <6 //‘Z’) ~“Unicast
N & . & slice (US)
\\
AN
\
A Content  _ _ _ _ i R
\ 1S 7 7 7
N Server ; Subarea 1 / Subarea 2,
\ / / /
\\ g / y !
N/ = <R | -
\\ () ! () 2
Yy - A ! As !
(see )
Controller I/ AE ==Y / =3 II
/
L ____ N _ A _ /_________0____,1
/ 7 7
i
/ = (<o) II (co)) ,’
/ / A= ;
;
7 5 / 5 /I
’ / /
/ 1 =) /
Vi / /]
/ / 7
SSwbarea 3 A0 __s__ A1 ____ fSubaready

Terrestrial Networks

Figure 3.2: Resource slicing architecture in STIVN.

Denote the set of BSs in the area and LEO satellites in a constellation by BS and S,
respectively. Let AP = BS U S represent the set of all access points (APs), where each
AP is equipped with caching capabilities for data storage. The total available resource
r at AP ap are denoted by B, where r € r = {cm, ch} indicating spectrum bandwidth
of communication and caching capacity, respectively. An SDN controller is deployed to
manage the resources of all APs serving the area [79)].

3.2.2 Resource Slicing Architecture
To satisfy the service requirements of HD map distribution, resource slicing is adopted to

provide isolated resources for the individual service. Leveraging the advantages of satellite
and terrestrial networks, two different transmission modes in STIVN can be derived, namely
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multicast and unicast transmission modes. Specifically, benefiting from the high altitude
and large coverage of LEO satellites, a periodical multicast transmission of HD map files
can be leveraged to deliver one file to multiple CAVs simultaneously to reduce the resource
cost, especially for popular files. However, due to the periodic multicast of HD map files
where all file requests from CAVs within the multicast interval should satisfy the service
requirement, the transmission delay is stringent. In addition, the unicast transmission
through conventional request-response mode is still applicable for satellites to deliver HD
map files. On the other hand, considering the differentiated channel conditions between the
BS and CAVs within its coverage, the multicast is not proper for terrestrial networks to
transmit files. In this case, only unicast mode is used for BSs to deliver HD map files to
individual CAVs, which can provide a high transmission rate with low delay. Since different
transmission modes have different features, establishing one slice for both two transmission
modes can hardly guarantee the service requirements by sharing resources in the same
slice [91]. Therefore, as shown in Fig. 3.2, we build two slices for HD map distribution to
realize the resource isolation for different transmission modes, namely multicast slice (MS)
and unicast slice (US), respectively.

The resource slicing in STIVN operates in a time-slotted system. Considering that the
slicing decisions should be timely adjusted to maintain the high slicing performance, the
time is separated into a number of slicing windows k € {1,2,...}. Each slicing window
consists of wy, time slots, where time slot ¢ € {1, 2, ..., wy} has the duration 7. The maximum
length of a slicing window is set as wpax time slots. For simplicity, let (k,t) represent the
t-th time slot in slicing window k. Due to the time-varying available resources resulting
from the mobility of satellites as well as the spatiotemporal dynamic of service demand
in the STIVN, the slicing window length should be adaptively adjusted for each slicing
window accordingly to adapt to the dynamic network environment.

Let P! denote the coordinate of AP ap at time (k,t) in an Earth-centered Earth-fixed
(ECEF) coordinate system, where the center of the Earth at its origin. The coordinates of
each LEO satellite remain the same in each time slot and change over time due to their
mobility. Let a’;]f denote the indicator of the accessibility of AP ap for the target area at
time slot (k,t), where a'g;;f = 1 indicates that the AP ap can serve the area and a’;g =0if
otherwise. In this case, let 8" = {ap | Y_1*, al! > 0,Vap € S} and AP* = BS U S* denote
the set of satellites being able to cover the target area and all APs being able to serve CAVs
in the area in slicing window k, respectively.

Assuming that service demands of HD maps follow a non-homogeneous Poisson process
(NHPP) [92], where the service demand intensity (in packets per second) varies over time
to depict the busy and non-rush periods and is fixed within each time slot. Let )\];’t denote
the entire service demand intensity of file f in the target area at time slot (k,t), which is
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the sum of the service demand intensity within the coverage of each BS and the area not
covered by terrestrial networks, represented by

At= 3y N (3.1)

beBSU{0}

Here, )xl,f]tc is the service demand intensity for file f within the coverage of BS b at time slot
(k,t), where /\IS:} indicates the intensity of file f that cannot be served by any BSs.

In this work, we mainly focus on the reservation-stage resource management in each slice
to guarantee service requirements in long-term. At the beginning of each slicing window,
the SDN controller can predict the future service demand*and make the communication
and caching resource reservation decisions for each AP involved in the slicing window.
The decisions remain unchanged within each slicing window. Let v}, . € [0,1] denote the
reserved communication resource ratio to all available communication resources from AP
ap to slice x € x = {0, 1} in slicing window k, where x = 0 representing MS and x = 1 for
US, respectively. Let u’jp, ;€ {0, 1} denote the caching decision, where ufm p=1iffile fis

cached in AP ap and u, ; = 0 for otherwise.

Given the communication resource reservation decision v, ,, the transmission rate for

delivering packets (in packets per second) from AP ap to CAV ¢ within its coverage can be
expressed as

kit,k  pem kit
a v DPaph
g = 2RI Jog, (1 4 =220, (3.2)

where p,, denotes the transmission power of ap, o2 is the noise power, and h’;zf g 1s the
channel gain.

3.2.3 Effective Capacity Analysis

The performance of each slice in each time slot within a slicing window is significantly
influenced by resource reservation decisions, which directly affect metrics such as delay
and resource usage. To characterize the HD map file delivery procedure, We model the
service in each slice in each AP as a queueing system. Specifically, if the required file is
cached in the AP, a transmission queue is for transmitting the file to CAVs; otherwise, a
backhaul transmission should also be included for non-cached files transmitted from the

INote that the service demand prediction is not the primary focus of this work and we assume that the
service demand in the following wy,ax time slots can be perfectly predicted by adopting several algorithms,
such as recurrent neural networks (RNN) [93] and long-short term memory (LSTM) [94].
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content server to the AP followed by a transmission queue for transmitting the file to CAVs.
Let D%fflgt denote the queueing and transmission delay from AP ap to CAVs in the target
area at time slot (k,t). Due to the time-varying nature of wireless channels and stochastic
service demand, it is difficult to guarantee the deterministic delay performance of queues
in each slice while the average delay performance is insufficient for depicting the service

requirement satisfaction within each slice.

To model a statistical delay performance of the service with a violation probability, the
effective capacity emerges as a valuable approach to model the statistical performance [95].
Specifically, it can facilitate the evaluation of delay-bounded violation probability that delay

D exceeds the bounded queueing and transmission delay Dc%’km’t, presented by

P(D > D2kt n o=0CunaDi55" (3.3)

ap,r

where 6 is the exponential decay rate of the violation probability defined in the context of
large derivation theory [95], where we set the identical value of # for queues in different
APs. In addition, the effective capacity C(Z;fx, which can quantify the maximum service
demand that can be accommodated by reserved resources, can be defined as

1 ekt
C(’;]fx — _5 log (E {6 95ap.,z,g}> . (34)

Hence, with a given resource reservation decision vszm and the delay violation probability e,

the bounded queueing and transmission delay can be obtained, given by
Qut _ _1og(e) (3.5)

ap,x k.t :
’ Cap.zt

3.2.4 Performance Analysis for Different Slices

Based on the effective capacity theory, we analyze the delay performance of different slices.
First, MSs are only established in satellites and provide multicast service. In this case,
the propagation delay can not be negligible. Let m§p7  denote the indicator of multicast
service, where m’;n s = 1 represents that file f is multicast by satellite ap in slicing window
k, and m’;p’ s = 0, otherwise. Considering the periodical multicast mechanism, when a CAV
requests a file, the request will be processed at the next multicast starting time. Let 7™
denote the interval time of two multicasts. The average overall delay of receiving file f

from satellite ap in MS at time slot (k,t) can be represented by

TM
Dy =DEet + -+ DR+ (1 =k, ) DPH. (3.6)
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Here, we consider an average waiting duration of 7™ /2 for processing the request between
two multicast events according to the Poisson feature of the request. Let Dglgk’t indicate
the propagation delay from satellite ap, and DB represent the backhaul delay between the
content server and satellite.

Then, to model the delay performance of US in the area, the overall delay from US in
AP ap to CAVs at time slot (k,t) is denoted by

Dk‘t DQk‘ +]]_ap€ DPkt+(1

ap,1,f = “ap,1

YDPH, (3.7)

ap !
where 1.ongition = 1 1if condition is true and 1.n4iti0n = O if otherwise.

The accommodated service demand of file f from AP ap in slice z can be denoted by
)\]Zpt «.p» where the details will be presented in Sec. 3.4.1. Note that BSs only establish US,

ie. A];;Of 0,Vap € BS.

3.3 Problem Formulation and TLRS Scheme Design

3.3.1 Problem Formulation

Considering the time-varying service demand and available resources, we aim to minimize
the long-term overall system cost while satisfying the service requirement of HD map
distribution. The system cost includes the resource reservation cost from both terrestrial
BSs and LEO satellites, the delay cost, the slice reconfiguration cost, and the service
demand penalty.

Resource Cost

The resource reservation cost is the time slot-averaged cost of all resources in different slices
from BSs and LEO satellites serving the target area. Specifically, the resource reservation
cost in slicing window k is given as

res - Z Z <Z Q/ZI; sprcm + aCh Z uap f/i> , (38)

=1 gpeapt  \vex feF

where ag,, is the unit cost of resource r for AP ap.
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Delay Cost

Considering that the delay requirement for HD map distribution is not stringent, however,
the CAVs always pursue a lower delay for receiving the content when requesting. In this
case, we aim to find a minimize the delay for HD map distribution by efficiently reserving
resources and effectively developing multicast policies to enhance the user experience in
terms of delay. Therefore, the delay cost in slicing window w is defined by

Bt o Nkt
H,f _ i Zfe]—" ZapEAPk aap erx Dap T f ap,,f ’ (3.9)
Wk t=1 Zfe]—' ZapeAPk aap erx ap, x, f

which represents the average delay of HD map distribution service in the target area
supported by each slice of all APs.

Slice Reconfiguration Cost

Between different slicing windows, the controller can adjust the amount of communication
resources reserved in slices from different APs to adapt to dynamic service demand and
satellite mobility. However, the process of resource adjustment incurs slice reconfiguration
costs. Since releasing resources is easily accomplished, the cost of releasing resources in
slices can be neglected. In slicing window k, let H{i represent the reconfiguration cost,
which quantifies the discrepancy in resource reservation decisions between adjacent slicing
windows, given by

. 1
slice __ +
Hk - w_k Z Z ap, ap, } ) (310)
ape APk~ LUAPF TEX

where function [-]* represents max{-,0}.

Service Demand Penalty

The designed slices for HD map distribution aim to accommodate as much service demand
with satisfied service requirements in the target area. To this end, we introduce a service
demand penalty, which indicates the time-slot-averaged remaining service demand not being
accommodated through two slices in each slicing window, given by

+
en 1 = k.t . N k.t k.t k.t
HP™" = o Z [)‘f - < Z min {)‘ap,1,f>>‘apf} Z (Aap(]f + )\aplf> . (3.11)
t=1

apeBS apESy,
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Specifically, BSs can only serve the service demand within their coverage while satellites
can support all service demand in the target area.

Combining all terms, the overall system cost in slicing window k is defined as
HZYS — /BlleeS + ,82ng + 53[_[211@ + B4H£en7 (312)
where parameters 31, B2, B3, and (4 indicate the relative importance of different costs and

penalty.

To this end, we formulate the problem of resource slicing in STIVN with two slices to
support HD map distribution. Our objective is to minimize the long-term overall system
cost, formulated as

Po.mip | > 13
'Uk ’U,k
ap,z %ap, f
st ) Moy < dgy, (3.13a)
feF
szp,x < Lopeart; (3.13b)
TEX
Z uip,fﬂ < ﬂapeAPk BZ;, (3.136)
fer
wr € {1, ..., Wmax } (3.13d)
Mgy € 0,1}, (3.13e)
'ipf € {0,1}, (3.131)
Vap € [0,1]. (3.13g)

In problem PO, constraint (3.13a) constrains that the number of files served in MS should be
less than the maximum availability, where the detailed expression will be given in Sec. 3.4.
Constraints (3.13b) and (3.13¢) indicate that the overall ratio of reserved communication
resources and the size of cached files in each AP cannot exceed the limitation if the AP
is accessible within the slicing window. Constraint (3.13d) limits the maximum length of
each slicing window. Constraints (3.13e)-(3.13f) ensure the binary decisions for multicast
and caching, and constraint (3.13g) represents the continuous decisions between 0 and 1 for
communication resource reservation.

45



Outer layer:
Slicing window length and resource reservation decision in all APs

Algorithm 2: HPPO-based
resource slicing algorithm

Environment ——

Slicing window length and reserved
communication resources for each slice
mapping to each AP

Inner layer: :
Caching and multicast file selection I
I

Caching and
multicast decisions

Algorithm 1: SBMA for caching I
and multicast file selection |

Figure 3.3: Working diagram of the proposed TLRS scheme in STIVN.

3.3.2 Design of Two-Layer Resource Slicing Scheme

The formulated problem PO is a stochastic optimization problem due to the spatiotemporal
dynamic service demand and time-varying available resources in STIVN. Specifically, the
limited information on future service demands, as well as hybrid variable types including
both continuous and discrete decisions, make it highly complex and hard to find a globally
optimal solution from traditional optimization approaches. Omne potential solution is
to apply reinforcement learning-based methods to solve the problem without requiring
knowledge of future information. However, the coupling relation of different decisions and
the huge action dimension in adopting a fully data-driven method renders inefficiency and
difficult converging. To solve the multi-dimensional resource slicing problem in STIVN, we
propose a two-layer resource slicing (TLRS) scheme. Specifically, the problem PO is first
decoupled into two subproblems: caching and multicast file selection subproblem, and slicing
window and communication resource reservation determination subproblem, corresponding
to the two layers of the proposed scheme. In the inner layer, a matching-based caching
and multicast file selection algorithm is designed to determine the caching and multicast
decisions in each slice of APs in each slicing window, given the slicing window length
and reserved communication resources. In the outer layer, we leverage an HPPO-based
reinforcement algorithm to make resource slicing decisions, including slicing window length
and reserved communication resources in each AP. The working diagram of the proposed
TLRS scheme is shown in Fig. 3.3.

According to Eq. (3.12), with a given slicing window length wj and reserved commu-

nication resources v}, . for each slice, the slice reconfiguration cost is determined. In this
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case, the long-term impact from slice reconfiguration is stripped away in the caching and
multicast file selection subproblem. Therefore, the objective of the first subproblem is to
minimize the system cost with maximum accommodated service demand in each slicing
window to find the tradeoff between caching resource cost and the delay performance by
optimizing the caching and multicast policy, which can be formulated as

. Sys
P1  min Hy (3.14)
ap,f’"ap,f
s.t. WE = (;Jk, (314&)
U];p,x = ﬁsp,mavx € X, Vap S Apk, (314b>

(3.13a), (3.13¢), (3.13e), (3.13f),

where @y and @fjp , are the given optimal slicing window length and communication resource

reservation decisions in slicing window k, respectively.

Then, for the second subproblem, the slicing window length and communication resource
reservation decisions are optimized for each slicing window to minimize the long-term overall
system cost, formulated as

P2 min E

W :ng,a:

k=1

st (3.13b), (3.13d), (3.13g).

K
1
. sys
I}eréo— E H; ] (3.15)

Note that for any given slicing window and communication resource reservation decisions
in each slicing window, the optimal caching and multicast decisions can be obtained by
solving subproblem P1, and the corresponding overall system cost in each slice can be
calculated. In the following, we present our designed algorithms for solving subproblems
P1 and P2 in Sections 3.4 and 3.5, respectively.

3.4 Matching-Based Caching and Multicast File Se-
lection

In this section, we first derive the accommodated service demand in different slices for
calculating the system cost. Then, we reformulate the caching and multicast file selection
subproblem as a many-to-many two-sided matching problem and develop a swap-based
matching algorithm to solve this problem.

47



3.4.1 Accommodated Service Demand of Slices

For each slice in APs, the accommodated service demand can be determined according
to the resource reservation decision. Specifically, if file f is multicast by a satellite ap,
considering the large coverage of satellite, the accommodated service demand in time slot
(k,t) is all required service demand in the area if the delay can be satisfied, given by

k.t TM max
<kt { mh, (A 1fDap0f—|— <D (3.16)

ap,0.f otherwise.

Here, service demand can be fully accommodated only if the overall delay of the last CAV
request within the multicast interval should be satisfied for the delay requirement of HD
map distribution, where Ds;)t,o, s is determined in Eq. (3.6) according to resource reservation
k

. . . . . k
decision vy, ; and caching decision ug, ;.

