
6734 IEEE INTERNET OF THINGS JOURNAL, VOL. 12, NO. 6, 15 MARCH 2025

Cooperative Resource Scheduling for Environment
Sensing in Satellite–Terrestrial Vehicular Networks

Mingcheng He , Graduate Student Member, IEEE, Huaqing Wu , Member, IEEE,
Xuemin Shen , Fellow, IEEE, and Weihua Zhuang , Fellow, IEEE

Abstract—In this article, we investigate infrastructure-assisted
environment sensing in satellite-terrestrial vehicular networks
(STVN) for connected autonomous vehicles (CAVs), where satel-
lites 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 STVN 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 jointly optimize the
sensing interval and resource allocation in STVN. Specifically,
benefiting from the multicast feature of the low Earth orbit
satellite, coalition game, and particle swarm optimization-based
algorithms are designed to partition CAVs into groups and
optimize sensing intervals in large timescales. Then, a reinforce-
ment 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.

Index Terms—Coalition game, cooperative resource scheduling,
reinforcement learning, satellite-terrestrial vehicular networks
(STVNs).

I. INTRODUCTION

AS THE number of connected autonomous vehicles
(CAVs) on the road increases tremendously, the acqui-

sition of real-time environment data becomes imperative for
optimizing driving routes and enhancing the overall travel
experience [1]. Specifically, each CAV needs surrounding
environment information within its Range of Interest (RoI),
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 nonconnected vehicles,
obstacles, etc. However, considering the limited sensing area
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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 RoI of CAVs
to increase the trust level of the observation [2]. To maintain
up-to-date environment information in CAVs, freshness and
reliability of sensing results are crucial to avoid data expi-
ration. However, the freshness of sensing results diminishes
over time, underscoring the importance of maintaining a high
freshness level for high safety and optimal CAV control.

Currently, most sensors, including cameras and LIDAR sen-
sors are deployed on terrestrial infrastructure, such as roadside
units (RSUs) to support environment sensing [3]. 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 face limitations in global deployment due to high costs
and geographical constraints, especially in rural or remote
areas. This can lead to a lack of sensing services or outdated
sensing data over time.

To enlarge the network coverage to support CAVs, low Earth
orbit (LEO) satellites offer a promising solution [4], [5]. With
their dense deployment and ubiquitous coverage, LEO satel-
lites can effectively complement terrestrial vehicular networks
to provide seamless network services. 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 [6]. With edge comput-
ing 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 have high velocities
and resource costs compared to terrestrial networks. To take
full advantage of the complementary strengths of satellites and
RSUs for environment sensing while satisfying the freshness
requirement and optimizing resource utilization, cooperative
resource scheduling from both satellite and terrestrial networks
in satellite-terrestrial vehicular networks (STVNs) is critical.

Significant research efforts have been put into cooper-
ative resource scheduling in satellite-terrestrial integrated
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networks (STINs) to jointly manage resources from both
satellite and terrestrial components. A cooperative multigroup
multicast transmission scheme is proposed in [7], where
the pregrouping is applied to improve the spectrum effi-
ciency in satellite multicast transmission. A joint association
and bandwidth allocation scheme is proposed in [8] in
STVN to reduce the system cost while satisfying service
quality requirements. Zhou et al. [9] investigated a learning-
based algorithm for access mode selection in STVN with
enhanced network flexibility and reliability by exploiting
the advantages of different networks to support vehicular
services.

Despite these research endeavors, cooperative resource
scheduling for both satellite and terrestrial networks still
encounters several challenges in supporting environment sens-
ing. First, to maintain the freshness of sensing results in each
CAV, two factors need to be jointly considered: 1) sensing
interval and 2) infrastructure-related delays in data processing
and result transmission, which leads to a highly complex
resource scheduling strategy in a dynamic network environ-
ment. Second, the mobility of LEO satellites and CAVs results
in varying distances between them over time, introducing fluc-
tuations in propagation delay, communication performance,
and network accessibility. This variability leads to changing
resource demands from both satellite and terrestrial networks.
Third, LEO satellites and RSUs in STVN have heterogeneous
network features in terms of coverage areas and content deliv-
ery modes. Due to the distinct coverage areas of satellites and
RSUs, connection durations for CAVs differ between satellite
and terrestrial components. Meanwhile, each network compo-
nent needs to schedule both computing and communication
resources with varying resource costs for environment sensing.
This makes the cooperative resource scheduling between satel-
lite and terrestrial networks 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 above mentioned challenges, we propose a
cooperative satellite-terrestrial resource scheduling (CSTRS)
scheme in this article. CSTRS scheme aims to cooperatively
allocate communication and computing resources as well
as determine sensing intervals in STVN, ensuring stringent
data freshness requirements with efficient resource utiliza-
tion. Specifically, a hybrid data-model co-driven approach is
developed to find the optimal solutions in two steps for simpli-
fying the decision making. Leveraging the multicast 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 communi-
cation resource cost and the resource allocation complexity.
Based on the CAV grouping and sensing interval, a rein-
forcement 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 article are
summarized as follows.

TABLE I
LIST OF ACRONYMS

1) We investigate the resource scheduling problem in
STVN 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 allo-
cating computing and communication resources as well
as determining sensing interval and CAV partitioning
to satisfy the data freshness requirements with efficient
resource consumption.