For the US in each AP, the accommodated service demand is impacted by both the
reserved resources in the slice and the caching decisions of each AP. According to the
effective theory, given the reserved resources for US in AP ap, the maximum accommodated
intensity of service demand to satisfy the stability of the transmission queue can be defined
as y

. ocC,
kit _ Vapl
Ap = 51 (3.17)
Then, considering the caching decisions in each AP, let 5\];; ¢ and S\Zpt ne denote the maximum
accommodated service demand intensity for cached and non-cached files, respectively, given

by

SRt Aot if DER 4 Lopes DY < Do, (3.18)
ap,C ~ 0,  otherwise, ’
and
R kt Q k,t Pkt BH < max
AanNG = )\ap’ if Dopy +lapes Doy + D b (3.19)
P 0, othervvlse

In the resource reservation stage, we consider that each AP can serve multiple files that
are either cached locally at the AP or fetched from the content server. For instance, CAVs
within the range of an AP might request different files. If one of these files is cached at
the AP, a likely scenario is that the AP will serve more CAVs requesting the cached file
with less delay. In this situation, CAVs requesting other files might be supported by other
APs. However, it is difficult to ascertain the accommodated service demand for each file at
an AP, which is mainly determined in real-time resource scheduling. In this case, for the
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resource reservation in a large timescale, we only pursue the maximum service demand that
can be accommodated given the reserved resources and caching decisions among all APs.
Specifically, the optimal accommodated service demand for each US can be obtained by
solving the following linear programming problem to maximize the overall accommodated
service demand according to the given resource reservation and caching decisions in each
time slot for US from all APs, given by

Nkt
P3 max NapL.f (3.20)
ap LS aqpe APk fEF

5.t Z )‘ap,l,f < al;pt)‘fb;’ (3.20a)

feF

k.t Nkt k.t

Z (/\ap,Of + /\ap,l,f) < /\f ) (320b)

ape APF

k, k

Aapt,l, f>\ap C + ( ap f))\apt, (320C>

Here, constraint (3.20a) limits the available accommodated service demand in each AP;
(3.20b) constrains the service demand request of each file; and (3.20c¢) regulates the maximum
accommodated service demand in each AP for the file according to the delay performances
given by Egs. (3.18) and (3.19). Since P3 is a linear programming program, it can be
directly solved by some convex optimization solvers, such as CVX [90], to achieve the
accommodated service demand from the US in all APs under the given resource reservation
and caching decisions.

3.4.2 Many-to-Many Matching Game Formulation

In order to solve the subproblem P1, we aim to find the optimal solution of multicast
and caching files map s and uk b 0 each AP. Considering that each BS has sufficient
storage capacity to store all HD map files related to the corresponding subarea, we mainly
investigate the caching and multicast file selection from LEO satellites for both MS and US.
Specifically, with the given reserved communication resources, we aim to find the optimal
caching and multicast decisions for solving P1. The considered decisions within the slicing
window include whether to multicast an HD map file and whether to cache the file in each
satellite.

Considering the combination of two binary decisions, we transform problem P1 as
a many-to-many matching problem to find the matching between caching and multicast
files in different satellites. Specifically, we define (ap, m) to indicate the service mode m
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of satellite ap within the slicing window, where m = 1 is multicast with caching, m = 2
indicates the multicast without caching, m = 3 represents unicast with caching, and m = 4
represents unicast without caching. For simplicity, we omit the notation k in this section,
as the decisions are made for each slicing window with a known slicing window length. Let
® = {(ap,m) | Vap € S*,m = 1,2,3,4} denote the set of satellite service modes within
the slicing window. In this case, F and ® represent the HD map file set and the satellite
service mode set as two disjoint sets of selfish and rational players, aiming to minimize the
overall system cost within the slicing window. Specifically, if file f and (ap, m) are matched
with each other, they form a matching pair (f, (ap, m)), representing that file f is served
by satellite ap with service mode m. Each player tends to seek the most preferred partners
for matching. The matching can be formally presented as follows.

Definition 1. Given two disjoint sets, F for HD map files and ® for the satellite service
modes, a many-to-many matching ¥ is a mapping from the set F U ® into the set of all
subsets of F U ®, such that for every f € F and (ap,m) € &:

1). ¥((ap,m)) € F and ¥(f) C ;
). [((ap, 1)) < dap,y and [¥((ap, 2))] < dap,2;
). [¥((ap, )| + [¥((ap, 3))| < [Bg/k];

). [T = |S"];
)
)

Ot = W N

. (ap,m) € ¥(f) if and only if f € U((ap,m));
- Y((ap,m)) N U ((ap,m)) =0, m # m'.

(=)

Condition 1) states that each service mode is matched with a subset of HD map files,
and each file is matched with a subset of satellite service modes. In condition 2), to satisfy
the delay requirement, each satellite can only support limited files in MS. Let d,p, dqp1 and
dyp 2 denote the maximum multicast file number, the number of available cached files, and
available non-cached files for MS in satellite ap, respectively, expressed as

ming { [ ChT | | alst =1}, i 3t DI+ TV 4 Dikt < pro,
dap1 = dgp = ! o (3.21)
0, otherwise,
: kit max
_ Jday =19 ((ap, V)], i 3t, D" + TN + Dbt + DPY < Do,
dup | (3.22)
0, otherwise,

The maximum multicast file number is determined by considering the presence of cache
scenarios given multicast interval 7™, which has a loose queuing and transmission delay
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requirement compared with non-cache scenarios to support more files to be multicast. In
this case, the number of available cached files d,, 1 in MS is equal to d,p, given in Eq. (3.21).
On the other hand, the number of available non-cached files is obtained by subtracting
the number of selected files in mode 1 from the number of total available files, given by
Eq. (3.22) As the satellite moves over time slots, the number of available files varies over
time. In this scenario, we select the minimum number of available files within the slicing
window for MS in each satellite. Note that given different slicing windows, d’;p in constraint
(3.13a) is the same as d,;, in this section, indicating the available files served by MS within
slicing window k. For condition 3), since the MS and US share the same storage in each
satellite, the cached files cannot exceed the maximum available caching resources in each
satellite. Condition 4) states that the size of W(f) should equal the satellite number |S¥|
in the slicing window, indicating that each satellite needs to select one service mode to
each file. Note that the selection of the service mode does not directly correspond to the
accommodated service demand, which should be determined according to Sec. 3.4.1, i.e.,
even if file f is selected to be served with mode m in satellite ap, the accommodated service
demand can be 0. Condition 5) states that if satellite service mode (ap, m) is matched to
file f, file f is also matched to satellite service mode (ap, m), and vice versa. Condition 6)
states that a file can only choose one service mode in each satellite.

With the matching pair (f, (ap,m)) in the many-to-many matching ¥, we can obtain
the caching and multicast file decisions for each satellite ap respectively. Specifically, a

matching pair (f, (ap, 1)) can refer to the decisions m’;p’ ;=1and u’én ; = 1; matching pair
(f,(ap,2)) can refer to the decisions m}, , = 1 and uf, , = 0; matching pair (f, (ap,3)) can
refer to the decisions m];p,f =0 and u';pj = 1; and matching pair (f, (ap,4)) can refer to

the decisions m}, , = 0 and uj, , = 0. Through the caching and multicast file decisions
from matching policy ¥, we can obtain the utility H(¥), which is the value of H;” for the
slicing window k with the solution from P3.

3.4.3 Swapping-Based Matching Algorithm for Caching and Mul-
ticast File Selection

Generally, the outcome of a matching game depends on the dynamic interaction among
players. The formulated matching game is a many-to-many matching game with externalities
[97], which indicates that the adjustment of a matching pair will affect the preference of other
players, also known as the peer effects. Due to externalities, each player may keep changing
the preference order in response to the adjustment of other matching pairs. Therefore, the
static preference list is no longer appropriate in this matching game.
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Algorithm 1 SBMA for caching and multicast file selection

Initialization Phase
Let ¥ = ();
for f € F do
Match f with the service mode (ap,4) of each satellite, ¥ = W U (f, (ap,4));
end for
Swap Matching Phase
for ap € S*, m € {1,2,3,4} do
Calculate H(V), set Uiemp = V;
For a file f € U((ap,m)), the controller searches the satellite service mode (ap’,m') €
O\ {(ap,m)} with f" € ¥((ap’,m')) for a swap operation ;
10:  if H(U®™ ) > H(Vepp) then

11: Swap Igﬁe ’IJ;air according to Definition 2 and obtain ¥’ as new matching policy;
12: Uiemp = V', and go back to Line 9;

13:  end if

14:  Update the matching with W = Wy, ;

15: end for

16: Go back to Line 7 and repeat until no swapping pairs can be found;
17: Output: Caching indicator ufjn s and multicast decision m’;n 7 in the slicing window
according to matching policy ¥;

To solve this matching problem, we propose a swap-based matching algorithm (SBMA)
for the caching and multicast file selection. Specifically, the swap operation in a matching
allows two players in the same set to exchange their matches while keeping other players’
matching [98], which can be presented as

Definition 2 (Swap operation). Given a matching ¥ and two different pairs

Wt o = WAL, (apom), (f (ap',m)} U A{(F, (ap,m)), (f, (ap',m')}. (3.23)

Based on the swap operation, the procedure of our proposed SBMA for caching and
multicast file selection is shown in Algorithm 1. In the initialization phase, each file is
matched with the unicast and non-caching mode of each satellite. Then, in the swap
matching phase, each satellite service mode checks whether it can switch its currently
selected file with other files selected by other service modes to increase the utility. The
iterations stop when no swapping can be found to further increase the utility value. In this
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case, the final matching ¥ can be found with the given slicing window length and reserved
communication resources for caching and multicast decisions.

3.5 HPPO-Based Slicing Window Length and Re-

source Reservation

In this section, we investigate the optimal slicing window length and communication resource
reservation decisions to solve subproblem P2 in the outer layer. Considering the long-term
impacts on sequential decision-making, we reformulate the subproblem by leveraging the
Markov decision process (MDP) and propose a reinforcement learning (RL)-based algorithm
to solve the problem.

3.5.1 Markov Decision Process Formulation

Due to the dynamic nature of service demand and the impact of slicing reconfiguration
cost from the previous decisions for long-term optimization, finding the optimal solution
for the slicing window length and communication resource reservation problem requires the
consideration of sequential decisions. Deterministic optimization algorithms are inadequate
for solving such problems. Thus, we reformulate subproblem P2 by leveraging MDP to
model the network dynamics. Let ¢*¥ = [A¥, P¥, v¥~1] € & denote the state of the STIVN
in slicing window k with the dimension 1 x |(|. Specifically, A* is the set consisting of the
predicted service demand in each time slot during the future wy,., time slots of all subareas;
P* is the set of all positions of APs AP* = BSUSE, in the next wyay time slots, where

Shox = {ap | Y200 akt > 0,Vap € S}; and v is the set of resource reservation decision
b oo VT € X}

in the previous slicing window, where v¥ = {vf | Vap € AP},

Let 2 = 2, ® A, denote the action space, which is the combination of the discrete
action space of the slicing window length and continuous action space of communication
resource reservation, where ® is the Cartesian product. Thus, the action in slicing window
k is denoted by A* = (A}, A5) = (w*,v¥) € A for the slicing window length and reserved
communication resources in each slice. Note that the action space contains both discrete

and continuous actions with a dimension of AF € {1, ..., wmax} X [0, 1]/APmax].

To evaluate an action in a state, the set of rewards is denoted by R :== & x A — R. We
define the obtained reward function of taking action A* in state ¢* as

R(CH, A*) = —HP®. (3.24)
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Let IT denote the set of all policies, which is the function mapping from state space & to
the action space 2. Specifically, an accumulated discounted reward function is considered
to estimate the expected return of the current decision-making. Therefore, the problem of
minimizing the long-term overall system cost in subproblem P2 can be approximated by
minimizing the long-term accumulated discounted reward, given by

mell

K
: ko ( sk Ak
P2 max E 1;1_1}3)0 kglv R(¢C", AY)

w] (3.25)

s.t. (3.13b), (3.13d), (3.13g).

3.5.2 HPPO-Based Resource Slicing Algorithm

Considering the lack of information on state transition probabilities for the MDP-based
problem, the RL-based algorithm has the potential to solve the problem without requiring
state transition probabilities. However, determining the non-homogeneous actions in
subproblem P2’, i.e., discrete action for slicing window length and continuous action for
communication resource reservation, is challenging, where the discrete action may also
affect the policy for determining the continuous action. Some related studies investigate
methods to output two kinds of actions from one neural network including the discretization
of the continuous action or continualization of the discrete action [99], which however cause
scalability issues or difficulties in approximation and generalization of the continuous action
in piecewise-function action subspaces.

Inspired by the studies about parameterized action space in RL [100] with both discrete
action and continuous action, the design for the joint action where the discrete action can
be obtained before generating the continuous parameters [101], and the hybrid actor-critic
RL in parameterized action space [102], we hereby developed an HPPO-based algorithm to
solve this problem, as shown in Fig. 3.4. Specifically, the HPPO-based algorithm is designed
based on the proximal policy optimization (PPO)-based algorithm [103], which can reuse
the historical samples and handle a large-scale problem, to find the optimal policy, with two
actor networks to tackle the hybrid action issue. The key idea is to jointly train two separate
actor networks as two policies for the slicing window length decision and resource reservation,
respectively. For determining the slicing window length, the output is generated from the
discrete actor network according to the input state. Then, for the resource reservation
policy, the decision to select continuous actions for each slice is obtained with the given
slicing window length decision to find the optimal long-term resource reservation decisions
for this slicing window. In this case, the overall policy consisting of two actor networks is

54



| Reward
I

i ] \

. 1 |

| 1 19 I

. 1 1

[ ! !

i , :

. I 1

Environment State H

A L

I 1

i |

. 1

: :

|

X A 6 N

i Update actor network

| ) parameters

. Actions Slicing Reserved resources

window length for each slice

Figure 3.4: Mlustration of proposed HPPO-based algorithm.

the multiplication of two policies with conditional probability. Similar to the traditional
PPO algorithm, the critic network as a state-value function is leveraged to generate the
value of the given state for updating the actor networks. This kind of design can effectively
extract the relationship between slicing window length and resource reservation decisions
to reach a better performance.

Considering that the AP number serving the target area in each slicing window may
vary over time due to satellite mobility, the variability in state and action space poses a
challenge in solving the problem using an HPPO-based algorithm. Therefore, we use the
maximum number of M APs to regulate the overall state and action spaces. As shown in
Fig. 3.4, the output of the discrete actor network, parameterized by 61, is the slicing window
length decision according to the input state. In addition, to obtain the optimal resource
reservation decision of each AP, the input of the continuous actor network includes the
state and the slicing window length decision from the discrete actor network. The output of
the continuous actor network, parameterized by 6y, is the resource reservation decisions for
each slice of each AP. Since the direct output of resource reservation decisions for each slice
cannot guarantee constraints (3.13b) and (3.13g) with an accessible resource reservation
ratio for each AP. Therefore, we design a softmax-based actor network to regulate the
output decision of each slice in APs. The basic idea is that the output layer adopts a
softmax activation function to activate each 3-dimension vector indicating the ratio of
reserved resources in MS and US, and the ratio of unreserved resources, where the overall
output vector from the continuous actor network has the dimension of 3M. In this case,
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a normalized output vector for each AP can be obtained, glven by Zx 0 fjpx = Lopeap,,

where {vap 0 v(’jp 15 Vap, k ,} is the output vector of each AP. Here, v* 1o 18 the output indicating
the ratlo of unreserved resources in AP ap. Therefore, the sum ratlo of all reserved resource

Z; 0 Vapk < Lapeap, satisfying the constraints.

To train the HPPO-based algorithm, the goal is to find the optimal parameter 6; and
0, for two actor networks, where the overall policy, parameterized by © = [0y, 6], is the
combination of two policies, given by

o (A[C) = 7o, (Az| A1, ()mg, (A1C), (3.26)

where the policy of 05 is jointly related to the state ¢ and action A; from the discrete actor.
The goal is to maximize the clipped surrogate objective

L® (@) = IE{ min(§e A", clip(€e, 1 — 6,1 + 5)Aﬂ9°“)}- (3.27)

The policy updating ratio £g based on current policy for © is defined as

_ o (A|C) _ 9, (As| A1, C) o, (A1[C)
fo = Toua(AQ) o, (Asl AL, O, (AL]C) (3.28)

Here, m,,,, is the old policy of actor network 4. Moreover, Ao is the estimated advantage
from policy g, as the combination of two policies, which can be expressed as

Ameaa (¢, A*) = R(CF, AY) + V(M) = Vi(¢h), (3.29)
where Vy(C*) is a state-value function of the critic network parameterized by 1, given by
vﬂ(gk) —E {ZVZR(§R+Z+1; Ak+l+1) | Ck} ) (330)
1=0

The clipping function clips the ratio &y, between 1—0 and 140 with a clipping hyperparameter
0, which removes incentives for the new policy to get far from the old policy to improve the
learning stability. The measure of the accuracy of the critic network for the state-value
function is based on the mean square error loss function, given by

Lenie() = B4 (RE 4 V(€)= Va(¢h)*} (3.31)

The overall HPPO-based resource reservation algorithm is given in Algorithm 2. Con-
sidering the slicing window length of each slicing window varies in each training interaction,
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Algorithm 2 HPPO-based resource slicing algorithm

1: Initialization: Parameters © = [0, 05] for policy, ¢ for state-value function, and buffer
memory B;

2: for j € {1,2,...} do

3:  Obtain initial state ¢*;

4 k=1;

5. while Y1, w, < Ty do

6: Execute action AX based on my(C*|.A*);

7 Compute reward R(¢*, AF);

8 Obtain new state (**1;

9: Record transition (¢*, A%, R¥, ¢¥*1) into B;

10: k=Fk+1,;

11:  end while

12:  foree{l,2,..,E} do

13: Sample a minibatch of By transitions from buffer B:;

14: Update parameters © < arg maxg L (0) and ¥ < arg ming L1¢(99);

15:  end for

16:  Empty buffer B for a new training episode;

17: end for

18: Output: Parameters 0, 0s;

to make the training process fair, we set that the accumulated time slots until the end
of the last slicing window in each episode should be just larger than T,;. For the model
training, first, the policy and the value functions are initialized with parameters 6, 65,
and ¢, respectively. The buffer B is used to store the transitions of the interaction with
the environment. Then, at each slicing window, the controller collects the state from the
environment, takes actions based on the current policy, computes the reward, observes
the new state, and records transitions into buffer based on Line 6 to 9. At the end of
each episode, the policy and value function will be updated based on the clipped surrogate
objective and the mean-square error based on Line 13 to 14. Specifically, to ensure the
stability of the strategy updating, the policy and value functions are updated E times in
each episode by taking full use of the samples generated by the current strategy.
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Table 3.2: Simulation Parameters

Velocity of satellites 7.56 km/s
LEO satellite transmission power | 40 dBm

LEO satellite carrier frequency 40 GHz

LEO satellite antenna gains 32 dBi

LEO satellite bandwidth 250 MHz
LEO satellite path-loss exponent | 2.5

Noise power -174 dBm/Hz
BS transmission power 32 dBm

BS carrier frequency 28 GHz

BS antenna gains 10 dBi

BS bandwidth 100 MHz

BS path-loss exponent 3.5
Parameters (1, B2, O3, and [y 0.01, 1, 0.5, 1.5

3.6 Performance Evaluation

In this subsection, extensive simulations are carried out to evaluate the proposed TLRS
scheme. Specifically, we first elaborate on the simulation settings. Afterward, the simulation
results are presented to demonstrate the effectiveness of our proposed scheme.