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

3) 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 article is organized as follows. In
Section II, we provide a comprehensive review of resource
scheduling studies in STVN. The considered network scenario
and system models are given in Section III. The problem
formulation and decoupling are presented in Section IV. 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 partition-
ing for long-term decisions in Section V, and a reinforcement
learning-based algorithm for real-time computing and com-
munication resource allocation is provided in Section VI.
Performance evaluation is given in Section VII to demonstrate
the performance of the proposed scheme, followed by the
conclusions in Section VIII. A list of acronyms used in this
article is shown in Table I.
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II. RELATED WORK

STINs are envisioned as a promising architecture to com-
plement terrestrial networks to realize seamless and ubiquitous
network coverage. In the literature, there exist a few works
investigating resource scheduling in STIN to support different
services. Zhu et al. [7] proposed a cooperative multigroup
multicast transmission scheme in STIN where the pregrouping
is applied for different users with different required content.
Beamforming adjustment of the terrestrial base station and
the satellite is also investigated to maximize the minimum
SINR among all users. A cooperative resource management
algorithm is proposed in [10] where satellite networks and
terrestrial networks support the access of massive Internet of
Things (IoT) devices by sharing the same spectrum resource.
An intelligent spectrum management framework for the STIN
is designed in [11] to transform heterogeneous networks into
integrated networks with interoperability for two networks
and provide cooperative management for the STIN through
a centralized controller. In [12], a nonorthogonal multiple
access-based Age of Information (AoI) minimization is inves-
tigated in STIN by selecting base station-terrestrial user pairs
and optimizing transmit power. An auction-based relay node
selection algorithm is proposed in [13] for IoT nodes in the
STIN to maximize the sum transmission rate, considering that
the satellite networks have extensive coverage and can alleviate
the spectrum scarcity of terrestrial networks.

In addition, leveraging the computing or caching capabil-
ity in satellites and terrestrial base stations, several works
study the cooperative scheduling among different resources
in STIN. In [14], 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.
A cost-effective hybrid computation offloading paradigm in
STIN is proposed in [15], which aims to minimize total com-
putation offloading costs while satisfying diverse user latency
requirements and adhering to satellite energy constraints, while
a hybrid PPO-based algorithm to support task offloading in
STIN for remote IoT users is developed in [16] for minimizing
offloading delay.

There have also been several works supporting diversified
vehicular applications in STVN. In [5], network performance
is analyzed in different scenarios in STVN with different satel-
lite constellation settings and terrestrial network deployments.
A resource slicing and scheduling problem of STVN support-
ing delay-sensitive and delay-tolerant service is studied in [8]
to satisfy service quality requirements with minimum system
cost. By jointly considering mobility patterns and fluctuating
loads in STVN, a time-varying resource graph is proposed
in [17] to model dynamic resources for better resource
allocation. While several research works study the resource
scheduling in STVN, supporting infrastructure-assisted envi-
ronment sensing is still an open problem considering the
cooperative resource allocation and sensing interval determi-
nation from satellite and terrestrial networks to meet stringent
data freshness requirements. Therefore, in this article, we

TABLE II
SUMMARY OF NOTATIONS

propose a CSTRS scheme to satisfy freshness requirements
with efficient resource usage in STVN.

III. NETWORK SCENARIO AND SYSTEM MODEL

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

A. Network Scenario

The infrastructure-assisted environment sensing for CAVs in
the STVN is shown in Fig. 1. Specifically, terrestrial RSUs can
support environment sensing for CAVs within their coverage
areas. However, due to high deployment and maintenance
costs or geographical 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 [18]. Consider a time-
slotted system where each time slot t ∈ T = {1, 2, . . . ,T}
has the same duration, denoted by τ , and T is the duration of
LEO satellite service for a given area following the minimum
elevation angle requirement. Let (rS, α, ω(t), ρ(t)) illustrate
the time-varying position of the LEO satellite at time slot t,
where rS is the LEO satellite orbit radius, α is the orbital
inclination angle, ω(t) is the longitude of the ascending
node of the orbit, and ρ(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 t can therefore be transformed and given
by pS(t) = (xS(t), yS(t), zS(t)) according to [5]. Let N =
{1, 2, . . . ,N} denote the set of RSUs serving the target area,

Authorized licensed use limited to: University of Waterloo. Downloaded on March 13,2025 at 03:54:48 UTC from IEEE Xplore.  Restrictions apply. 



HE et al.: COOPERATIVE RESOURCE SCHEDULING FOR ENVIRONMENT SENSING IN SATELLITE–TERRESTRIAL VEHICULAR NETWORKS 6737

Fig. 1. Considered environment sensing scenario in STVN.

where each RSU has a fixed coverage radius of rT . The
Cartesian coordinate of RSU n is pT

n = (xT
n , yT

n , zT
n ). Let U =

{1, 2, . . . ,U} denote the set of CAVs, where each CAV has
the coordinate pU

u (t) = (xU
u (t), yU

u (t), zU
u (t)) at time slot t.

Considering the mobility of CAVs, the accessibility to RSUs
and satellites may change over time. Let aT

u (t) represent the
RSU accessibility for CAV u at time slot t. If aT

u (t) = 1, CAV
u can access at least one RSU at time slot t, while if aT

u (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 RoI
of CAVs, process the sensing data, and deliver the sensing
results to CAVs. Processing and transmitting the sensing
data related to the RoI of each individual CAV may lead
to unnecessarily excessive consumption of computing and
communication resources due to the potential overlaps among
different CAVs’ RoIs. To mitigate this issue, we leverage
the multicast feature of LEO satellites to serve a bunch of
CAVs simultaneously to enhance computing resource and
bandwidth utilization. Specifically, we establish multiple satel-
lite SGs (SSGs) for environment sensing from the satellite,
where each group contains a subset of CAVs. Let �S(t) =
{s0(t), s1(t), . . . , sm(t)} denote the SSGs, where si(t), i �= 0 is
the ith SSGs served by the LEO satellite at time slot t and s0(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 SG (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 �T(t) = {g1(t), . . . , gn(t)}, where
gi(t) is the set of CAVs in the ith 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.

Fig. 2. AoI illustration of CAV.

To satisfy the data freshness requirement, determining a
proper sensing interval is essential for each 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
IS
s (t) and IT

g (t) denote sensing intervals for SSG s and TSG g
at time slot t, respectively.

B. 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. AoI, 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 [19]. Specifically, each
sensing data is stamped with the time of the generation. The
AoI of the sensing result for CAV u is defined as the time
elapsed since the latest received sensing result was generated
from the LEO satellite or RSU. The evolution of AoI for the
sensing result of CAV u can be given by

qx
u(t) =

{
qx

u(t − 1)+ 1, if no packet received
t −maxi{txu(i)|t′xu(i) ≤ t}, otherwise

(1)

where txu(i) and t′xu(i) are the generation time and the delivered
time of the ith sensing data and result of CAV u, and x ∈ {S,T}
represents that the sensing data is generated from satellite or
RSUs. When CAV u receives new sensing results, the AoI
is renewed to describe the freshness information of the latest
data; otherwise, it increases linearly over time slots.

The AoI should be bounded to guarantee the freshness of
the environment information. Moreover, to guarantee the reli-
ability of environment sensing, the probability that the sensing
data is correctly received within the freshness threshold T th

should be larger than 1 − ε [20]. Since CAVs are able to
receive sensing results from both RSUs and the LEO satellite,
the overall AoI of a CAV depicts the AoI of the data from
either source, which is determined by the minimum AoI from
terrestrial or satellite networks, as shown in Fig. 2. Note that
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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 AoI for CAV
u can be given as

qu(t) = min{qS
u(t), qT

u (t)}. (2)

From Fig. 2, we can find that both sensing interval and delay
of data processing and transmission can affect the AoI 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 sensing.

C. 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 νS

s (t), which varies for different
sensing areas. Let K(t)+	S

s (t)+iIS
s (t) represent the generation

time of the ith sensing data, where K(t) = max{jk | jk ≤ t ∀j}
is the initial time slot of the current interval for adjusting
SSGs, and 	S

s (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 t is denoted by cS

s (t). Let QS
s (t) indicate

the size of remaining data for processing at time slot t for
SSG s, as given in (3), shown at the bottom of the page. The
amount of data processed at time slot t for SSG s is determined
by 
νs(t) = min{QS

s (t), τ f Scs(t)/γ }, where f S represents the
CPU frequency unit (in CPU cycles per second) and γ is the
computation workload (in CPU cycles per bit). Specifically,
the following computing resource allocation constraints should
be satisfied:∑

s∈�S(t)

cS
s (t) ≤ cS

max ∀t (4)

cS
s (t) = cS

s (t − 1), if 0 < QS
s (t) < QS

s (t − 1) (5)

where (4) indicates the constraint on the maximum computing
resources in the LEO satellite, and (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 βS

s (t). Let
WS

s (t) denote the size of remaining transmission data for SSG
s at time slot t, as expressed in (6), shown at the bottom of
the page. In time slot t, the amount of transmitted data is


βs(t) = min{WS
s (t), τRS

s (t)}, where RS
s (t) = bS

s (t) log2(1 +
[PShS

s (t)]/σ
2) is the data transmission rate. Here, bS

s (t) is the
bandwidth resources allocated to SSG s at time slot t, PS

denotes the transmit power of the LEO satellite, σ 2 is the
noise power, and hS

s (t) is the channel gain. The communication
resource allocation should satisfy∑

s∈�S(t)

bS
s (t) ≤ bS

max ∀t (7)

bS
s (t) = bS

s (t − 1), if 0 < WS
s (t) < WS

s (t − 1) (8)

where (7) constrains the available communication resources of
the LEO satellite and (8) represents that the allocated commu-
nication resources remain unchanged during the transmission.

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

ZS
s (t) =

{
Tprop

s (t), if WS
s (t − 1) > WS

s (t) = 0
max

{
ZS

s (t − 1)− τ, 0
}
, otherwise

(9)

where Tprop
s (t) = √|pS(t)− pSSG

s (t)|2/c is the propagation
delay between SSG s and the satellite, with the coordination
for the center of SSG s denoted by pSSG

s (t) and the light speed
being c.

For the TSG served by each RSU, the processing and trans-
mission models are similar. However, the allocated computing
and communication resources cT and bT 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.