3.6.1 Simulation Setting

In our simulation scenario, we consider the target area with a radius of 15 km, where the
central point is at the latitude of 30°N and the longitude of 82.5°W. The area is divided into
4 subareas and each subarea consists of 2 kinds of HD map demand requested by CAVs. The
size of each HD map is 10 Mb. We adopt the Starlink Phase 1 for the satellite constellation
parameters, including 72 orbits with 22 satellites in each orbit. The inclination angle is 53
degrees and the altitude of the satellite is 550 km. By default, we set the minimal access
elevation angle to be 35 degrees. For the terrestrial networks, BSs are distributed in the
area with a density of 0.1 /km?, each with a coverage radius of 1 km. The unit cost of
the communication resources and caching resources ag;' and agl; of satellites are given by
0.1 and 1 respectively, while the unit costs of BSs are 0.02 and 0.2. The total duration of
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Figure 3.5: Convergence performance of the proposed TLRS scheme.

the simulation comprises 30 min and the length of each time slot is set to be 20 s. The
delay requirement of the HD map distribution is 2.5 s with a reliability of 0.99. The default
multicast interval is set as 1.5 s. Some main simulation parameters are listed in Table 3.2.

For both actor and critic networks in the HPPO-based reinforcement learning model,
we employ three fully connected hidden layers with [256, 256, 128] neurons. The Tanh
activation function is applied after each hidden layer to realize a nonlinear approximation.
Furthermore, the Adam optimizer is adopted to train the parameters of networks.

3.6.2 Simulation Results

The convergence performance of the proposed TLRS scheme is shown in Fig. 3.5 to
illustrate the average cost of each episode. To highlight the convergence trend, the dark
line is the 150-point moving average of the average system cost and the shadowed lines
are the performance of each episode. We compare the convergence performance with
different learning rates, where an identical learning rate is set for the discrete actor network,
continuous actor network, and critic network. We can observe that all curves decrease with
the increase of training episodes and tend to converge with a large episode number, which
verifies the convergence property of the proposed HPPO-based algorithm. In addition, a
large learning rate leads to a fast convergence speed, which however results in an unstable
performance. Therefore, in the remaining part of the section, the learning rate for the
HPPO-based algorithm is set to be 5 x 107°.
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Figure 3.6: Performance under different policies for slicing window length.

Next, we perform several experiments to validate the efficacy of different components
in the TLRS scheme. First, we evaluate the effectiveness of the slicing window length
decision from the HPPO-based resource reservation algorithm. Specifically, we adopt two
benchmark algorithms: 1) Fizn: the length of each slicing window length is fixed with n
time slots, and 2) Dynamic: the slicing window length is determined by the fluctuation of
service demand, ensuring that the variance of service demand within each slicing window
remains below a threshold. For all benchmark algorithms, the resource reservation decisions

are determined with a conventional PPO algorithm, and caching and multicast decisions
are made via SBMA.

The performances of different metrics under different slicing window length determination
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policies are shown in Fig. 3.6, including the resource cost, unsupported service demand, and
slice reconfiguration cost in each time slot within the simulation duration. The cumulative
distribution function (CDF) of the resource cost in each time slot is depicted in Fig. 3.6(a).
The resource cost of Fix3 is the lowest since an efficient resource reservation can adapt to
the dynamic service demand in a short time duration with less waste of resources. The
proposed TLRS scheme has the comparative resource cost performance with Fiz3 due to
the adaptive slicing window length, which can effectively fit dynamic service demand. On
the other hand, the resource cost of Fiz6 and Fiz9, due to their long slicing window length,
the resource cost is much higher to compromise the highly burst service demand within
the slicing window. The Dynamic policy mainly focuses on the variation of the service
demand, which however neglects the time-varying available resources caused by satellite
mobility. Therefore, in some cases, a long slicing window length may result in a high resource
cost by reserving resources in some satellites with limited communication capability, e.g.
satellites in a low elevation angle. Figure 3.6(b) shows the remaining unsupported service
demand in the target area, which indicates different slicing window length policies have a
limited impact on the accommodation of service demand. Specifically, the proposed TLRS
scheme and Fiz3 show superior performance in accommodating service demand, which
consistently maintains lower levels of unsupported service demand throughout the duration.
The performance of slice reconfiguration cost is shown in Fig. 3.6(c). Note that the average
slice reconfiguration cost in each time slot is the time-averaged slice reconfiguration cost of
the slicing window, which means the average slice reconfiguration cost in each time slot
within a slicing window is the same. From the figure, we can observe that the Fiz3 has
the largest slice reconfiguration cost since it adjusts the slice frequently resulting in a high
cost, while Fi29 and Dynamic policies maintain a low cost due to the large duration of the
slice. The proposed TLRS scheme has a medium performance since the slices are adjusted
according to both dynamic service demand and available resources.

By combining different impacts, the performance of the system cost is illustrated in
Fig. 3.7. The time-slotted system cost is shown in Fig. 3.7(a). The proposed TLRS
scheme has almost the lowest system cost compared with other schemes, which shows the
effectiveness of the adaptive slicing window length for resource reservation in STIVN. In
addition, some statistical results are provided in Fig. 3.7(b), including the mean value,
standard deviation, and the first and third quartile of the system cost for each policy. From
the figure, we can see that the proposed TLRS has the lowest mean value, which indicates
the best performance among all slicing window policies. Furthermore, the TLRS has a
better performance in both the first and third quartile of overall cost, which represents
that TLRS can achieve better performance at most time slots. The Dynamic policy has
a similar third quartile to the TLRS, which however has a larger mean value since the
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Figure 3.7: System cost under different policies for slicing window length.

slicing window length is only determined by the variation of service demand and does
not consider the available resources over time. In this case, some large cost value occurs
for some unnecessary resources and unsupported service demands. For the fixed slicing
window policies, the standard deviation is smaller for the longer slicing window, due to
closer resource consumption within each slicing window.

Then, we show the average system cost performance of our proposed scheme under
different minimum satellite elevation angles in Fig. 3.8 From the figure, we can see that
when the minimum elevation angle is small, indicating that more satellites are able to serve
CAVs in the target area, the system cost becomes small due to efficient resource reservation
decisions under different slicing window lengths. Specifically, with more satellites being
able to serve the target area, the time-varying resources from the mobility of satellites
can be effectively leveraged for a longer slicing window to satisfy the dynamic service
demand. In this case, the Fiz9 has a relatively small cost compared with other fixed slicing
window length policies, while Fiz3 achieves the largest cost value considering the cost from
frequent slice reconfiguration. With the increment of the elevation angle, the overall cost
increases correspondingly. Specifically, with a large elevation angle, the resources from
satellite networks may not accommodate all service demands from the areas not covered by
terrestrial areas, resulting in a high cost. Our proposed TLRS scheme can always achieve
the lowest cost compared with other slicing window length policies.

Next, we investigate the effectiveness of the HPPO-based resource reservation strategy
in our proposed TLRS scheme. For comparison, we introduce the following benchmark
algorithms: 1) SRS: Separate resource slicing decisions for satellite and terrestrial networks,
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Figure 3.8: Average system cost under different minimum elevation angles of LEO satellites.

i.e., all involved satellites and all BSs have consistent resource reservation decisions within
the slicing window, respectively, although the decisions for satellites and BSs may differ
from each other; 2) IRS: All involved APs within the slicing window have the identical
resource reservation decisions; and 3) NRRS: Resource slicing decisions for APs are non-
reconfigurable and maintain a fixed value in all slicing windows, where the decisions are made
according to the average service demand from CAVs. Both SRS and IRS policies adopt an
HPPO-based algorithm with two and one action for resource reservation, respectively.

In Fig. 3.9, we show the CDF of resource cost and system cost performances of different
resource reservation strategies. Specifically, we can find that the proposed TLRS scheme
reserves the minimum resources to achieve the minimum system cost since the resource
reservation decisions are made for each AP in each slicing window, which can result in
efficient resource utilization for minimizing the overall resources. However, SRS and IRS
cannot provide efficient resource reservation decisions due to their limited action dimensions,
which cannot effectively take into account the spatial dynamic of service demand and
the impact of satellite mobility. In addition, since NRRS strategy does not adapt to the
changes in satellite resources, it only considers the average service demand for all time slots,
resulting in high system costs.

Then, we compare the average system cost of different communication resource reserva-
tion decisions with different minimum elevation angles of satellite networks in Fig. 3.10.
Specifically, the proposed TLRS scheme has the lowest system cost compared with other
policies. The advantage stems from the fine-grained resource reservation decisions from the
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Figure 3.9: Performance under different resource reservation strategies.

HPPO-based algorithm in the TLRS scheme by considering the decision for each AP in
each slicing window, reducing the system cost. The benchmark algorithms can only make
resource reservation decisions by taking into account the average conditions, which results
in a higher cost with either more unsupported service demand or more resource cost. With
the increment of minimum elevation angle, the overall cost increases accordingly, and the
TLRS scheme consistently maintains a low level of cost. Specifically, with a large elevation
angle, due to the insufficient available resources, a high cost will occur for all strategies,
while the proposed TLRS scheme can always achieve the lowest cost.

Last, we evaluate the effectiveness of the SBMA for caching and multicast decisions.
Specifically, we adopt different benchmark algorithms, including the strategies with and
without multicast, as well as different caching policies, including matching-based caching
(MBC) and popularity-aware caching (PAC) strategies. Specifically, for the non-multicast
policy, only unicast slice is considered for each AP.

In Fig. 3.11, we compare performances of different caching and multicast policies
with different multicast interval times. From Fig. 3.11(a), we can find that the proposed
TLRS scheme can accommodate the most service demand compared with other policies
due to the effective caching and multicast strategies in each satellite. Specifically, when
the multicast interval time is small, less resources are required for multicasting one file
with delay satisfaction. In this case, more service demand of popular files can be benefited
through multicast. With the increment of the multicast interval, the required resources
increase accordingly due to limited transmission time for each multicast to satisfy the
service requirement, the service demand cannot be fully accommodated. The policy with
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Figure 3.10: Average system cost with different resource reservation policies.

multicast and PAC has a slightly worse performance compared with the TLRS scheme since
the caching policy only considering the popularity of the file cannot take full advantage of
the time-varying available resources and jointly leverage multicast and unicast feature of
satellites. In addition, the policy with multicast but without caching has a sudden increase
of unsupported service demand when the multicast interval increases. The main reason
is that when the multicast interval time is large, the required queueing and transmission
delay in each AP is small. In this case, without caching in satellites, the backhaul delay
occurs resulting in difficulties in satisfying the service requirement, which leads to a high
unsupported service demand. If the multicast is not adopted, the unsupported service
demand is high since the unicast cannot support the huge service demand for some files.

Moreover, the average delay performance is provided in Fig. 3.11(b) with different
multicast intervals. When the multicast is not adopted, the average delay is low since there
is no waiting time for each multicast event. For the policy adopting multicast without
caching, when the multicast interval time is small, the required resources for satisfying
delay requirements can support the file fetched directly from the content server. Hence,
considering the backhaul delay, the average delay is larger than other strategies. However,
when the multicast interval time is large, the delay requirement cannot be satisfied without
caching, resulting in a large amount of unsupported service demand. Therefore, the average
delay becomes small since it only counts the accommodated service demand mainly from
unicast slice. As for the policies consisting of multicast and caching, they have similar delay
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Figure 3.11: Performance for different caching and multicast policies.

performances while the proposed TLRS scheme can achieve a lower delay.

Finally, the average system cost performance is shown in Fig. 3.11(c), where the
proposed TLRS scheme achieves the best performance compared with other strategies.
Specifically, we can find that the dominant part of the overall cost is the accommodated
service demand. In this case, the performance of the policy consisting of multicast and PAC
approaches to the proposed TLRS scheme. On the other hand, the policies without either
multicast or caching have a large system cost, especially under a large multicast interval
time. Therefore, we can conclude that our proposed TLRS scheme can achieve an adaptive
and efficient resource slicing in STTVN.
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3.7 Summary

In this chapter, we have investigated a multi-dimensional resource slicing problem for HD
map distribution in STIVN. By jointly taking full advantage of satellite and terrestrial
networks, we develop a novel resource slicing scheme and establish MS and US considering
different transmission modes in STIVN. To cope with time-varying available resources and
spatiotemporal dynamics in service demands, we have proposed the TLRS scheme, which
is a hybrid data-model co-driven approach for resource slicing in STIVN to jointly find
the optimal slicing window length, communication and caching resource reservation, and
multicast decisions. The proposed scheme can cooperatively manage resources from both
satellite and terrestrial networks to enable reduced delay, low slice reconfiguration cost,
enhanced resource utilization efficiency, and adaptability to time-varying service demands
while satisfying service requirements.
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Chapter 4

Reservation-Stage Resource
Management with Cross-Cell
Coordination

In this chapter, we investigate a resource management problem in the reservation stage
with cross-cell coordination in STIVN to satisfy distinct service delay requirements and
efficient resource usage. To address the challenges posed by spatiotemporal dynamics in
service demands and satellite mobility, we formulate the resource slicing problem into a long-
term optimization problem. Considering the distinct control mechanism between satellite
and terrestrial networks in different cells in STIVN, a distributed resource slicing (DRS)
scheme is proposed for flexible resource management across different cells. Specifically, an
asynchronous multi-agent reinforcement learning-based algorithm is designed to determine
the optimal satellite set serving each cell and a distributed optimization algorithm is
developed to make the resource reservation decisions for each slice. Simulation results
demonstrate that the proposed scheme outperforms benchmark methods in terms of resource
usage and delay performance.

4.1 Background and Motivations

The next-generation networks are envisioned to support a wide range of emerging services
anytime and anywhere [16]. LEO satellites, thanks to their large communication coverage
and global deployment, show great potential in assisting the existing terrestrial networks
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Figure 4.1: Resource slicing across multiple cells in STIVN.

in providing ubiquitous connectivity and seamless service provision, especially in remote
areas. Therefore, by cooperatively leveraging the complementary advantages of satellite
and terrestrial networks, STIVN emerges as a promising network architecture to facilitate
services with various QoS requirements in the 6G era. This encompasses a wide range
of network-reliant services, such as V2X applications from delay-sensitive environment
sensing services with stringent delay requirements to delay-tolerant services like HD map
distribution and multimedia streaming requiring high throughput [4].

To accommodate multifarious services, resource slicing enables the construction of
multiple virtual networks, referred to as slices, on top of the shared physical network
infrastructure to realize resource isolation while satisfying different service-level agreements.
To maintain the effectiveness of slices, ensuring that they can satisfy QoS requirements
in dynamic network conditions with efficient resource utilization, it is crucial to make
periodic adjustments to slices at specific intervals referred to as slicing windows. In STIVN,
the terrestrial network consists of multiple cells, with the area of each cell being equal to
the coverage area of a satellite beam. Within each cell, multiple slices can be created to
support different services, and there should be a controller responsible for managing both
the terrestrial and satellite resources for different slices, as shown in Fig. 4.1. Moreover,
with the large coverage of LEO satellites, resources from each satellite can be shared across
different terrestrial cells, introducing the concept of cross-cell coordination of communication
resources.

To investigate the resource slicing problem with cross-cell coordination in STIVN, three
challenges need to be addressed. First, each satellite has large coverage, which can serve
different terrestrial cells using multiple beams by adopting the beam-hopping technique to
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reuse limited beam resources [104], leading to resource competition among these cells. In
addition, the dense satellite deployment enables multiple satellites to concurrently serve
the same terrestrial cell with frequency reuse or beamforming techniques [105]. In this case,
implementing a centralized resource slicing approach to derive the optimal decisions will
encounter formidable complexity since it requires extensive interactions between different
controllers and satellites. Second, the spatiotemporal dynamics in service demands across
different slices and cells result in different lengths of slicing windows as well as asynchronous
decision-making in each cell, which further complicates the decision-making process. Third,
due to the mobility of satellites, the amount of resources available for each cell is time-
varying and distinct, i.e., for each cell, the number of satellites serving the cell may vary
over time and the connection duration to each satellite may be different, posing a challenge
to conventional slicing methods designed for cases with fixed resources.