IV. 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 �S = {�S(t) ∀t ∈ T } denote SSGs, and IS =
{IT

s (t) ∀s ∈ �S(t) ∀t} and IT = {IT
g (t) ∀g ∈ �T(t) ∀t}

denote sensing intervals of all SSGs and TSGs in T time slots,
respectively. The resource cost for SSG s at time slot t from
the LEO satellite is given by ϒS

s (t) = χS
1 cS

s (t)+χS
2 bS

s (t), where
χS

1 , χ
S
2 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 t is given
by ϒT

g (t) = χT
1 cT

g (t) + χT
2 bT

g (t), where χT
1 and χT

2 are the
unit cost of computing and communication resources from the
RSU. Let CS = {cS

s (t) ∀s ∈ �S ∀t} and BS = {bS
s (t) ∀s ∈

�S ∀t} denote the computing and communication resource

QS
s (t) =

{
νS

s (t), ift = K(t)+ iIS
s (t)+	S

s (t) ∀i
max

{
QS

s (t − 1)−
νs(t − 1), 0
}
, otherwise

(3)

WS
s (t) =

{
βS

s (t), ifQS
s (t − 1) > QS

s (t) = 0,
max

{
WS

s (t − 1)−
βs(t − 1), 0
}
, otherwise

(6)
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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 STVN. 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
�S,CS,

BS,IS,IT

T∑
t=1

⎛
⎝∑

s∈�S

ϒS
s (t)+

∑
g∈�T

ϒT
g (t)

⎞
⎠ (10)

s.t.

∑t
t′=1 1qu(t′)≥T th

t
< ε ∀u ∈ U ∀t ∈ T (10a)

si ∩ sj = ∅ ∀si, sj ∈ �S(t), i �= j (10b)

∪s∈�S(t) s = U (10c)

IT
s (t), IT

g (t) ∈ {lκ|l ∈ N} (10d)

|�S(t)| ≤ M

(4), (5), (7), (8). (10e)

In P1, (10a) represents the freshness and reliability require-
ment that the probability of task failure should be less than the
threshold ε over any accumulated period of t time slots; (10b)
and (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; and (10d) constrains the available sensing interval
for each SG, where κ 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 [21], (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 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 partition-
ing 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. Fig. 3
shows the working diagram of the proposed CSTRS scheme
for environment sensing in STVN in two steps.

Fig. 3. Working diagram of the proposed CSTRS scheme for environment
sensing.

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 transmis-
sion workload according to the predicted CAV trajectories.1

Therefore, the first subproblem can be given by

P2 min
�S,IS,IT

∑
s∈�S

CS
s +

∑
g∈�T

CT
g

s.t. (10b)−(10e). (11)

Specifically, CS
s 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

CS
s = χS

1
kτ ν̄S

s γ

IS
s f S
+ χS

2
kτ β̄S

s

IS
s R̄S

s
(12)

where IS
s is the sensing interval for SSG s and R̄S

s is the average
transmission rate of unit spectrum bandwidth within the time
interval. Here, ν̄S

s and β̄S
s 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

CT
g = χT

1

kτ ν̄T
g γ

IT
g f T

+ χT
2

kτ β̄T
g

IT
g R̄T

g
. (13)

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

P3 min
CS,BS

T∑
t=1

⎛
⎝ ∑

s∈�S(t)

ϒS
s (t)+

∑
g∈�T (t)

ϒT
g (t)

⎞
⎠

s.t. (4), (5), (7), (8), (10a). (14)

To solve these two subproblems, the proposed CSTRS
scheme comprises two components: 1) a CAV partitioning
and sensing interval determination algorithm presented in
Section V, and 2) a real-time resource allocation algorithm,
detailed in Section VI.

1Note that, the prediction method is not the primary focus of this article
and several algorithms have been studied for this purpose, such as recurrent
neural networks (RNNs) [22], convolutional neural networks (CNNs), and
long-short term memory (LSTM) [23].
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V. CAV PARTITIONING AND SENSING INTERVAL

DETERMINATION

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 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 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.

A. PSO-Based Sensing Interval Determination

For each CAV, let TS
u (t) and TT

u (t) denote the sensing
interval from the LEO satellite and connected RSUs for CAV
u at time slot t, respectively. Specifically, TS

u (t) and TT
u (t)

mod κ = 0 follow the minimum interval limited by the sensing
devices. For simplicity, we omit the notation t 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 AoI requirement.

Proposition 1 (Feasible Sensing Interval Pair for Individual
CAVs): The sensing interval pair for CAV u is denoted by
(TS

u ,TT
u ), with an offset of ψS

u . 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.

1) If CAV u cannot connect to RSUs either partially or
completely during the time interval, i.e., aT

u (t) = 0, ∃t,
the sensing interval from the satellite should guarantee
TS

u < T th, with ψ̂S
u = [0,TS

u ).
2) 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.

a) TS
u < T th, with ψS

u ∈ ψ̂S
u = [0,TS

u ).
b) TT

u < T th, with ψS
u ∈ ψ̂S

u = [0,TT
u ).

c) TS
u = TT

u ∈ [T th, 2T th), with ψS
u ∈ ψ̂S

u = {lκ | lκ ∈
(TT

u − T th,T th) ∀l ∈ N}.
where ψ̂S

u is the set of feasible offset for CAV u.
Proof: The proof is given in the Appendix.

With the feasible value ranges for individual CAVs’ sens-
ing 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 [24]. 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 � = [TS

u ,TT
u ]1×|U |. In each iteration,

particles adjust their positions and speeds within the solution

Algorithm 1 PSO-Based Sensing Interval Determination

1: Input: �T , σ , σ1, σ2, ymax;
2: Initialization: y = 0, p(0)x = 0, �(0)x ∈ F,∀x ∈ X ;
3: while y ≤ ymax do
4: for x ∈ X do
5: if Proposition 1 and Eq. (17) are not satisfied then
6: Replace the particle by a new �

(y)
x ∈ F;

7: Obtain sensing intervals IT,(y)
x of TSGs according to

Eq. (17);
8: Determine �S,(y)

x and IS,(y)
x based on Algorithm 2 and

calculate �(y)x ;
9: if �(y)x < �̂x then

10: Update �̂x ← �
(y)
x , �̂x ← �

(y)
x ;

11: if �(y)x < �∗ then
12: Update �∗ ← �

(y)
x , �∗ ← �

(y)
x ;

13: Update p(y+1)
x based on (15);

14: Select �(y+1)
x based on (16);

15: Output: �S, IS, and IT

space to discover the corresponding values from the current
positions [24]. After multiple iterations, the positions of all
particles can converge to the same position indicating the
selected sensing interval pair for all CAVs [25].

Denote the set of particles and the position of particle
x in yth iteration by X and �

(y)
x , respectively. Let �̂x

and �∗ denote the best position of particle x and the best
position among all particles’ positions up to the latest iteration,
respectively, and �̂x and �∗ are the corresponding values
calculated based on (11) at those positions. The speed of
particle x ∈ X in the yth iteration, denoted by p(y)x , is updated
as

p(y)x = σp(y−1)
x + σ1

(
�̂x −�(y−1)

x

)
+ σ2

(
�∗ −�(y−1)

x

)
(15)

where σ is the inertia weight for each particle to keep its
speed from the previous iteration. σ1 and σ2 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 [25]. The position
of particle x in yth iteration is given by

�(y)x = �(y−1)
x + p(y−1)

x . (16)

For the PSO-based algorithm, each particle should explore
the solution within the solution space � ∈ F. Specifically,
since TSGs are predefined according to the coverage of RSUs,
CAVs in the same TSG should have the same sensing interval,
given by

TT
u1
= TT

u2
= IT

g ∀u1, u2 ∈ g. (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 (17) are replaced by new randomly selected
sensing interval pairs, for the exploration in the solution space.
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The details of the proposed PSO-based algorithm are given
in Algorithm 1. Denote the maximum number of iterations
by ymax. The particles are initialized with the positions in the
solution space F in line 2. The position of each particle is
updated in each iteration according to lines 5–14. Specifically,
with a given position, i.e., the sensing interval pair of each
CAV, SSGs �S and the corresponding sensing interval IS

can be obtained through the coalition game-based partitioning
algorithm, which will be presented in Section V-B. Finally,
the outputs of the PSO-based algorithm are the solution of P2
for each time interval.

B. Coalition Game-Based CAV Partitioning Algorithm

Considering the coverage of RSUs, TSGs are predefined
at the beginning of each time interval and the RSU sensing
interval can be determined based on (17). On the other hand,
the optimal SSGs and the corresponding sensing interval still
remain to be determined to solve P2 with minimum resource
costs. Recall that the satellite sensing interval for each CAV
within an SSG can be calculated according to Algorithm 1
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

s
and the offset 	S

s can be obtained according to the following
two cases.

1) If all CAVs in SSG s have the same sensing interval and
common offset values, given by

{
TS

u1
= TS

u2
∀u1, u2 ∈ s⋂

u∈s ψ̂
S
u �= ∅

(18)

then the sensing interval of SSG s is IS
s = TS

u ∀u ∈ s,
and the offset of the SSG is 	S

s = arg max
ϕ∈	̂S

s
|T th −

ϕ| to maximize the allowable delay for data processing
and transmission of each satellite sensing. Here, 	̂S

s =⋂
u∈s ψ̂

S
u is the common feasible SSG sensing offset set.

2) Otherwise, the sensing interval of SSG s is IS
s =

max{lκ | lκ < T th, l ∈ N
+} with the offset 	S

s = 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 [26].

Definition 1 (The Coalition Partition): A coalition partition
is defined as the set �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 ∀si, sj ∈
�S, i �= j, si ∩ sj = ∅ and

⋃
i si = U .

The CAV partition problem can be modeled as a (U , φ)
coalition game. Here, φ(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

φ(s) = −CS
s . (19)

To minimize the estimated resource cost from the LEO
satellite for all SSGs, we aim to find the optimal partition �̃S

to maximize the total utility so that

φ
(
�̃S

)
> φ

(
�S

)
∀�S �= �̃S (20)

where φ(�S) = ∑
s∈�S φ(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 2 (Preference Relation): For any CAV u, a pref-
erence relation is defined by �u, where si �u sj implies that
CAV u strictly prefers to join coalition si over sj.