In this work, we propose a distributed resource slicing (DRS) scheme with cross-cell
coordination in STIVN to support scalable and flexible resource management in each cell.
Our objective is to reserve resources from terrestrial and satellite networks for each slice to
minimize the overall cost related to resource usage and delay performance. Considering the
distinct service demand and time-varying available resources, we design a novel resource
slicing architecture in STIVN for cross-cell coordination. Specifically, a hybrid data-model
co-driven approach is developed to find the optimal solutions in a less time-consuming
manner, where an asynchronous multi-agent proximal policy optimization (AMAPPO)-
based algorithm is presented to select satellites serving each cell in each slicing window,
and a distributed optimization algorithm is employed to determine the resource reservation
decisions for each slice. The main contributions of this work are summarized as follows:

e We investigate the resource slicing problem across multiple terrestrial cells for both
delay-tolerant and delay-sensitive applications as two slices in STIVN. To satisfy
diversified service requirements while considering distinct service demand and time-
varying available resources, we design a novel resource slicing architecture in STIVN
for cross-cell coordination. Then, we formulate the resource slicing problem into a
long-term optimization problem, aiming to satisfy distinct delay requirements with
efficient resource utilization.

e We propose a DRS scheme to realize scalable and flexible resource management across
different cells. In this scheme, considering that the resource reservation decisions
remain unchanged within each slicing window, the original problem is decoupled
into two subproblems to reduce the complexity of addressing non-linear stochastic
sequential-decision making problem. Specifically, the accessible satellites are selected
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for the slicing window in each cell and then resource reservation decisions are made
with a given satellite set in each slicing window.

e We design a hybrid data-model co-driven approach is developed to find the optimal
solutions in a less time-consuming manner, where an asynchronous multi-agent
proximal policy optimization (AMAPPO)-based algorithm is presented to select
satellites serving each cell in each slicing window, and an ADMM-based distributed
optimization algorithm is employed to determine the resource reservation decisions
for each slice.

The remainder of this chapter is organized as follows. The considered network scenario
and system models are introduced in Sec. 4.2. The problem is formulated in Sec. 4.3.
Then, the proposed distributed resource slicing scheme is proposed in Sec. 4.4, including a
distributed ADMM-based optimization algorithm for resource reservation and an RL-based
satellite selection algorithm. Performance evaluation is given in Sec. 4.5. Finally, in Sec.
4.6, we conclude this chapter.

4.2 Network Scenario and System Model

In this section, we first introduce our considered STIVN scenario with the resource slicing
architecture for cross-cell coordination and then present the system models.

4.2.1 Scenario Description

As shown in Fig. 4.1, we consider an STIVN scenario where the terrestrial network
consists of multiple cells, with the area of each cell being equal to the coverage area of
a satellite beam. The service demand in each terrestrial cell can be served by either
terrestrial base stations or LEO satellites. Let N' = {1,2,..., N} denote the set of terrestrial
cells, where a controller is deployed in each cell for managing communication resources
for different services in the cell. Denote the set of satellites within a constellation by S.
Each satellite has K beams (K < N), with each beam covering one terrestrial cell. The
available communication bandwidth in each beam is denoted by BS. Moreover, there are
A, terrestrial base stations deployed in cell n € N where each base station can provide
the communication resources with bandwidth B™. In this work, we conceptualize the
provisioning of terrestrial communication resources within a cell through a virtual terrestrial
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access point. Note that different spectrum frequencies are used for different satellites and
terrestrial communications in each cell to avoid co-channel interference.

Consider a time-slotted system where each time slot ¢ € {1,2,...,7} has the same
duration, denoted by 7. Due to the mobility of satellites, the set of accessible satellites for
cell n in time slot ¢ is time-varying, denoted by S, C S. In this case, let AP}, = {0} USL,
denote the set of all access points being able to serve cell n in time slot ¢, where ap = 0
indicates the terrestrial access point. Let a, q,+ denote whether access point ap can serve
cell n in time slot ¢ or not, where a,, 4,; = 1 indicates that access point ap can serve users
in cell n; otherwise, ay qp+ = 0.

In this work, the supported services can be classified into two categories: delay-sensitive
services with specific delay and reliability requirements and delay-tolerant services without
delay requirements. Two slices, indexed by [ = 1 and [ = 2, are created for the delay-
sensitive services and delay-tolerant services, respectively. Consider the service demand
for each service follows a non-homogeneous Poisson Process (NHPP), i.e., the intensity of
the Poisson process varies over time slots. Let A, ;; denote the service demand intensity
of slice [ in cell n in time slot ¢. Specifically, due to the potential intermittent network
connection from terrestrial networks in each cell, the service demand can be represented
by Anit = XS, + An gy, where A, is the service demand intensity within the coverage of
terrestrial networks, and A% is the service demand only being able to be served by satellite
networks. Due to the variation in service demands, the resource slicing decisions should
be periodically adjusted to guarantee the effectiveness of resource management, where the
interval of the adjustment is referred to as the slicing window. By analyzing historical data
using Al-based prediction methods, in this work, we assume that the controller can predict
the service demand of each slice for the following Wy« time slots. Therefore, the slicing
window length in each terrestrial cell should be determined according to the service demand
variation. Let W! = {t,.;, ..., tni + wn; — 1} represent the corresponding time slot set for
i-th slicing window of cell n, where t,,; is the initial time slot of the slicing window, and
Wi € {1, ..., Whax} is the slicing window length. Let AP,,; = Utew,g APf;t represents the
set of access points that can serve cell n within slicing window .

4.2.2 Communication Model

For resource slicing in each slicing window, we aim to reserve communication resources
from different access points to each slice to satisfy different service requirements. Let bZ;ap
denote the ratio of reserved resources in access point ap for slice [ in cell n at time slot ¢.
Specifically, if ap = 0, this refers to the ratio of terrestrial resources in cell n reserved for
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the slice, otherwise, it indicates the ratio of the reserved resources in a beam of ap. Once
the resources are reserved, they cannot be adjusted within the slicing window, given by

bt = bVt + 1 € W) anap = anaper = 1. (4.1)

Due to the time-varying nature of stochastic service demands, it is difficult to satisfy
the deterministic QoS requirement for every network slice. To model the statistical delay
performance, effective capacity emerges as a valuable approach [95]. Specifically, it quantifies
the maximum arrival rate that can be accommodated by reserved resources for each slice,
facilitating the evaluation of delay-bounded violation probability that the overall delay

D' exceeds the delay bound DF, ,,, presented as [100]
n,a B
PUDL™ 2 D2,,,,) ~ o0 PR )

where C(-, 0) is the effective capacity, and 6 is the QoS exponent representing the exponential
decay rate of the QoS violation probability according to the large derivation theory [97],
in which the value of # is assumed to be the same for queues in each access point. For a
long-term planning problem, we consider the service rate RZ;ap to be mainly affected by the
average communication distance between users and access points. In this case, the packet
buffer at each access point for each slice can be modeled as an M/D/1 queueing system in
each time slot, where the service rate counting in packets in the queue can be given by
n,ap

na ’ Pop| P apit|?
Ry = I = logy(1+ Poplfnapal” = pil

) (4.3)

where L; is the packet size for slice {, P,, is the transmission power of ap, hy, qp; is the
channel gain of the transmission between users in cell n and access point ap, which can be
presented as fy, qp+ = (dn@p,t)*é“?’, with the pathloss exponent d,, of access point ap and the
distance d,, 4p,+ between the central point of cell n and access point ap in time slot ¢. Denote
the entire bandwidth of access point ap by B,,. When ap = 0, B,, = BT for analyzing
effective capacity in each base station to determine the delay-bounded violation probability
served by terrestrial networks, otherwise, B, = BS. Moreover, D |, = DP — LoyesDy, oy,
considering the propagation delay for satellite communication with

Drlj,r;;st = dn,ap,t/ca (4.4)

where DP is the specified delay bound for services in slice [ and c is the light speed.

Due to the deterministic service rate, the effective capacity is defined as
1 n,a
C(B}y™,0) = =5 log (E{e "M }) = Ry, (4.5)
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Based on the effective capacity, with a given reserved resources from access point ap, the
maximal supported intensity for the Poisson process can be given by [107]

. {QC(R?;“”,H)

min 0—’
el —1

0C (R, 0)
e —1

A"’L7(1/p7l7t =

A, )\S’u}, if ap =0,
(4.6)

, otherwise,

where the maximum supported service demand from terrestrial networks is limited by S, ,.

To satisty the service demand for each slice, the total supported service demand ;\Zoltt should
exceed the service demand for each slice, given by

5‘:3;,1& = Z 5\n,a]u,l,t Z )\n,l,t~ (47)

ape AP:i ¢

4.3 Problem Formulation and Decomposition

4.3.1 Problem Formulation

Considering the dynamic network environments with time-varying service demand and
available resources for each cell, we aim to minimize the long-term overall system cost by
reserving communication resources from different access points. The overall system cost
includes the resource cost from both terrestrial and satellite networks and the dissatisfaction
cost for the delay-tolerant service. Specifically, the resource cost in time slot t for cell n is
the sum of resource cost in different slices from different access points serving the target
area, which can be given by

=3 > by Bay, (4.8)

L ape AP,

where a,, is the cost of a resource unit for access point ap.

Moreover, although there are no stringent delay requirements for the delay-tolerant
service, each user may have an expected delay performance given by DE. Denote the delay
dissatisfaction probability by

Wt 1 = Pr(Dsziap > Dy l,t)ﬂb{f;“”>07 (4.9)

n7ap7l’ /rl’7a’p7
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indicating the probability of the delay exceeding the expectation for slice [ of cell n in time
slot t. In this case, the dissatisfaction cost in time slot ¢ for cell n can be represented by
the maximum delay dissatisfaction probability from all access points serving users in the
cell, given by

(4.10)

dis dis
Cn,; = maxapeAPf’t n,zp,2,t :
Let by ap = {677, .., 07"} denote the vector of the resource reservation decision for
slice [ in cell n from access point ap within 7" time slots. To this end, we formulate the
resource slicing problem in STIVN to minimize the long-term overall system cost while

satisfying delay and reliability requirements in the presence of network dynamics, given by

. - sys
PO br:iil,z Th_r}r;o ;%ZN ] (4.11)
st Wis 1 <e, (4.11a)
0< Z b < anapis (4.11D)
> Zb;jfp < K,Vap € 8, (4.11c)
n l
(4.1), (4.7),

where

sys 61 Cres + /BQCdlS

n,t?’

(4.12)

with 8, and (5 representing the weights for two costs. Constraint (4.11a) represents that
the delay dissatisfaction probability should be less than ¢ as the delay and reliability
requirement of delay-sensitive services; constraint (4.11b) indicates that for each access
point, the overall ratio of reserved resources for different slices in one cell should be between
0 and 1 if the connectivity is accessible, otherwise, the ratio should be 0; and constraint
(4.11c) limits the maximum available beam resources from each satellite.

4.3.2 Problem Decomposition

Note that the formulated problem PO is a non-linear stochastic optimization problem with
spatiotemporal dynamic service demands and time-varying available resources in STIVN.
Therefore, conventional optimization methods face significant challenges in solving such
long-term optimization problems with the space and time interactions among different
cells. Furthermore, the continuous decision space for decisions from each access point
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for all slices makes the direct application of model-free techniques impractical. Thus, we
propose a distributed resource slicing (DRS) scheme to solve the problem. Specifically, to
reduce the decision dimension, considering that the resource reservation decisions remain
unchanged within each slicing window, we decouple the original problem into the following
two sub-problems: 1) resource reservation problem with a given access point set in each
slicing window obtained from the second subproblem, and 2) access point selection problem
for the slicing window in each cell.

In the first subproblem, with a set of access points to serve the target cell, each controller
determines the reservation ratio in each slicing window to minimize the system cost, given

by

tn,i+wn,i
Pl min Y C% (4.13)
bn,ap ;
t_tni
st. ap € AP, (4.13a)

(4.1), (4.7), (4.11a), (4.11b), (4.11¢),

where AP} ; is the selected access point set for i-th slicing window in cell n.

In the second subproblem, we find the optimal set of access points to serve each cell in
each slicing window for a long-term optimal overall system cost, which is given by

- s
P2 J%l)l}l Ilgxolo Z Z ] (4.14)
n,t t 1 nEN
st. AP, € AP, (4.14a)

(4.1), (4.7), (4.11a), (4.11b), (4.11c).
4.4 Distributed Resource Slicing Scheme with Cross-
Cell Coordination

In this section, we first derive the distributed optimization algorithm for the resource
reservation algorithm in each cell given the selection of serving access points and then
develop an RL-based access point selection algorithm.
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4.4.1 Distributed Optimization Algorithm for Resource Reserva-
tion

In our considered STIVN, one satellite can cover multiple terrestrial cells, leading to potential
resource competition among different cells. Since different controllers independently make
decisions without direct communication, it is hard to design a centralized optimization
approach to find the optimal decisions for all cells to solve P1. Therefore, we design a
distributed optimization algorithm for resource reservation with centralized feedback from
satellites, where the resource utilization of a satellite can be reported to its served cells to
help the controller decisions. The designed algorithm is implemented in a two-step process
involving local solution derivation and global decision execution.

In the first step, each controller finds the local solution [l;lrffp [P Wni gt the beginning
of each slicing window to solve P1 by neglecting constraint (4.11c) for the potential
resource competition. Since the objective function (4.13) and constraint (4.11a) includes a
conditional expression related to the variable l;;ffp , the problem cannot be directly solved
by the optimization technique. In this case, we add an additional binary variable ;" to
constrain the resource reservation decision, equivalently transforming P1 into

tn,i+wn,i
Pl min Y Y (4.15)
bl,’t p7rl,;& i t=ty, ;
st Pr(Dyy* > D)+ —1<e, (4.15a)
lN)Z;f‘p <, (4.15b)
rt € 40,1}, (4.15¢)
(4.1),(4.7), (4.11a), (4.11b), (4.13a).
Specifically, .
CYY =BGy + 5203,15 ; (4.16)
where .
Cup = max Pr(Dyi” > Do)+ — 1. (4.17)

Since the formulated mixed integer programming problem with conic constraints is a convex
problem, the local solution for each cell [b;;" JAPniXwni can therefore be directly obtained
via convex optimization solvers.

Given local solutions, each controller then executes the decision for each access point.
Considering the potential exceeded utilization of the beam resources from each satellite,
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an alternating direction method of multipliers (ADMM)-based iteratively distributed
optimization algorithm is designed to reach the final feasible decision execution. Specifically,
ADMM is a highly efficient algorithm applicable to distributed convex optimization [108,109],
which has been proved with a rapid convergence speed to a highly accurate global optimal
solution [110]. In distributed ADMM, a global consensus problem is divided into several
local subproblems, with the solutions to these local subproblems being coordinated to
achieve a consensus solution for the original problem.

Taking the inequality in Eq. (4.11c) into account, the corresponding augmented La-
grangian expression is given by

({bnap} {T?tap} Wapits {zapi}) =
tn,itWn,i
5 (zosys £ (Z S H 4 2 - K> .
(4.18)

t=ty neN apE AP}, ; neN 1
2

'y (Sxwean-x) )

2

apEAP}, ; neN 1

where v, ; is the Lagrange multipliers for ap in the slicing window ¢ for illustrating the impact
from resource collision, z,,; is the constraint of the overall available resources transformed
from Eq. (4.11c), and p is the is a positive constant representing the penalty. Then, in each
iteration, variables {bn P H AT Y {Yapa}s and {24} should be updated sequentially for a

global consensus. Specifically, with given {y,,;} and {z,,:}, the optimal {bn 7} and {r "}
in the current iteration can be obtained by solving the following optimization problem

P1 min LU (05 {aphs {an ) (4.19)

n,ap mn,ap
blt Tt

s, (4.1),(4.7), (4.11a), (4.11b), (4.13a), (4.15a), (4.15b), (4.15¢).

Then, for each access point, with the updated {b” "} and {r;";""}, the Lagrange multipliers
can be updated as

tn,itWni
Yap,i < Yap,i +p Z (Z Z Z)Z;ap + Zapyi — K) , (420)

t=tn,; neN 1
and the constraint variable z,,; can be updated by solving

({bnap} {T?tap} {Yap,i}s {Zap,i})

OZap,i

= 0. (4.21)
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Algorithm 3 Iteratively distributed optimization algorithm

1: Initialization: Local solution Effp :

2: while u < itery,x and not conve}ge do

33 forapeS,, do

4 if B;ffp not executed and a;;"” =1 then
5: Send the local solution to access points;
6

Each access point updates the Lagrange multiplier y,,; and constraint value 2, ;
according to Egs. (4.20) and (4.21);

7 Send the updated variables to each controller;
8: end if

9: end for

10: if 3 Eq. (4.11c) not satisfied then

11: Update b, ;" by solving P1";

12: Go back to line 3;

13:  end if

14: end while
15: If exceeding the capacity of each access point, proportionally reduced resource values;
16: Execute decisions to b and update b;}"";

17: Output: Bﬁfp and b?;ap;

The main algorithm is given in Algorithm 3 for the decision execution. With the local
solution of each controller, when the access point becomes accessible within the time window,
the controller will send local solutions to the corresponding access point for execution. If
the local solutions overuse the satellite resources, the Lagrange multiplier and constraint
variables will update in the corresponding access points and send back to each controller as
shown in lines 3-7. Otherwise, the reserved resource will remain the same within the slicing
window while the satellite is accessible. Then, each controller needs to solve P1” until
reaching the maximum number of iterations or the objective function value converges, given
by line 11 to 12. Finally, the controllers execute decisions and update the local solutions.

4.4.2 Reinforcement Learning-Based Access Point Selection

Next, we will investigate the optimal access point selection for each cell in each slicing
window. Since the formulated access point selection problem is an integer nonlinear
optimization problem with asynchronous decision-making from each controller, it is complex
to obtain optimal decisions by deterministic optimization algorithms. Thus, we reformulate
problem P2 as a decentralized partially observable Semi-Markov decision process (Dec-
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POSMDP) [111] to model the time-varying service demand and interaction among different
cells.

We model the Dec-POSMDP as a tuple (N, &,2, P, R W,~, 0, Z), including the
agent space N represented by the set of controllers in each cell, the state space &, the
action space of each controller 2, the state transition function P := & x2Ax & — [0, 1], the
reward function for each slicing window R" := & x A x W — R, slicing window space W,
discounted factor v, observation spaces from each controller O, and observation function
Z =6 x2Ax O — [0,1], where - represents the joint parameters for all controllers.
Let ¢! = [)\ml,t/,POSap,t/,an,ap,t/,wn,i,BZ;Zpi]apeApmmxewa € O denote the observation of
the controller in cell n in 4-th slicing window, where POS,, s is the position of access
point ap. The state in time slot ¢ is the joint observation of each controller, given by
==U ({n.i}ftewi} ¢*. The action in slicing window 4 for the controller in cell n is denoted
by Al = AP}, ; € A for the access point selection, which is determined at the beginning of
each slicing window in each cell. To evaluate an action in a state, we define the obtained
reward for each controller in each slicing window as

Rii(Gn A W) =D A (O = VI, (4.22)

where V,,; is the penalty value indicating the violation of constraints (4.7) and (4.11a),
given by

pen

nt _plzﬂ-/\tot <An lt+p2 maX {]].Wms

n,ap,1,

et (4.23)

with the penalty weights p; and ps, and v € (0, 1) reflects the importance of future reward
compared with immediate reward. Let IT denote the set of all policies. To estimate the
expected return of the current decision-making, a discounted cumulative reward function is
considered and the objective function is transformed as

max E Z Z Y Ry ( (¢, AL W)

mell
=0 neN

7'('] : (4.24)

To solve the problem, we propose an asynchronous multi-agent proximal policy optimiza-
tion (AMAPPO)-based algorithm [112], where each agent can take actions asynchronously.
A centralized training and decentralized execution (CTDE) paradigm is adopted, where each
controller makes decisions based on individual observations and updates the policy from the
global state in a centralized manner. For each controller, the actor network parameterized
by ¢ is responsible for the selection of access points for each slicing window in its cell given
the local observation. The critic network parameterized by 1 is leveraged to approximate
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Algorithm 4 AMAPPO-based access point selection algorithm

1. Initialization: Parameters ¢, ¢, and buffer B = {};
2: while episode < episode,., do

33 forte{l,2,...,T} do

4: Obtain the state Z;

5: for n € N do

6: if t =t,; then

7: Obtain the observation ¢’ and action of access point selection A’ based on
the policy my;

8: Solving P1’ to obtain the initial local solution;

9: end if

10: end for

11: Apply Algorithm 3 for reserving resources;

12: for n € N do

13: if t = tn,i + Wi — 1 then

14: Compute reward RY, (¢}, Aj, W) and insert transition data into buffer B;

15: end if

16: end for

17:  end for
18:  Update the policy parameters ¢ < arg maxsLP(¢);
19:  Update critic network parameter
9 4= argming g >, nen(E [RY4Vo(Eh i) — Vo (Er)])?
20:  Empty buffer B;
21: end while
22: Output: Parameter ¢;

a state-value function by generating the value of the given global state for updating the
actor networks. Due to multiple satellites that can serve a cell in a slicing window, a large
action dimension is introduced for selecting multiple satellites from a controller. Moreover,
considering the mobility of LEO satellites, the accessible satellites for each controller in
different slicing windows may be different. In this case, the action can be presented as

a multi-discrete action set [113], given by Al = {A; , € {0,1} | ap € AP, ;}, with the
corresponding mask to avoid some inaccessible access points being selected, where A;,ap =1

represents the access point ap will serve cell n in ¢-th slicing window.

For the AMAPPO-based algorithm, the goal is to find the optimal parameter ¢ for the
policy that maximizes the following clipped surrogate objective [103]

L% (¢) =E{min (&g A ™ota,clip(£5,1— 0,1 +8) A™o1a) } | (4.25)

where &5 = m,(A|() /74,4 (A|C) is the policy updating ratio based on current policy for ¢.
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Moreover, A™ou is the estimated advantage from policy 74, which can be expressed as
Aol (Cvzw A:w W17:L> - R;LU,Z(C;L’ Aim W;L) n ‘ Vﬂ(‘_'t’n z+1> V'&(Etn,i>7 (426>

where Atf;“l-l = tpnit1 — tn,i. The state-value function of the critic network is given by

{Z’YN:#RW Ltk fit1+k Wl+1+k>|5tn,m”}' (4.27)

The clipping function clips the ratio £; between 1—¢ and 140 with a clipping hyperparameter
0, which removes incentives for the new policy to get far from the old policy to improve the
learning stability.

The overall AMAPPO-based resource slicing algorithm is given in Algorithm 4. The
buffer B is used to store the transitions of the interaction with the environment. As shown
from lines 5-14, at the beginning of each slicing window, the controller of each cell obtains
the observation from the environment and takes actions based on the current policy. At the
end of each slicing window, the controller calculates the reward and records transition data
into the buffer, including the state, observation, action, reward of a slicing window, and the
next state. At the end of each episode, the policy and value function will be updated based
on the clipped surrogate objective and the mean-square error based on lines 18-19.

4.5 Performance Evaluation

In this section, we present simulation results to demonstrate the performance of our proposed
DRS scheme in STIVN. We adopt the Starlink Phase 1 for the satellite constellation
parameters, including 72 orbits with 22 satellites on each orbit. The inclination angle is 53
degrees and the altitude of the satellite is 550 km. By default, we set the elevation angle
to be 40 degrees. Each satellite has 3 beams to serve different cells simultaneously. The
satellite transmit power is set to 10 dBW, with an antenna gain of 50 dBi and pathloss
factor of 2.5. The transmit power of base stations is 32 dBm with an antenna gain of 10
dBi and pathloss factor of 3.5. In the simulation, we consider 7 cells in total, where each
cell has different numbers of base stations and diversified service demand.
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Figure 4.3: Convergence performance.

The overall time of the simulation includes 300 time slots where the duration of each
time slot is set to 20 s. The maximum slicing window length is 300 s. The delay and
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Figure 4.4: CDF of system cost in each time slot.

reliability requirement for delay-sensitive applications is set to 50 ms with € = 0.01 and the
packet size of 0.2 Mb, while the expected delay for delay-tolerant applications is 0.3 s with
packet size of 2 Mb. The considered service demand is shown in Fig. 4.2.

To evaluate the effectiveness of the proposed DRS scheme, we adopt the following two
benchmark algorithms: 1) Pure-AMAPPQO: the resource reservation decisions are directly
made by AMAPPO-based algorithm by outputting the ratio of resources reserved for each
slice from each access point, adopting the same learning rate of the proposed DRS scheme;
and 2) IDOA: the resource reservation decisions are obtained from Algorithm 3, where
resources from all satellites covering the cell within the slicing window can be reserved.

We first present the convergence performance of the overall system cost in each iteration
of the proposed DRS scheme during the training period, compared with the Pure-AMAPPO
algorithm, as shown in Fig. 4.3. We conducted the simulation with 2000 iterations. It can
be seen that the accumulated system cost in each episode of our proposed DRS scheme
converges after around 850 episodes, which has a faster convergence speed compared with
the Pure-AMAPPO which converges after around 1500 episodes. This indicates that our
proposed scheme in a hybrid data-model co-driven approach can achieve optimal results
with a short training time.

Next, as shown in Fig. 4.4, we compare the time slot-averaged system cost with
benchmark algorithms in two scenarios. The first scenario assumes that all cells have
identical service demands of cell 3 shown in Fig. 4.2, where the slicing window lengths
are the same in every cell. The second scenario considers varying service demands with
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asynchronous resource reservation decisions in each cell. From Fig. 4.4(a), we can see
that our proposed DRS scheme outperforms the IDOA and has similar performance to the
Pure-AMAPPO since the reinforcement learning-based satellite selection can effectively
reduce the competition among different cells. With the different service demands in each
cell, as shown in Fig. 4.4(b), the performance of the DRS scheme can approach the Pure-
AMAPPO and outperform the IDOA, indicating that our proposed scheme can effectively
take the temporal and spatial interactions among different cells into account to reach a
lower system cost.




different minimum elevation angles in Fig. 4.5. From the figure, we can see that when the
elevation angle is small, indicating that more satellites are able to serve users in each cell, a
large amount of resources are reserved to ensure a small delay dissatisfaction probability,
which enables a small overall system cost with the optimal tradeoff for delay-tolerant
applications. With the increment of the elevation angle, the resource decreases and the
delay dissatisfaction probability increases correspondingly. Specifically, some unavoidable
satellite resource competition from different cells or even a service disruption from satellite
networks with a large elevation angle may result in a large delay dissatisfaction probability.
Combining these two factors, as shown in Fig. 4.5(c), the overall cost increases for a larger
minimum elevation angle and small expected delays of delay-tolerant services results in a
high cost due to the stringent requirements.

4.6 Summary

In this chapter, we have investigated resource slicing with cross-cell coordination in STIVN
to minimize the system cost in terms of resource usage and delay performance for different
services. To cope with the spatiotemporal dynamics of service demand and satellite mobility,
which result in asynchronous slicing decisions and resource competition across different cells,
we have proposed a DRS scheme by developing a hybrid data-model co-driven approach for
resource slicing in STIVN, which can effectively reduce the training time compared with a
fully data-driven method. Specifically, an AMAPPO-based algorithm is designed to find
the optimal satellite set for each cell, and a distributed optimization-based algorithm is
introduced for resource reservation to find the minimum cost in each slicing window.
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Chapter 5

Operation-Stage Resource
Management for Environment Sensing

In this chapter, we investigate a real-time multi-dimensional resource management prob-
lem in STIVN in the operation stage. Specifically, we study the infrastructure-assisted
environment sensing in STIVN for CAVs, where satellites and RSUs cooperate to provide
CAVs with fresh sensing data. To support satellite- and RSU-assisted environment sensing
for CAVs, we formulate a resource scheduling problem in STIVN to satisfy sensing data
freshness requirements with efficient resource usage. To deal with the challenges posed
by the dynamic network environment as well as stringent data freshness requirements, we
propose a cooperative satellite-terrestrial resource scheduling (CSTRS) scheme. CSTRS
is a model-data co-driven approach that can adaptively optimize the sensing interval and
resource allocation in STIVN. Specifically, benefiting from the multicast feature of the LEO
satellite, coalition game and particle swarm optimization-based algorithms are designed
to partition CAVs into groups and optimize sensing intervals. Then, a reinforcement
learning-based algorithm is developed to make real-time computing and communication
resource allocation decisions based on the CAV partition. Simulation results demonstrate
that the proposed scheme outperforms benchmark methods in terms of resource usage and
reliability performance.

5.1 Background and Motivations

As the number of CAVs on the road increases tremendously, the acquisition of real-time
environment data becomes imperative for optimizing driving routes and enhancing the

87



overall travel experience [I11]. Specifically, each CAV needs surrounding environment
information within its range of interest (Rol), for improving transportation safety and
efficiency. With the help of the built-in processors of CAVs, onboard sensors are able to
sense the surrounding environment and process the sensing data to detect objects, such
as non-connected vehicles, obstacles, etc. However, considering the limited sensing area
as well as the potential blockage from a single CAV view, augmenting the sensing range
and mitigating blocked areas are essential. Infrastructure-assisted environment sensing,
using sensors deployed on different network infrastructures, can provide large-range traffic
information within the Rol of CAVs to increase the trust level of the observation [%]. To
maintain up-to-date environment information in CAVs, freshness and reliability of sensing
results are crucial to avoid data expiration. However, the freshness of sensing results
diminishes over time, underscoring the need to maintain a high freshness level for high
safety and optimal CAV control.

Currently, most sensors including cameras and LIDAR sensors are deployed on terrestrial
infrastructure such as roadside units (RSUs) to support environment sensing [115]. By
deploying edge servers on RSUs, the sensing data, such as images of the covered area,
can be processed to generate sensing results. These results are then transmitted to CAVs
within the RSUs’ service range to update surrounding traffic information. The significant
computing and communication capabilities of RSUs for data processing and transmission
enable environment sensing with low latency and high reliability, making terrestrial networks
the primary choice for serving CAVs. However, RSUs cannot achieve global deployment
due to high costs and geographical constraints, especially in rural or remote areas. In this
case, the sensing data cannot always maintain a high level of freshness and may become
outdated over time.

To enlarge the network coverage to support CAVs, Low Earth Orbit (LEO) satellites
offer a promising solution [18, 116]. With their dense deployment, LEO satellites can
augment terrestrial networks by providing ubiquitous connectivity and seamless service
provision, especially in remote areas. Remote sensing LEO satellites have been studied
for many years, where high-resolution satellite images allow the monitoring of road traffic
conditions to improve traffic efficiency [117]. With edge computing capabilities equipped on
LEO satellites, the sensing data can be processed directly, eliminating the need to transmit
large volumes of raw data to ground servers and reducing transmission delay. Nevertheless,
satellites move over time and have a higher unit cost of resources compared to terrestrial
networks, where a sole satellite network is resource-inefficient in serving CAVs. To take full
advantage and complementarity of both satellites and RSUs for environment sensing to
satisfy the freshness requirement and optimize resource utilization, cooperative resource
scheduling from both satellite and terrestrial networks in STIVN is critical.
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However, cooperative resource scheduling for both satellite and terrestrial networks still
encounters several challenges in supporting environment sensing. First, to maintain the
freshness of sensing results in each CAV, two factors need to be jointly considered: sensing
interval and infrastructure-related delays in data processing and result transmission, which
leads to a highly complex resource scheduling strategy in a dynamic network environment.
Second, the mobility of LEO satellites and CAVs causes the distance between them and
CAVs to vary over time, introducing fluctuations in propagation delay, communication
performance, and network accessibility over time, resulting in variable resource demands
from both satellite and terrestrial networks. Third, LEO satellites and RSUs in STIVN
have heterogeneous network features in terms of coverage areas and content delivery modes.
Due to the distinct coverage areas of satellites and RSUs, connection durations for CAVs
differ between satellite and terrestrial components. Meanwhile, each network component
needs to schedule both computing and communication resources with varying resource
costs for environment sensing. Since CAVs can be supported by satellites alone or by both
satellite and terrestrial networks, cooperative resource scheduling between these two distinct
networks becomes complicated. It requires managing varying connectivity patterns and
resource differentiations, involving multiple decisions to ensure seamless service and data

freshness for CAVs.

To address the abovementioned challenges, in this chapter, we propose a cooperative
satellite-terrestrial resource scheduling (CSTRS) scheme. CSTRS scheme aims to coop-
eratively allocate communication and computing resources as well as determine sensing
intervals in STIVN, ensuring stringent data freshness requirements with efficient resource
utilization. Specifically, a hybrid data-model co-driven approach is developed to find the
optimal solutions in two steps for simplifying the decision-making. Leveraging the multi-
cast feature of LEO satellites to serve a group of CAVs simultaneously with less resource
consumption, we design model-based sensing interval determination and CAV partitioning
methods in a large timescale for reducing the computing and communication resource cost
and the resource allocation complexity. Based on the CAV grouping and sensing interval,
a reinforcement learning-based algorithm is then developed for the real-time computing
and communication resource allocation decisions for different CAV groups to cope with
time-varying network dynamics. The main contributions of this work are summarized as
follows:

e We investigate the resource scheduling problem in STIVN to support infrastructure-
assisted environment sensing for CAVs, where both LEO satellites in satellite networks
and RSUs in terrestrial networks can provide network services for CAVs. Specifically,
we formulate the cooperative resource scheduling problem for allocating computing and
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communication resources as well as determining sensing interval and CAV partitioning
to satisfy the data freshness requirements with efficient resource consumption.

e We propose the CSTRS scheme to solve the mixed-integer sequential decision-making
resource scheduling problem. In this scheme, the original problem is decoupled into
two subproblems to reduce the complexity. Specifically, CAV partition and sensing
interval decisions are adjusted in a large timescale, while resource allocation for each
service group is determined in a small timescale.

e We design a particle swarm optimization (PSO)-based algorithm to optimize the long-
term sensing interval and a coalition formation game-based approach to determine
CAV partition, with reduced resource cost and decision-making complexity. The
real-time communication and computing resource allocation subproblem is solved
by the proposed proximal policy optimization (PPO)-based reinforcement learning
algorithm to cope with dynamic environments.

The remainder of this chapter is organized as follows. The considered network scenario
and system models are given in Section 5.2. The problem formulation and decoupling are
presented in Section 5.3. Then, a two-step CSTRS scheme is proposed, where a PSO-based
optimization algorithm and a coalition formation game are designed for determining sensing
interval and CAV partitioning for long-term decisions in Section 5.4, and a reinforcement
learning-based algorithm for real-time computing and communication resource allocation is
provided in Section 5.5. Performance evaluation is given in Section 5.6 to demonstrate the
performance of the proposed scheme, followed by the conclusions in Section 5.7.