Specifically, the preference relation for CAV u is given as

si �u sj ⇔ φ(si)+ φ
(
sj\{u}

)
> φ

(
sj
)+ φ(si\{u}) (21)

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

Definition 3 (Switch Operation): Considering a CAV parti-
tion �S, if CAV u in coalition s1 can switch to coalition s2 to
achieve a higher utility based on the preference relation, i.e.,
s2 ∪ {u} �u s1, a switch operation occurs. Correspondingly,
the partition is modified as follows:

�S =
(
�S\{s1, s2}

)
∪ {s1\{u}} ∪ {s2 ∪ {u}}. (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 4 (Stability): A partition is Nash-stable if no
CAV tends to change the belonging of the coalition in the
current partition [27].

Based on these definitions, we design a coalition formation
game-based algorithm for CAV partitioning, with the main
workflow given in Algorithm 2. 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 4–9, it is determined whether a CAV should
switch the coalition for a higher utility. H(u) indicates the
history set of coalitions where CAV u has previously joined
to avoid repetition. Based on Definition 3, each CAV can
detach from the current coalition and join a new coalition,
until a stable partition is obtained as per Definition 4. Finally,
SSGs are determined by �S = �S with the sensing interval
of all coalitions and their corresponding offset according to
Proposition 2.

C. Computational Complexity Analysis

In Algorithm 1, 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 with
the computational complexity of 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 sens-
ing interval pairs for CAVs, which include the sensing interval
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Algorithm 2 Coalition Formation Game-Based Algorithm for
CAV Partitioning

1: Input: U ,�;
2: Initialization: The initial partition of CAVs is �S

ini, where
CAVs are partitioned into M coalitions;

3: repeat
4: Randomly select CAV u and choose another coalition

s ∈ �S;
5: if CAV prefers to join a new coalition s and s ∪ {u} /∈

H(u) then
6: Add s ∪ {u} to the history set H(u);
7: CAV u detaches the current coalition and combines

with the new coalition according to Definition 3;
8: Update partition �S;
9: until Switch operation terminates with a stable partition

10: Output: Final SSGs �S = �S, the sensing interval of
all coalitions {IS

1 , ..., IS
m}, and the offset {	S

1 , . . . , 	
S
m}

according to Proposition 2.

from both the satellite and RSU. Since CAVs within the same
TSG share the same RSU sensing interval given in (17) and
there are N RSUs in the target area, the dimensionality of each
particle is NU. After determining the sensing interval of each
CAV, a coalition game is used to partition CAVs into different
SSGs in Algorithm 2. In the coalition game, the maximum
number of CAV selections is UM. In the worst case, each
CAV is evaluated against M − 1 coalitions in each iteration.
This results in a computational complexity of O(UM2) for
each iteration of the coalition game. Therefore, the overall
computational complexity for determining CAV partitions and
sensing intervals for each SG is O(L1|X |(NU + L2UM2)),
where L1 and L2 are the finite number of iterations required
for the PSO and coalition game to converge.

VI. PPO-BASED REAL-TIME RESOURCE

ALLOCATION ALGORITHM

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
P3 by leveraging the Markov decision process (MDP) and
propose a reinforcement learning-based algorithm to solve the
problem.

A. Markov Decision Process Formulation

Since (10a) in P3 is related to long-term delay and reliability
requirement, 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 [28]

Hu(t + 1) = max{Hu(t)+ 1qu(t)>T th − ε, 0} (23)

where 1condition = 1 if condition is true and 1condition = 0
otherwise, and Hu(1) = 0. When the AoI for CAV u violates
the freshness requirement at time slot t, the virtual reliability

queue Hu(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 histor-
ical 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 Hmax

s (t) 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 Hmax

s (t) = maxu∈s Hu(t).
Therefore, we can transform optimization problem P3 into

P4 min
CS,BS

T∑
t=1

⎛
⎝ ∑

s∈�S(t)

(
ϒS

s (t)+ ηHmax
s (t)

)
+

∑
g∈�T (t)

ϒT
g (t)

⎞
⎠

s.t. (4), (5), (7), (8) (24)

where the weight value η 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 mobility of CAVs, it cannot be solved by determin-
istic optimization algorithms. Thus, we reformulate P4 by
leveraging MDP to model the randomness of channels and
CAV mobility.

Let ζs(t) = [pSSG
s (t), qmax

s (t),Hmax
s (t),QS

s (t),WS
s (t), cS

s (t −
1), bS

s (t − 1)] denote the state of SSG s at time slot t,
where qmax

s (t) = maxu∈s{qu(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 t is denoted by S(t) =
[ζs1(t), . . . , ζsM (t)] ∈ S, where S is the state space with all
possible states. If the SSG number |�S(t)| < M, ζsi(t) =
[0]1×|ζsi | ∀i > |�S(t)|.