5.2 Network Scenario and System Model

In this section, we first introduce the STIVN scenario for infrastructure-assisted environment
sensing and then describe the system models. Some useful notations are listed in Table 5.1
for easy reference.

5.2.1 Scenario Description
The infrastructure-assisted environment sensing for CAVs in the STIVN is shown in Fig.

5.1. Specifically, terrestrial RSUs can support environment sensing for CAVs within their
coverage areas. However, due to high deployment and maintenance costs or geographical
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Table 5.1: Summary of Notations

Notation Definition

p°,pl, pSS¢ Coordination of the LEO satellite, RSU n, and the center of SSG
s

aX(t) RSU accessibility for CAV u at time slot ¢

Q5(t), QT (t) Set of SSGs and TSGs at time slot ¢

I3 (t), I3 (t) Sensing intervals for SSG s and TSG g

vS(t), B3(t) Sensing data size and sensing result data size for SSG s

Remaining processing data size, transmission data size, and
propagation time for SSG s

Computing and communication resources allocated for SSG s at
time slot ¢

X5 6, XTs xa

Unit cost of computing and communication resource in the satel-

lite and RSUs

Sensing interval from the satellite and RSUs, and offset set for
CAV u

Overall Aol for CAV v and maximum Aol value in SSG s
Maximal virtual reliability queue value of CAVs in SSG s

TS TT 7728

u

Qu(t), g5 (t)
H™(t)

constraints, RSUs can hardly guarantee full coverage, especially in remote areas. Therefore,
LEO satellites can be utilized to complement terrestrial RSUs in supporting environment
sensing. A central controller on the ground manages all RSUs and the LEO satellite covering
the area. Here, we consider LEO satellites with steerable beams to cover the service area in
a fixed time [118]. Consider a time-slotted system where each time slot t € T = {1,2,...,T}
has the same duration, denoted by 7, and T is the duration of LEO satellite service for
a given area following the minimum elevation angle requirement. Let (75, a,w(t), p(t))
illustrate the time-varying position of the LEO satellite at time slot ¢, where 7° is the LEO
satellite orbit radius, « is the orbital inclination angle, w(t) is the longitude of the ascending
node of the orbit, and p(t) is the argument of periapsis, defining the angle measured
from the ascending node of the orbit to the satellite. The Cartesian coordination of the
satellite at time slot ¢ can therefore be transformed and given by p5(¢) = (25(¢), y5(¢), 25(¢))
according to [18]. Let N' = {1,2,..., N} denote the set of RSUs serving the target area,
where each RSU has a fixed coverage radius of T. The Cartesian coordinate of RSU n is
pl = (zF 4yl 21). Let U = {1,2,...,U} denote the set of CAVs, where each CAV has the
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Figure 5.1: Considered environment sensing scenario in STTVN.

coordinate p¥(t) = (U (¢),yY(t), 27 (t)) at time slot ¢. Considering the mobility of CAVs,
the accessibility to RSUs may change over time. Let a. (¢) represent the RSU accessibility
for CAV u at time slot ¢. If a] (t) = 1, CAV u can access at least one RSU at time slot ¢,
while if a] (t) = 0, CAV u cannot access to any RSU.

Consider that both LEO satellites and RSUs have the capability of data processing
with the deployment of edge servers. For infrastructure-assisted environment sensing,
the LEO satellite and RSUs need to periodically sense the Rol of CAVs, process the
sensing data, and deliver the sensing results to CAVs. Processing and transmitting the
sensing data related to the Rol of each individual CAV may lead to unnecessarily excessive
consumption of computing and communication resources due to the potential overlaps
among different CAVs’ Rols. To mitigate this issue, we leverage the multicast feature of
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LEO satellites to serve a bunch of CAVs simultaneously to enhance computing resource and
bandwidth utilization. Specifically, we establish multiple satellite service groups (SSGs) for
environment sensing from the satellite, where each group contains a subset of CAVs. Let
Q5(t) = {so(t),s1(t), ...,s,u(t)} denote the SSGs, where s;(t),i # 0 is the i-th SSGs served
by the LEO satellite at time slot ¢ and sy(t) is the CAV group not served by the satellite.
On the other hand, due to the small coverage of RSUs, we consider that each RSU serves
one terrestrial service group (TSG) consisting of all CAVs within its coverage. Specifically,
each RSU periodically senses the environment within its coverage, processes the sensing
data, and transmits the result to all covering CAVs. In this case, TSGs can be denoted by
QT(t) = {g1(t),...,gn(t)}, where g;(t) is the set of CAVs in the i-th TSG served by RSU i.
Considering the mobility of CAVs, CAVs in each TSG may change over time and SSGs are
adjusted in a constant time interval, consisting of k time slots.

To satisfy the data freshness requirement, determining a proper sensing interval is
essential for each service group (SG). Basically, a small sensing interval enables tracking real-
time vehicle behavior but leads to stringent processing and transmission delay requirements,
consuming a large amount of resources. On the other hand, a large sensing interval may
violate the freshness requirements. Considering that sensing from the satellite and RSUs can
both affect the freshness of the sensing results, the sensing interval from different sources
should be jointly determined to minimize resource consumption. Let I3 (t) and I (¢) denote
sensing intervals for SSG s and TSG g at time slot ¢, respectively.

5.2.2 Age of Information Model for Environment Sensing

As up-to-date sensing results are crucial for CAVs to make timely and accurate decisions in
dynamic environments, it is important to satisfy the freshness and reliability requirements
of environment sensing. Age of information (Aol), which is a metric quantifying the time
elapsed since the most recent sensing data was generated, can be utilized to describe the
freshness and reliability of the sensing results received by CAVs [119]. Specifically, each
sensing data is stamped with the time of the generation. The Aol of the sensing result for
CAV w is defined as the time elapsed since the latest received sensing result was generated
from the LEO satellite or RSU. The evolution of Aol for the sensing result of CAV u can
be given by

X
u

(5.1)

(t) = et—1)+1, if no packet received,
)t — max {tX(0)[t"*(i) < t}, otherwise,

where tX(i) and ¢’ (i) are the generation time and the delivered time of the i-th sensing
data and result of CAV u, and x € {S, T} represents that the sensing data is generated
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from satellite or RSUs. When CAV u receives new sensing results, the Aol is renewed to
describe the freshness information of the latest data; otherwise, it increases linearly over
time slots.

The Aol should be bounded to guarantee the freshness of the environment information.
Moreover, to guarantee the reliability of environment sensing, the probability that the
sensing data is correctly received within the freshness threshold 7" should be larger than
1 — e [120]. Since CAVs are able to receive sensing results from both RSUs and the LEO
satellite, the overall Aol of a CAV depicts the Aol of the data from either source, which is
determined by the minimum Aol from terrestrial or satellite networks, as shown in Fig. 5.2.
Note that if a fresher sensing result is received by the CAV, the earlier generated data from
either RSUs or LEO satellite for this CAV, which has not been received, will be discarded.
In addition, if two sensing results are received at the same time, the formerly generated
packet will be discarded. The overall Aol for CAV u can be given as

qu(t) = min{q}(t), q, (¢)}. (5.2)

From Fig. 5.2, we can find that both sensing interval and delay of data processing and
transmission can affect the Aol value. Therefore, we need to jointly optimize the sensing
interval for SGs and the allocation of computing and communication resources from both
satellite and terrestrial networks to satisfy the freshness requirements of environment
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sensing.

5.2.3 Computing and Communication Model

When the sensing data is generated for each SG, it needs to be processed and then the result
needs to be transmitted to CAVs. For each SSG, the initial sensing data size to be processed
is denoted by v5(t), which varies for different sensing areas. Let K (t) + U5(t) + iI5(t)
represent the generation time of the i-th sensing data, where K(t) = max{jk|jk <t,Vj}
is the initial time slot of the current interval for adjusting SSGs, and W5(t) is a delayed
time of the first sensing for SSG s from K (t). The satellite computing resources allocated
for SSG s at time slot ¢ is denoted by ¢3(t). Let Q5(t) indicate the size of remaining data
for processing at time slot ¢ for SSG s, given by

i ={ ) = K (1) + 13(0) + WS, Vi

max {QS(t —1) — Ayt — 1), 0} ,  otherwise. (5.3)

The amount of data processed at time slot ¢ for SSG s is determined by Awg(t) =
min{Q5(t), 7 f5¢cs(t)/v}, where f5 represents the CPU frequency unit (in CPU cycles
per second) and ~ is the computation workload (in CPU cycles per bit). Specifically, the
following computing resource allocation constraints should be satisfied:

S S < VL (5.4)
seQS(t)
() =ci(t—1), if0<Q(t)<Q(t—1), (5.5)

where (5.4) indicates the constraint on the maximum computing resources in the LEO
satellite, and (5.5) represents that the allocated computing resources remain unchanged
during the processing.

After processing the sensing data, the sensing results need to be multicast to CAVs in
each SSG, where the data size of the sensing results for SSG s is denoted by 35(¢). Let
W3(t) denote the size of remaining transmission data for SSG s at time slot ¢, as expressed
by

B(), if Q3(t—1) > Q3(t) =0,
wo) = { max {WS(t — 1) — ABs(t —1),0}, otherwise. (5.6)

In time slot ¢, the amount of transmitted data is ASs(t) = min{W5(¢), 7R3(¢)}, where
RS(t) = b3(t) logy (1 + %) is the data transmission rate. Here, b3(¢) is the bandwidth
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resources allocated to SSG s at time slot ¢, PS denotes the transmit power of the LEO
satellite, o2 is the noise power, and hS(¢) is the channel gain. The communication resource
allocation should satisfy

D) < b (5.7)

seQS(t)

V() =b3(t—1), if0<WS(t)<Wi(t—1), (5.8)

where (5.7) constrains the available communication resources of the LEO satellite and
(5.8) represents that the allocated communication resources remain unchanged during the
transmission.

Considering the high LEO satellite altitude, the propagation delay cannot be neglected.
At time slot ¢, the remaining propagation time is given by

TP (t) if WE(t—1)>W3(t) =0
S _ S ) S S )
Zs(t) = { max { Z5(t — 1) — 7,0} , otherwise, (5.9)
where TPP(t) = /|pS(t) — p35C(t)|2/c is the propagation delay between SSG s and the

satellite, Wlth the coordmatlon for the center of SSG s denoted by pS5¢(t) and the light
speed being c.

For the TSG served by each RSU, the processing and transmission models are similar.
However, the allocated computing and communication resources ¢ and b to serve TSG g
are fixed to process and transmit data, since the RSU resources are not shared by other
TSGs, and no propagation delay is considered.

5.3 Problem Formulation and Decomposition

In this section, we formulate the resource scheduling problem to support environment
sensing for CAVs, aiming to minimize the resource cost while satisfying freshness and
reliability requirements in the presence of network dynamics.

Let Q5 = {Q5(t),Vt € T} denote SSGs, and Z° = {I1(t),Vs € Q5(¢),Vt} and T =
{I3(t),Yg € QF(t),Vt} denote sensing intervals of all SSGs and TSGs in T time slots,
respectively. The resource cost for SSG s at time slot ¢ from the LEO satellite is given by
T5(t) = x5S (t) + x5b3(t), where X, X5 are the unit cost of computing and communication
resources from the satellite. Similarly, for TSG g in terrestrial networks, the resource
consumption at time slot ¢ is given by Tg (t) = x{cg (t) + X3 bg (t), where x| and x5 are the
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Figure 5.3: Working diagram of the proposed CSTRS scheme for environment sensing.

unit cost of computing and communication resources from the RSU. Let C5 = {c3(t), ¥

05 Vt} and BS = {bJ(t),Vs € Q° Vt} denote the computing and communication resource
allocation decisions for all time slots, respectively. Note that the unit costs of computing and
communication resources vary across the heterogeneous satellite and terrestrial networks,
necessitating a cooperative optimization of both terrestrial and satellite resource costs for
environment sensing in STIVN. In this case, the goal is to minimize overall resource costs
while guaranteeing the freshness and reliability of sensing data for CAVs, which can be
formulated as

P1 min P DIRHOED PR (5.10)

g8zt =l seQs geQT
t
o Ly iyt

s.t. 2= z“(t )21 eVYuel,vteT (5.10a)
siNs; = 0,Vs;, s, € Q5(t),i # J, (5.10D)
Useasy s = U, (5.10c)
), 1 ( ) € {ik|l € N}, (5.10d)
25(1)| < (5.10¢)

(5.4), (5. )( 7);(5.8).
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In problem P1, constraint (5.10a) represents the freshness and reliability requirement that
the probability of task failure should be less than the threshold £ over any accumulated
period of ¢ time slots. Constraints (5.10b) and (5.10c) constrain the SSGs served by the
LEO satellite, where CAVs cannot be simultaneously served in multiple SSGs and every
CAV in the target area should be included in one SSG. Constraint (5.10d) constrains the
available sensing interval for each SG, where x is the minimum sensing interval limited
by sensing devices. Considering the limited capacity of the LEO satellite with the edge
server threads of M, indicating the maximum concurrent processing of sensing data [121],
constraint (5.10e) regulates the maximum number of SSGs.

Solving P1 encounters the following challenges. Determining the resource allocation in
each time slot is a sequential decision problem, where the decision at a time slot will affect the
subsequent decisions. Moreover, determining long-term SSGs and sensing interval decisions,
along with the short-term resource allocation decisions, is a mixed-integer optimization
problem, where two types of variables are mutually dependent. In this case, directly
applying model-free techniques can exacerbate model convergence difficulties, especially
considering the highly dynamic network environment and the high-dimensional action
space. To address these challenges, we propose a cooperative satellite-terrestrial resource
scheduling (CSTRS) scheme, which employs a data-model co-driven approach to solve the
problem.

Considering the characteristics of the action, adjusting SSGs and the sensing interval is a
long-term action for each time interval, and the resource allocation decisions are short-term
actions determined in each time slot. Therefore, we decouple the original problem into two
subproblems: 1) CAV partitioning and sensing interval decisions determined by the ground
controller, and 2) real-time computing and communication resource allocation for SGs in
the satellite and RSUs. Figure 5.3 shows the working diagram of the proposed CSTRS
scheme for environment sensing in STIVN in two steps.

In the first subproblem, we aim to find the optimal CAV partitioning and sensing
intervals for each SG to minimize resource consumption in each time interval consisting
of k time slots. Specifically, considering the long-term performance in each time interval,
the average resource cost of each SG can be estimated through predicted processing and
transmission workload according to the predicted CAV trajectories!. Therefore, the first

!Note that the prediction method is not the primary focus of this work and several algorithms have
been studied for this purpose, such as recurrent neural networks (RNN) [93], convolutional neural networks
(CNN), and long-short term memory (LSTM) [122].
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subproblem can be given by

: S T
P2 uin Z Cg + Z Cyq (5.11)
T seQs geQT

s.t. (5.10b), (5.10¢), (5.10d), (5.10¢).

Specifically, C? is the average resource cost for SSG s in a time interval, calculated by the
average communication and computing resource usage with their unit cost, given by

kTS kr 33
S_ .S S S s
Cs - Xl ]—SSfS X2 ISRS’

(5.12)

where I is the sensing interval for SSG s and RS is the average transmission rate of
unit spectrum bandwidth within the time interval. Here, 75 and 35 denote the predicted
processing and transmission workloads for each sensing of SSG s in the time interval,
respectively. Similarly, the average resource cost for TSG g in a time interval can be
represented by
=T 3T
_ T kTvgy T kT Bg
T AL gT T 2 rTpRT”
Ig f Ig Ry

Cq (5.13)

Then, given the CAV partitioning and sensing intervals, in the second subproblem, we
aim to find the optimal sequential decision of resource allocation to minimize the overall
resource cost based on the real-time network state, given as

T

P3 min > [ Y Y+ D> Ti(t) (5.14)

CS,BS
t=1 \se0S5(¢) geQT(t)

st (5.4),(5.5), (5.7), (5.8), (5.10a).

To solve these two subproblems, the proposed CSTRS scheme comprises two components:
a CAV partitioning and sensing interval determination algorithm presented in Section 5.4,
and a real-time resource allocation algorithm, detailed in Section 5.5.

5.4 CAYV Partitioning and Sensing Interval Determi-
nation

To find the optimal SSGs and the sensing interval of each group, in this section, we design
a two-step algorithm to solve subproblem P2. Specifically, the feasible sensing interval for
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each CAV is first derived according to the freshness requirement. Then, to achieve the
minimum estimated average resource cost in each time interval, we investigate a particle
swarm optimization (PSO)-based method to find the optimal sensing intervals for CAVs
and determine the SSGs by formulating a coalition formation game in each time interval.

5.4.1 PSO-based Sensing Interval Determination

For each CAV, let T5(t) and T.F(t) denote the sensing interval from the LEO satellite
and connected RSUs for CAV u at time slot ¢, respectively. Specifically, T(t) and T.X(t)
mod x = 0 follow the minimum interval limited by the sensing devices. For simplicity,
we omit the notation ¢ in this section, as decisions are adjusted in each time interval
consisting of k time slots. To guarantee the sensing data freshness requirement for each
CAV, some preliminary conditions on the sensing intervals should be satisfied according to
the maximum allowable Aol requirement.