Let A = Ac ⊗ Ab denote the action space, formed by
combining the action spaces for the computing and com-
munication resource allocation, where ⊗ is the Cartesian
product. Thus, the action at time slot t is denoted by A(t) =
{(cS

s1
(t), bS

s1
(t)), . . . , (cS

sM
(t), bS

sM
(t))} ∈ A, where the action

space is continuous with A(t) ∈ ([0, 1]× [0, 1])1×M .
To evaluate an action with a given state, the set of rewards is

denoted by R := S×A→ R. We define the reward function
obtained from taking action A(t) in state S(t) as

R(S(t),A(t)) = −
∑

s∈�S(t)

(
ϒS

s (t)+ ηHmax
s (t)

)

−
∑

g∈�T (t)

ϒT
g (t). (25)

Let � denote the set of all policies, which is the function
mapping from state space S to action space A. To estimate the
expected return of the current decision making, a discounted
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cumulative reward function is considered and the objective
function is transformed as

max
π∈� E

[
T∑

t=1

ιtR(S(t),A(t))
∣∣∣∣π

]
(26)

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

B. PPO-Based Algorithm for Resource Allocation

Considering the lack of information on state transition
probabilities and the continuous action space, the 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 gra-
dient approach often suffers from high variance in parameter
updates, leading to substantial policy fluctuation during learn-
ing and potential instability. Therefore, we propose to adopt a
PPO-based algorithm [29], which can effectively handle large-
scale problems while ensuring a stable and reliable training
process with its clipped objective function to prevent large
policy variations. Specifically, the PPO-based algorithm aims
to find the optimal parameter θ for policy πθ that maximizes
the clipped surrogate objective

Lclip(θ) = E
{
min

(
ξθAπθold , clip(ξθ , 1− δ, 1+ δ)Aπθold

)}
. (27)

Specifically

ξθ = πθ(A|S)
πθold(A|S)

(28)

is the policy updating ratio based on the current policy and
Aπθold is the estimated advantage from the policy πθold , which
can be expressed as

Aπθold (S(t),A(t))
= R(S(t),A(t))+ ιVϑ(S(t + 1))− Vϑ(S(t)) (29)

where Vϑ(S(t)) is a state-value function parameterized by ϑ ,
given by

Vϑ(S(t)) = E

{ ∞∑
i=0

ιiR(S(t + i+ 1),A(t + i+ 1))|S(t)
}
.

(30)

The clipping function clips the ratio ξθ between 1−δ and 1+δ
with a clipping hyperparameter δ, 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 3, where J is the maximum number of
episodes and E is the epoch for training. 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 θ and ϑ , 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

Algorithm 3 PPO-Based Resource Allocation Algorithm
1: Initialization: Parameters θ and ϑ for policy and state-

value function, and buffer B;
2: for j ∈ {1, 2, . . . , J} do
3: Obtain initial state S(1);
4: for t ∈ {1, 2, . . . ,T} do
5: Execute action A(t) based on the policy πθ ;
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 t mod k = 0 then
9: Run Algorithm 1 to adjust sensing interval and

CAV partition;
10: for e ∈ {1, 2, . . . ,E} do
11: Sample a minibatch of N transitions from buffer B;
12: Update the policy parameter θ ← arg maxθ ′ Lclip(θ ′);

13: Update state-value function parameter
ϑ ← arg minϑ ′(R(t)+ Vϑ(S(t + 1))− Vϑ(S(t)))2

14: Empty buffer B;
15: Output: Parameter θ ;

current policy, computes the reward, observes the new state,
and records transitions into buffer based on lines 5–7. 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 11–13.

VII. 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.

A. 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 km2 and CAV densities of 40 per km2, while rural
areas have RSU densities of 2 per km2 and CAV densities
of 20 per km2, 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 τ = 5 ms and
the time interval for adjusting SSGs is 10 s. The minimum
sensing interval κ 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 [30], [31], [32], are listed in Table III.
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TABLE III
SIMULATION PARAMETERS

Fig. 4. Convergence performance of the training process.

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.

B. Performance of Resource Scheduling for Environment
Sensing in STVN

We first present the convergence performance of the
proposed CSTRS scheme in terms of resource cost and reli-
ability in each episode of the training period. The simulation
comprises 1800 episodes with a learning rate of 3× 10−4 and
a clipping ratio of 0.3. Fig. 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 algo-
rithm. Specifically, we adopt the following three benchmark
algorithms for resource allocation, namely 1) FCFS-based
allocation [33]: 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 allo-
cates computing and communication resources randomly, only
considering the resource capacity constraints; and 3) Average
allocation [33]: computing and communications resources are
allocated equally to each SSG. For FCFS-based resource
allocation algorithm, if multiple SSGs start to process or

(a)

(b)

Fig. 5. Performance of different resource allocation algorithms. (a) Resource
cost performance. (b) Reliability performance.

Fig. 6. Resource cost in LEO satellite with different reliability requirements.

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. 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 environ-
ments. When CAV density is small, the FCFS algorithm and
the CSTRS scheme can both satisfy the reliability 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. 6, we compare the resource cost in the LEO satellite
with different reliability requirements. The results show the
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(a)

(b)

Fig. 7. Performance of different CAV partition policies. (a) Resource cost
performance. (b) Reliability performance.

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 fixed-number SSG, where the SSG number
in the serving area is predetermined and fixed during the
simulation. The sensing interval of each SG is determined
through Algorithm 1, 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.

In Fig. 7, we compare the resource cost and reliability
performances of different CAV partition methods with differ-
ent CAV densities in rural areas. Specifically, our proposed
CSTRS scheme has a low resource cost compared with
fixed-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 maintains a low level of resource cost
while satisfying reliability requirements. On the other hand,
fixed-number SSG strategies face challenges in effectively
utilizing terrestrial and satellite resources due to improper
CAV partitioning and sensing intervals. Particularly, the reli-
ability of fixed-number SSG strategies cannot be guaranteed

Fig. 8. Resource cost in LEO satellite under different RSU densities in rural
area.