Proposition 1 (Feasible sensing interval pair for individual CAVs). The sensing interval
pair for CAV w is denoted by (77, T.F), with an offset of 5. Here, the offset is the delayed
time of the initial satellite sensing from the initial RSU sensing in a time interval, where
the initial RSU sensing time is at the beginning of a time interval. To satisfy the freshness
requirement of environment sensing, the sensing interval pair of each CAV must guarantee
the following conditions:

e If CAV wu cannot connect to RSUs either partially or completely during the time

interval, i.e., al (t) = 0,3¢, the sensing interval from the satellite should guarantee

TS < T, with ¢ = [0, T5);

e If CAV u can always connect to both the LEO satellite and RSUs during the time
interval, the sensing interval pair should meet one of the following conditions:

— T$ < T, with ¢ € ¢$ = [0,T5);
— TT < Tt with ¢§ € ¢S = [0, TT);
— TS5 =TT e [T™ 27", with ¢ € ¢S = {Ix|lx € (TT — T T™) VI € N},

where ¢S is the set of feasible offset for CAV w.

Proof. The proof is given in Appendix A. [ |
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With the feasible value ranges for individual CAVs’ sensing interval pairs and satellite
sensing time offset given in Proposition 1, we can then determine the sensing intervals of
all SGs to achieve the optimum of problem P2. Note that determining the sensing interval
for each SG is a combinatorial optimization problem and finding a globally optimal solution
is challenging [123]. To address this issue, we employ PSO, an evolutionary heuristic
mechanism, to solve problem P2. In this approach, a set of particles form a particle swarm.
Each particle’s position represents a solution for CAVs’ sensing interval pairs, denoted
by A = [T, T']"*l, In each iteration, particles adjust their positions and speeds within
the solution space to discover the corresponding values from the current positions [123].
After multiple iterations, the positions of all particles can converge to the same position
indicating the selected sensing interval pair for all CAVs [124].

Denote the set of particles and the position of particle z in y-th iteration by X and Aéy),
respectively. Let A, and A* denote the best position of particle x and the best position

among all particles’ positions up to the latest iteration, respectively, and =, and =* are
the corresponding values calculated based on Eq. (5.11) at those positions. The speed of

particle x € X in the y-th iteration, denoted by pg(cy), is updated as
P2 = o r (B = AG) o (A - AU) (5.15)

where o is the inertia weight for each particle to keep its speed from the previous iteration,

o1 and o9 are the cognitive coefficient and the social coefficient to control how much weight

should be given to refining the search result of the particle itself and recognizing the search

result of the swarm consisting of the randomness for exploration [124]. The position of
particle x in y-th iteration is given by

AY = A=Y 4 pl), (5.16)

For the PSO-based algorithm, each particle should explore the solution within the

solution space A € F. Specifically, since TSGs are pre-defined according to the coverage of
RSUs, CAVs in the same TSG should have the same sensing interval, given by

T, =T, =13 Vu,us €g. (5.17)

Moreover, all sensing interval pairs in a possible solution of particle positions should fulfill
Proposition 1. If a particle moves out of the solution space [F, it will be replaced by a
new particle. In other words, all sensing interval pairs violating Proposition 1 and Eq.
(5.17) are replaced by new randomly selected sensing interval pairs, for the exploration in
the solution space.
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Algorithm 5 PSO-based algorithm sensing interval determination

max

1: Input: QF, o, 01, 09, Y™,

2. Initialization: y = 0, p{”) = 0, A € F,vx € X;
3: while y < y™* do

4:  for x € X do

5 if Proposition 1 and Eq. (5.17) are not satisfied then

6 Replace the particle by a new A%’) e [F;

7: end if

8 Obtain sensing intervals 150 of TSGs according to Eq. (5.17);

9: Determine Q5 and I5"™ based on Algorithm 6 and calculate =¥;
100 if ¥ <2, then

11: Update A, + AY, =, « =¥
12: end if

13 if 2 < = then

14: Update A* «+ A;(Ey), = Eéy);
15: end if

16: Update p? ™" based on (5.15);
17: Select AY™ based on (5.16);

18:  end for
19: end while
20: Output: Q5 IS, and I

The details of the proposed PSO-based algorithm are given in Algorithm 5. Denote
the maximum number of iterations by y™**. The particles are initialized with the positions
in the solution space I in Line 2. The position of each particle is updated in each iteration
according to Lines 5 to 17. Specifically, with a given position, i.e., the sensing interval pair
of each CAV, SSGs Q° and the corresponding sensing interval IS can be obtained through
the coalition game-based partitioning algorithm, which will be presented in Subsection
5.4.2. Finally, the outputs of the PSO-based algorithm are the solution of problem P2 for
each time interval.

5.4.2 Coalition Game-Based CAV Partitioning Algorithm
Considering the coverage of RSUs, TSGs are pre-defined at the beginning of each time

interval and the RSU sensing interval can be determined based on Eq. (5.17). On the
other hand, the optimal SSGs and the corresponding sensing interval still remain to be
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determined to solve problem P2 with minimum resource costs. Recall that the satellite
sensing interval for each CAV within an SSG can be calculated according to Algorithm 5
and may vary among different CAVs. The sensing interval of SSG and the corresponding
available offset can be given as follows.

Proposition 2 (Sensing interval and offset values of an SSG). Given the sensing interval
and feasible offset values of each CAV within an SSG, the sensing interval of SSG s IS and
the offset U5 can be obtained according to the following two cases.

e If all CAVs in SSG s have the same sensing interval and common offset values, given
by
{ Tsl ::_Zsfz,vul,ﬂg € s, (518)
mues wu # @7
then, the sensing interval of SSG s is IS = T, Vu € s, and the offset of the SSG is
U5 = arg mMax, . s T — | to maximize the allowable delay for data processing and

transmission of each satellite sensing. Here, \ifs = Nyes zﬂs is the common feasible
SSG sensing offset set;

e Otherwise, the sensing interval of SSG s is IS = max{lx | [k < T | € N*} with the
offset U8 = 0.

Note that employing a centralized approach to find the optimal SSGs through a complete
search for all possible solutions encounters high complexity. Thus, the coalition game theory
emerges as a suitable method to find the optimal partition of CAVs served by the LEO
satellite [125].

Definition 3 (The coalition partition). A coalition partition is defined as the set I'S =
{s0,S1,...,Sm}, which partitions the CAV set U into m coalitions, where 0 < m < M.
Each coalition, defined as an SSG, is disjoint such that Vs;,s; € I'®,i # j,s, N's; = 0 and

UZSZIU

The CAV partition problem can be modeled as a (U, ¢) coalition game. Here, ¢(s) is
the utility function of SSG s, which is the negative value of the estimated resource cost
from the LEO satellite in the time interval, given by

o(s) = —CS. (5.19)

To minimize the estimated resource cost from the LEO satellite for all SSGs, we aim to
find the optimal partition I'S to maximize the total utility so that

¢(I%) > ¢(I'®), VT £ 15, (5.20)
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where ¢(I'®) = 3" _1s ¢(s) is defined as the total utility of coalitions. One key approach in
coalition formation is enabling CAVs to join or leave a coalition based on their preferences,
aiming to achieve the highest utility. To assess the preference, the concept of preference
relation is introduced below.

Definition 4 (Preference relation). For any CAV wu, a preference relation is defined by >,
where s; >, s; implies that CAV u strictly prefers to join coalition s; over s;.

Specifically, the preference relation for CAV u is given as

Si =u S5 € O(si) + (s \ {u}) > ¢(s;) + o(si \ {u}), (5.21)

where s; and s; are two potential coalitions containing CAV u. When CAV wu finds a more
preferable coalition, it can join the new coalition through the switch operation as defined
below.

Definition 5 (Switch operation). Considering a CAV partition I'S, if CAV u in coalition s;
can switch to coalition s, to achieve a higher utility based on the preference relation, i.e.,
so U {u} =, s1, a switch operation occurs. Correspondingly, the partition is modified as

follows:
IS — (% \ {s1,52}) U {31\ {u}} U {2 U {u}}. (5.22)

With a sequence of switch operations, CAVs can detach from their current coalitions
and join new coalitions until a stable partition is achieved, defined as follows.

Definition 6 (Stability). A partition is Nash-stable if no CAV tends to change the belonging
of the coalition in the current partition [120].

Based on these definitions, we design a coalition formation game-based algorithm for
CAV partitioning, with the main workflow given in Algorithm 6. At the initial step, CAVs
are partitioned into M coalitions, which is the maximum number of coalitions that can be
supported by the satellite. Then, as shown in lines 4 to 10, it is determined whether a CAV
should switch the coalition for a higher utility. #(u) indicates the history set of coalitions
where CAV u has previously joined to avoid repetition. Based on Definition 5, each CAV
can detach from the current coalition and join a new coalition, until a stable partition is
obtained as per Definition 6. Finally, SSGs are determined by Q° = I'S with the sensing
interval of all coalitions and their corresponding offset according to Proposition 2.
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Algorithm 6 Coalition formation game-based algorithm for CAV partitioning
: Input: U, A;
Initialization: The initial partition of CAVs is I,
M coalitions;
repeat
Randomly select CAV u and choose another coalition s € I'S;
if CAV prefers to join a new coalition s and s U {u} ¢ H(u) then
Add s U {u} to the history set H(u);
CAV u detaches the current coalition and combines with the new coalition according
to Definition 5;
Update partition I'S;
9: end if
10: until Switch operation terminates with a stable partition
11: Output: Final SSGs Q% = I'S, the sensing interval of all coalitions {I7, ..., I}, and
the offset {U5, ..., U5 } according to Proposition 2.

—_

where CAVs are partitioned into

*®

5.4.3 Computational Complexity Analysis

In Algorithm 5, a PSO is used to determine the sensing interval for each CAV. In each
iteration of the proposed PSO-based algorithm, the positions of each particle are updated.
The computational complexity of updating these particles in each iteration is O(|X|NU),
where |X| is the number of particles and NU represents the dimension of each particle.
Specifically, each particle’s position encodes the sensing interval pairs for CAVs, which
include the sensing interval from both the satellite and RSU. Since CAVs within the same
TSG are required to have identical sensing intervals from RSU given in Eq. (5.17) and there
are N RSUs in the target area, the dimensional of each particle can be given by NU. After
determining the sensing interval of each CAV, a coalition game is used to partition CAVs into
different SSGs in Algorithm 6. In the context of the coalition game, the maximum number
of CAV selections is UM. By considering the worst case, each CAV is evaluated against
M — 1 coalitions in each iteration. This results in a computational complexity of O(UM?)
for each iteration of the coalition game. Therefore, the computational complexity for
determining CAV partitions and sensing intervals for each SG is O(Ly|X|(NU + LU M?)),
where Ly and Ly are the finite number of iterations required for the PSO and coalition
game to converge.
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5.5 PPO-Based Real-Time Resource Allocation Algo-
rithm

With the determined SSGs and sensing intervals, the LEO satellite needs to allocate
computing and communication resources for processing sensing data and transmitting
sensing results to CAVs in each SSG. In this section, we reformulate problem P3 by
leveraging the Markov decision process (MDP) and propose a reinforcement learning-based
algorithm to solve the problem.

5.5.1 Markov Decision Process Formulation

Since constraint (5.10a) in P3 is related to long-term performance in delay and reliability, it
is challenging to solve the sequential decision problem directly. To decompose the long-term
impact of the delay and reliability in each time slot, we construct a virtual reliability queue
based on the Lyapunov optimization technique [127]:

Hu(t + 1) = maX{Hu(t) + ﬂqu(t)>Tth — &, O}, (523)

where 1eongition = 1 if condition is true and 1.ongition = 0 otherwise, and H, (1) = 0. When
the Aol for CAV u violates the freshness requirement at time slot ¢, the virtual reliability
queue H,(t + 1) enlarges at time slot ¢t + 1. On the other hand, the virtual reliability
queue will decrease if a new sensing result is received within the freshness requirement.
As a historical measurement of freshness-related task failures, the virtual reliability queue
reflects the deviation of the current failure rate from the reliability constraint. Therefore,
the long-term delay and reliability constraint is transformed into guaranteeing the stability
of the virtual reliability queue. Let H™*(¢) denote the group-based virtual queue value
reflecting the reliability of SSG s, which is the maximal virtual reliability queue value
of CAVs in the SSG, given by H™(t) = maxyes Hy(t). Therefore, we can transform
optimization problem P3 into

T

P4 min (5 +nHP ) + > Ta(t) (5.24)
Tot=1 \seQS(t) geQT(t)

s.t. (5.4), (5.5), (5.7), (5.8),

where the weight value 7 is used to balance the resource cost and the reliability.

Since the formulated computing and communication resource allocation problem P4 is
an integer nonlinear optimization problem with random channel conditions and dynamic
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mobility of CAVs, it cannot be solved by deterministic optimization algorithms. Thus, we
reformulate problem P4 by leveraging MDP to model the randomness of channels and CAV
mobility.

Let Gu(t) = [pSS9 (1), (1), HI (), QS(8), WS(1), cS(t — 1), b5(t — 1)) denote the state
of SSG s at time slot ¢, where ¢***(t) = maxyes{q.(t)}. Considering the varying SSG
numbers in different time intervals, the variability in state and action spaces for all SSGs
poses a challenge in solving the problem. Therefore, we use the maximum number M to
regulate the overall state and action spaces for all SSGs. The overall state at time slot ¢
is denoted by S(t) = [(s, (), .-, sy, (1)] € S, where & is the state space with all possible
states. If the SSG number [Q5(t)| < M, (5, (t) = [0]1x|c.. |, Vi > [Q5(2)].

Let 2A = 2A°¢ ® A® denote the action space, formed by combining the action spaces for
the computing and communication resource allocation, where ® is the Cartesian product.
Thus, the action at time slot ¢ is denoted by A(t) = {(c§, (¢), 5 (t)), ..., (5 (£), 65, (¢))} € 2,
where the action space is continuous with A(¢) € ([0, 1] x [0, 1])"*M.

To evaluate an action with a given state, the set of rewards is denoted by R := & x2A — R.
We define the reward function obtained from taking action A(t) in state S(t) as

R(S(E), At) =— Y (YS() +nHM™ (1) = > Ta(t) (5.25)

seNS(t) geQT(t)
Let IT denote the set of all policies, which is the function mapping from state space & to

action space 2. To estimate the expected return of the current decision-making, a discounted
cumulative reward function is considered and the objective function is transformed as

D UR(S(E), Alt

where ¢ € (0,1) is a discounted factor to reflect the importance of future rewards compared
with immediate rewards.

)

max E
Tell

W] , (5.26)

5.5.2 PPO-Based Algorithm for Resource Allocation

Considering the lack of information on state transition probabilities and the continuous
action space, policy gradient-based reinforcement learning is a potential method to solve
the MDP-based problem. This method directly updates the policy to maximize the total
reward without requiring state transition probabilities. However, the vanilla policy gradient
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approach often suffers from high variance in parameter updates, leading to substantial policy
fluctuation during learning and potential instability. Therefore, we propose to adopt a
PPO-based algorithm [103], which can reuse the historical samples and handle a large-scale
problem to find the optimal policy. Specifically, the PPO-based algorithm aims to find the
optimal parameter @ for policy 7y that maximizes the clipped surrogate objective

L (0) = E {min(€yA™n, clip(€, 1 — 6, 1 + 8) A )} (5.27)
Specifically,
mo(A[S)
=7 5.28
& T0o1a (AlS) ( )

is the policy updating ratio based on the current policy and A™%a is the estimated advantage

from policy my,,,, which can be expressed as

AT (S(1), At)) =
R(S(t), A(t)) + Vy(S(t + 1)) — Vo(S(L)), (5.29)

where Vy(S(t)) is a state-value function parameterized by 9, given by

Ve(S(t)) =E {i VR(SE+i+1), At +i+ 1)) |S(t)} . (5.30)

=0

The clipping function clips the ratio & between 1—¢ and 1+¢ with a clipping hyperparameter
0, which removes incentives for the new policy to get far from the old policy to improve the
learning stability.

The overall PPO-based resource allocation algorithm is given in Algorithm 7, where
is the epoch number for training in each episode to update the network parameters through
different minibatches. Note that given the diverse scales of components in the state, we
perform normalization on each component to improve the stability of the training. First,
the policy and the value functions are initialized with parameters 8 and ¢, respectively. The
buffer B is used to store transitions resulting from interactions with the environment. Then,
at each time slot, the LEO satellite collects the state from the environment, takes actions
based on the current policy, computes the reward, observes the new state, and records
transitions into buffer based on Lines 5 to 7. After T time slots, the policy and value
function will be updated based on the clipped surrogate objective and the mean-square
error based on Lines 13 to 15.
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Algorithm 7 PPO-based resource allocation algorithm

1: Initialization: Parameters 6 and ¢ for policy and state-value function, and buffer B;
2: for j € {1,2,...} do

3:  Obtain initial state S(1);
4: forte{l,2,..,T} do
5: Execute action A(t) based on the policy my;
6: Compute reward R(S(t),.A(t)) and observe new state S(t + 1);
7: Record transition (S(t),.A(t), R(t),S(t + 1)) into buffer B;
8: if ¢ mod k = 0 then
9: Run Algorithm 5 to adjust sensing interval and CAV partition;
10: end if
11:  end for
12: foree{l,2,..,E} do
13: Sample a minibatch of transitions By from buffer B;
14: Update the policy parameter < arg maxg |B_1N\ D tneBa L (0);
15: Update state-value function parameter
¥ arg miny @ Y oiveny (R(EN) +Vo(S(ty +1)) — Vo(S(tn)))?
16:  end for
17:  Empty buffer B for a new training episode;
18: end for

19: Output: Parameter 0;

5.6 Performance Evaluation

In this section, extensive simulations are carried out to evaluate the proposed CSTRS
scheme. Specifically, we first elaborate on the simulation settings. Afterward, simulation
results are presented to demonstrate the effectiveness of our proposed scheme.

5.6.1 Simulation Setting

In our simulation scenario, the target area is a beam coverage of a steerable LEO satellite.
The orbit altitude of the LEO satellite is 550 km, and the satellite velocity is 7.56 km/s.
CAVs and RSUs are randomly distributed in the area, with the radius of the coverage area
of each RSU being 500 m. Specifically, the target area consists of both urban and rural
areas, where different areas have different densities of RSUs and CAVs. By default, urban
areas have RSU densities of 10 per km? and CAV densities of 40 per km?, while rural areas
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Table 5.2: Simulation Parameters

LEO satellite transmission power P° | 40 dBm

LEO satellite antenna gains 32 dBi

LEO satellite bandwidth 250 MHz
LEO satellite path-loss exponent 2.5

CPU frequency in LEO satellite 1 Geycles/s
RSU transmission power 32 dBm

RSU antenna gains 10 dBi

RSU bandwidth 100 MHz
RSU path-loss exponent 3

CPU frequency in RSU 1 Geycles/s
Noise power o -174 dBm/Hz
CAV antenna gains 10 dBi

Unit cost of resources X?,xg,x?,xg 0.5, 2.5, 0.1, 0.5
Workload of sensing data processing | 25 cycles/bit

have RSU densities of 2 per km? and CAV densities of 20 per km?, respectively. In the
simulated scenario, CAVs move with stochastic direction and speed in each time slot. The
maximum freshness requirement of CAVs is set as 100 ms. The time duration for each time
slot is set to be 7 = 5 ms and the time interval for adjusting SSGs is 10 s. The minimum
sensing interval x is 20 ms. The default reliability requirement in this simulation is 0.99.
More simulation parameters, which are related to the computing and communication of
satellites and RSUs [128-130], are listed in Table 5.2.

For the training of the PPO-based reinforcement learning model, the deep neural network
utilized in our proposed algorithm includes three fully connected hidden layers with (128,
128, 64) neurons. The ReLU activation function is applied after each hidden layer to realize
a nonlinear approximation. Each training episode spans 8000 time slots with CAVs and
RSUs randomly reset at the beginning of each episode.

5.6.2 Simulation Results

We first present the convergence performance of the proposed CSTRS scheme in terms of
resource cost and reliability in each episode of the training period. The simulation comprises
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Figure 5.4: Convergence performance of training process.

1800 episodes with a learning rate of 3 x 10~* and a clipping ratio of 0.3. Figure 5.4 shows
the overall accumulative resource cost and reliability in each episode, which converges after
around 1100 episodes.

Next, we perform several experiments to validate the efficacy of each component in
CSTRS. We first evaluate the effectiveness of the PPO-based resource allocation algorithm.
Specifically, we adopt the following three benchmark algorithms for resource allocation [131],
namely 1) FCFS-based allocation: the LEO satellite adopts the first-come-first-serve policy
and allocates all available resources to the first requesting SSG; 2) Random allocation: the
LEO satellite allocates computing and communication resources randomly, only considering
the resource capacity constraints; and 3) Average allocation: computing and communications
resources are allocated equally to each SSG. For FCFS-based resource allocation algorithm,
if multiple SSGs start to process or transmit sensing data at the same time, all available
resources will be allocated equally to serve SSGs.

Considering that the LEO satellite is essential to providing environment sensing services
for CAVs in rural areas, the performances of different resource allocation algorithms under
different CAV densities in rural areas are shown in Fig. 5.5. We can find that our proposed
CSTRS scheme can well satisfy the reliability requirements with low resource cost by
efficiently allocating resources to adapt to dynamic network environments. When CAV
density is small, the FCFS algorithm and the CSTRS scheme can both satisfy the reliability
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Figure 5.5: Performance of different resource allocation algorithms.

requirement of 0.99, whereas our proposed scheme has lower resource cost. With a large
CAV density, FCFS can hardly guarantee reliability due to the improper resource scheduling
policy for different SSGs, while the CSTRS scheme consistently satisfies the reliability
requirements.

In Fig. 5.6, we compare the resource cost in the LEO satellite with different reliability
requirements. The results show the adaptivity of our proposed CSTRS scheme, which
can achieve efficient resource costs with any given reliability requirements by allocating
resources for different SSGs.

Next, we investigate the effectiveness of the PSO-assisted sensing interval and CAV
partition algorithm in our proposed CSTRS scheme. For comparison, we introduce a
benchmark algorithm named fized-number SSG, where the SSG number in the serving
area is pre-determined and fixed during the simulation. The sensing interval of each SG
is determined through Algorithm 5, while SSGs are determined by k-means algorithm
based solely on CAV positions at the beginning of each time interval. The communication
and computing resources are allocated by adopting the PPO-based algorithm.
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Figure 5.8: Resource cost in LEO satellite under different RSU densities in rural area.

In Fig. 5.7, we compare the resource cost and reliability performances of different CAV
partition methods with different CAV densities in rural areas. Specifically, our proposed
CSTRS scheme has a low resource cost compared with fized-number SSG strategies. This
advantage stems from the adaptive adjustment of CAV partitions and sensing intervals of
SGs in the CSTRS scheme based on dynamic environments by jointly considering both
LEO satellite and terrestrial networks, enhancing the overall efficiency. With the increment
of CAV densities, resource cost increases accordingly, and the CSTRS scheme consistently
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Figure 5.7: Performance of different CAV partition policies.

maintains a low level of resource cost while satisfying reliability requirements. On the other
hand, fized-number SSG strategies face challenges in effectively utilizing terrestrial and
satellite resources due to improper CAV partitioning and sensing intervals. Particularly,
the reliability of fixzed-number SSG strategies cannot be guaranteed for environment sensing
with a high CAV density due to insufficient resources.

In Fig. 5.8, we compare the LEO satellite resource cost of different CAV partition
strategies with different RSU densities in the rural area. From the figure, we observe that the
CSTRS scheme consumes less resources in the LEO satellite compared to fixed-number SSG
policies, due to the joint decision of CAV partition and sensing interval between satellite
and terrestrial networks. Moreover, when RSU density increases, the LEO satellite resource
cost of the CSTRS scheme reduces significantly, since more CAVs can be served by RSUs
by adaptively adjusting SSGs. However, fived-number SSG strategies struggle to effectively
manage resources across satellite and terrestrial networks in dynamic environments. In this
case, despite increased RSU densities, the sensing interval remains small for SSGs, resulting
in a high resource cost.

Last, we investigate the resource cost for CAVs in rural areas from the LEO satellite
and terrestrial RSUs as shown in Fig. 5.9. We can observe that the resource cost from the
LEO satellite decreases for CAVs with increasing RSU density in rural areas, while the
resource cost from RSUs increases to serve more CAVs. Specifically, the decline in satellite
resource cost is more pronounced than the increase in RSU resource cost since the unit
cost of satellite resources is higher than that of RSU resources. In this case, cooperative
resource scheduling from satellite and terrestrial networks can effectively reduce the overall
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resource cost with more network support from RSUs.

5.7 Summary

In this chapter, we have investigated a joint communication and computing resource
scheduling problem for infrastructure-assisted environment sensing in STIVN. To cope
with the dynamic network environment and satisfy the stringent freshness and reliability
requirements for environment sensing, we have proposed the CSTRS scheme, which is a
hybrid data-model co-driven approach for resource scheduling in STIVN to jointly find the
optimal CAV partition, sensing interval, and resource allocation decisions. The proposed
scheme can cooperatively manage resources from both satellite and terrestrial networks,
capable of leveraging the advantages of different networks, thus reducing resource costs while
satisfying service requirements in STIVN. Simulation results demonstrate that the proposed
CSTRS scheme can significantly reduce resource usage with high reliability compared to
the benchmark schemes.

115



Chapter 6

Conclusions and Future Works

In this chapter, we summarize the main results and contributions of this thesis and present
our future research directions.

6.1 Main Research Contributions

In this thesis, we have investigated slicing-based resource management in STIVN. Specifically,
three resource management schemes have been designed in the reservation and operation
stage for low-complexity, flexible, and adaptive resource management in STIVN, i.e., TLRS
scheme in the reservation stage, supporting both multicast and unicast communication modes
with joint communication and caching resource reservation with low complexity; DRS scheme
for flexibly coordinating different networks across multiple cells in the reservation stage,
which jointly determine the access satellites and communication resource reservation; and
the CSTRS scheme in the operation stage which adaptively determine the sensing interval,
CAV grouping, and resource allocation in STIVN. The proposed slicing-based resource
management schemes enable low-complexity, flexible, and adaptive resource management
for STIVN. The main contributions of this thesis are summarized as follows:

1. A reservation-stage multi-dimensional resource management has been investigated,
where heterogeneous network segments can cooperate to support V2X applications.
Considering the different requirements of multicast and unicast communication modes,
a resource slicing architecture with two subslices has been developed. To find the
optimal solution to minimize the overall cost while maximizing the service demand that
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can be accommodated to meet the service requirements, we have proposed a TLRS
scheme to jointly optimize the slicing window length, multicast, and communication
and caching resource reservation decisions. TLRS scheme is a data-model co-driven
approach, which can effectively reduce the complexity in decision-making. Specifically,
the slicing window length and communication resource reservation decisions are made
through an HPPO-based algorithm, while the multicast and caching decisions are
determined using a matching-based algorithm. The problem formulation of resource
slicing and the designed scheme in this work can provide a theoretical basis for
future studies for effectively managing multi-dimensional decisions in STIVN in the
reservation stage with low complexity.

. We have investigated the joint optimization of communication resources and satellite
selection designs in the reservation stage in STIVN with cross-cell coordination. For
resource management across multiple cells, the impact of factors includes diversified
service demand, as well as time-varying and distinct available resources in each cell.
We have formulated a long-term resource slicing problem and proposed a DRS scheme
for flexible resource management. With the DRS scheme, we develop an AMAPPO-
based algorithm to select satellites serving each cell by learning the state transition
probability with partial observation and then derive a distributed optimization algo-
rithm to optimize the resource reservation decisions. This work provides insight into
providing a decentralized resource slicing solution in the reservation stage to facilitate
cross-cell coordination with a flexible resource management scheme in STTVN.

. We have proposed a CSTRS scheme for efficient cooperative resource slicing in STIVN
in the operation stage, which jointly optimizes the sensing interval and resource
allocation for CAVs. Benefiting from the multicast feature of the LEO satellite,
we group CAVs based on their mobility patterns and enable group-based resource
allocation to minimize resource costs with satisfied service requirements. With the
CSTRS scheme, we design a coalition game, and PSO-based algorithms are designed
to partition CAVs and develop a reinforcement learning-based algorithm to make
real-time computing and communication resource allocation decisions. This work
provides an adaptive resource management solution for real-time resource operation
in STIVN to cope with highly dynamic environments.
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6.2 Future Works

For the future research, there are some interesting and promising research directions listed
as follows:

1. User-centric resource slicing in STIVN - In STIVN, users may have different
preferences for connecting to satellite or terrestrial networks due to factors such as
latency, coverage, or service type. For instance, some users prefer satellite connections
for extensive coverage in remote areas, while others might favor terrestrial networks
for their lower latency in urban environments. Additionally, even for the same
application, users may have varying Quality of Experience (QoE) needs, such as
differing tolerances for delay, jitter, or data loss. This variability presents a challenge,
as the service-oriented performance of a network slice may not adequately meet the
needs of each individual user. In this case, user-centric resource slicing in STIVN is
essential, where the network must cater to the tradeoff between managing resources
for individual users and optimizing for overall application performance. A potential
solution involves leveraging user data, such as position, SLA, historical behavior, etc,
to capture the performance of slices and understand user preferences more accurately.
By collecting and analyzing this data, resource management policies can be timely
adjusted to better satisfy both QoS and QoE requirements with efficient resource
utilization. However, this approach introduces challenges in managing the additional
complexity and potential costs associated with more granular resource management
with the collection and processing of data. While taking benefits of data for both users
and networks, the design of user-centric resource slicing needs further investigation.

2. Resource management for Al Services - With the rapid development of Al
in different research and industrial areas, Al can function as a service, namely Al
services. Designing network management schemes to facilitate Al services, also known
as “Networking for AI”, is becoming increasingly crucial, particularly as Al services
such as real-time data analytics, distributed training, federated learning, generative
AT models, and large language models require substantial 3C resources. Achieving a
better Al service performance requires not only high bandwidth and low latency but
also robust coordination across diverse network nodes, whereas current networks do
not focus on improving Al service performance by efficiently managing resources. Al
services have unique characteristics, such as precise synchronization, efficient data
exchange, and adaptive resource allocation to ensure that the training process remains
consistent and timely across the network, which makes resource management chal-
lenging. Heterogeneous networks, such as STIVN, provide a promising environment
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for such Al services by allowing different network nodes to take on specialized roles,
such as data preprocessing, model training, or inference. However, challenges still
exist including adaptive resource scheduling in satisfying varying demands of Al tasks,
balancing the computational load across heterogeneous nodes, and ensuring that Al
services maintain their performance under fluctuating network conditions. These
challenges highlight the need for advanced resource management strategies specifically
designed to enhance the operation of Al services.
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Appendix A

Proof of Proposition 1

For each CAV, to satisfy the sensing result freshness requirement 7", consecutive sensing
data, either from the LEO satellite or connected RSUs, should be generated with an interval
less than 7. For the case when CAV u cannot consistently connect to RSUs throughout the
entire time interval, ensuring the reliability requirement of environment sensing necessitates
a satellite sensing interval of T> < T*®. This guarantees the continuous reception of sensing
results for the CAV. The sensing offset can be any time less than the sensing interval T°.
If CAV u can consistently connect to both the LEO satellite and RSUs during the time
interval, there are three cases. The first two cases indicate that the freshness requirement
can be satisfied through sensing from one source, either the LEO satellite or RSUs for an
individual CAV. In these cases, either the sensing interval from the LEO satellite or RSUs
should be less than T*. For the third case, if the environment sensing requirement cannot
be met with a single sensing source, then both the satellite and RSUs should be involved
for environment sensing, and the following relation should be satisfied

1 1 1
o o > o and T, T € [T, 27%), (A1)

However, Eq. (A.1) serves as a necessary but not sufficient condition for ensuring the
sensing freshness requirement. To avoid potentially outdated sensing results, a proper
satellite sensing time offset 15 should be determined. Let j7.I and kTS + > denote the
time stamps of j-th RSU sensing and k-th satellite sensing, respectively. To satisfy the
freshness requirement, the sensing time stamp of the satellite should not fall within any of
the following ranges:
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o kTS +45 € [T, (j+1)T.F — T™]: This indicates that after receiving the k-th satellite
sensing result, CAV u’s sensing result become outdated before the (5 4+ 1)-th RSU
sensing starts;

o kTS + 5 € [jT.F + T™ (5 + 1)TF]: This represents that after receiving j-th RSU
sensing result, CAV u’s sensing result will be outdated before the k-th satellite sensing
starts;

o kTS + 45 € [(j+ 1)TF — T35, jTF]: This implies that the k-th satellite sensing begins
before the j-th RSU sensing and the k£ + 1-th satellite sensing will begin after the
J + 1-th RSU sensing. In other words, the j-th RSU sensing result will be outdated
since TF > T,

Combining the above three cases, we can find that the freshness requirement cannot be

satisfied if
kTS + 4y = jT, + g, 3,k €N,

geL=[0,T] —T™U[T™ T/ U[T, —T,,0] (A2)
which can be rewritten as
GJTY — kTS =95 — g, 35,k € N, (A.3)
According to Bézout’s identity [132], there exists values j, k € N such that
T, = KT} =G, (A.4)
where G = ged(T.F, TP) is the greatest common divisor of two values. In this case, Eq.
(A.2) is satisfied indicating the violation of the freshness requirement if
(¢S — g) mod G = 0. (A.5)

In addition, the relation of two sensing intervals has the following proposition.

Proposition 3. If two different sensing interval TS # T'X, |T° — T'T| > G.

Proof. According to the definition of the greatest common divisor, there exist integers a
and b, so that

T8 = aG, T = bG, (A.6)

where a and b are coprime integers. In this case, we have
|17 = T,/ | = la—b]|G]. (A.7)
Since a # b, |a — b| > 1. Therefore, |T5 — TF| > G. |
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To this end, we can divide the values of the sensing interval pair into the following three
cases:

e 75 > TT: consider one interval [T.F —T%,0] C £ where the range is given by 75 — T'T.
Since TS — T'T > G according to Proposition 3, regardless of the value of ¢, there
exists g € L to satisfy Eq. (A.5);

o 75 < TT: consider the interval [0, 7)) — T U [T* T''] = £ where the range is given
by (TF =T —0)+(T.F —T™) = 2(T.F = T™). Since T,V —T5 > G and T.Y > TS > T
we can have 2(TF — T™) > G. In this case, there exists g € £ to satisfy Eq. (A.5);

e 15 =TT consider that [0,7.F — T U [T TF] = L, similarly, the range of the
intervals is given by 2(T,.F —T™). Since 2T > T'F > T we can have 2(T)F — T™) <
TT = TS = . Therefore, there exist feasible offset values such that Eq. (A.5) cannot
be satisfied, given by

V3 e S = {lr|lk e (TF — T, T™), VI € N}. (A.8)
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