Fig. 9. Resource cost in rural areas from terrestrial and LEO satellite
networks.

for environment sensing with a high CAV density due to
insufficient resources.

In Fig. 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, fixed-number SSG strate-
gies 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.

Finally, we investigate the resource cost for CAVs in rural
areas from the LEO satellite and terrestrial RSUs as shown
in Fig. 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 resource cost with more network
support from RSUs.
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VIII. CONCLUSION

In this article, we have investigated a joint communication
and computing resource scheduling problem for infrastructure-
assisted environment sensing in STVN. To cope with the
dynamic network environment and satisfy the stringent fresh-
ness 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 STVN
to jointly find the optimal CAV partition, sensing interval, and
resource allocation decisions. The proposed scheme can coop-
eratively 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 STVN. In the future, we will further investi-
gate the resource scheduling strategy for multifarious vehicular
services by managing resources from terrestrial networks and
different satellites across constellations.

APPENDIX

PROOF OF PROPOSITION 1

For each CAV, to satisfy the sensing result freshness
requirement T th, consecutive sensing data, either from the
LEO satellite or connected RSUs, should be generated with
an interval less than T th. 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 TS

u < T th.
This guarantees the continuous reception of sensing results for
the CAV. The sensing offset can be any time less than the
sensing interval TS

u . 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 th. 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

TS
u
+ 1

TT
u
>

1

T th
and TS

u ,TT
u ∈ [T th, 2T th). (31)

However, (31) 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 ψS

u should be determined. Let jTT
u and

kTS
u + ψS

u denote the time stamps of the jth RSU sensing
and kth satellite sensing, respectively. To satisfy the freshness
requirement, the sensing time stamp of the satellite should not
fall within any of the following ranges.

1) kTS
u + ψS

u ∈ [jTT
u , (j + 1)TT

u − T th]: This indicates that
after receiving the kth satellite sensing result, CAV u’s
sensing result become outdated before the (j+1)th RSU
sensing starts.

2) kTS
u + ψS

u ∈ [jTT
u + T th, (j+ 1)TT

u ]: This represents that
after receiving jth RSU sensing result, CAV u’s sensing

result will be outdated before the kth satellite sensing
starts.

3) kTS
u +ψS

u ∈ [(j+ 1)TT
u − TS

u , jTT
u ]: This implies that the

kth satellite sensing begins before the jth RSU sensing
and the k+1th satellite sensing will begin after the j+1th
RSU sensing. In other words, the jth RSU sensing result
will be outdated since TT

u ≥ T th.
Combining the above three cases, we can find that the
freshness requirement cannot be satisfied if

kTS
u + ψS

u = jTT
u + g, ∃j, k ∈ N

g ∈ L =
[
0,TT

u − T th
]
∪

[
T th,TT

u

]
∪

[
TT

u − TS
u , 0

]
(32)

which can be rewritten as

jTT
u − kTS

u = ψS
u − g, ∃j, k ∈ N. (33)

According to the Bézout’s identity [34], there exists values
j, k ∈ N such that

|jTT
u − kTS

u | = G (34)

where G = gcd(TT
u ,TS

u ) is the greatest common divisor of two
values. In this case, (32) is satisfied indicating the violation of
the freshness requirement if

∃
(
ψS

u − g
)

mod G = 0. (35)

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

Proposition 3: If two different sensing interval TS
u �= TT

u ,
|TS

u − TT
u | ≥ G.

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

TS
u = aG,TT

u = bG (36)

where a and b are the coprime integers. In this case, we have

|TS
u − TT

u | = |a− b||G|. (37)

Since a �= b, |a− b| ≥ 1. Therefore, |TS
u − TT

u | ≥ G.
To this end, we can divide the values of the sensing interval

pair into the following three cases.
1) TS

u > TT
u : Consider one interval [TT

u −TS
u , 0] ⊂ L where

the range is given by TS
u − TT

u . Since TS
u − TT

u ≥ G
according to Proposition 3, regardless of the value of
ψS

u , there exists g ∈ L to satisfy (35).
2) TS

u < TT
u : Consider the interval [0,TT

u − T th] ∪
[T th,TT

u ] = L where the range is given by (TT
u − T th −

0) + (TT
u −T th) = 2(TT

u −T th). Since TT
u −TS

u ≥ G and
TT

u > TS
u ≥ T th, we can have 2(TT

u − T th) ≥ G. In this
case, there exists g ∈ L to satisfy (35).

3) TS
u = TT

u : Consider that [0,TT
u − T th] ∪ [T th,TT

u ] = L,
similarly, the range of the intervals is given by 2(TT

u −
T th). Since 2T th > TT

u ≥ T th, we can have 2(TT
u −T th) <

TT
u = TS

u = G. Therefore, there exist feasible offset
values such that (35) cannot be satisfied, given by

ψS
u ∈ ψ̂S

u =
{

lκ | lκ ∈
(

TT
u − T th,T th

)
∀l ∈ N

}
. (38)
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