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Abstract: The upcoming wireless technology developments in the next generations are expected to
substantially transform the vehicle-to-everything (V2X) communication network. The challenge of
limited spectrum resources in V2X communication, caused by the need for high data rates, necessitates
a thorough analysis of spectrum resource allocation and power control. This complex problem falls
under the domain of mixed-integer nonlinear programming; a strategic approach is implemented
to overcome these issues, which divides the main challenge into two sub-problems. The issue of
resource allocation is addressed by implementing a multiaccess spectrum allocation method, which is
deliberately designed to optimize the utilization of the spectrum resources that are currently accessible.
Concurrently, the power control issue is resolved by employing a continuous convex approximation
technique, which effectively converts non-convex power-allocation issues into convex equivalents.
This approach helps to alleviate interference between users. Finally, the simulation results prove that
the proposed approaches can improve vehicle performance. The algorithms proposed in this article
significantly improve the system throughput and access rate of vehicular user equipment (VUEs)
while ensuring the data rate of cellular user equipment (CUEs).

Keywords: next generation V2X; resource allocation; multiaccess resource allocation; power control;
continuous approximation; throughput; access ratio; vehicle performance

1. Introduction

In recent years, the evolution of wireless communication systems has propelled us into
a transformative era of interconnected vehicles, marking a significant stride toward the real-
ization of a more advanced vehicular landscape. These systems are poised to revolutionize
vehicle-to-everything (V2X) communication networks [1,2]. The imperative for direct data
exchange between vehicles has led to the incorporation of V2X in long-term evolution (LTE)
and its enhancement in the 5G new radio (NR) standards [3–5]. The incorporation of these
standards signifies a strategic move towards leveraging the advancements in wireless tech-
nologies to meet the dynamic communication requirements of interconnected vehicles [6,7].
In paving the way for connected vehicles, the forthcoming sixth generation (6G) is poised
to adhere to more rigorous regulations governing vehicle connectivity, with features such
as V2X low latency (0.001 s), robust connections, cutting-edge throughput for handling
extensive data, and full automation collectively contributing to elevating its reliability [8,9].
The ongoing evolution of wireless communication, sensing, and computing technologies is
instrumental in the deployment of intelligent transportation systems, with the overarching
goal of making transportation more efficient and intelligent [10,11]. One significant stimu-
lus for this progress is the implementation of V2X communication [12], which plays a vital
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role in enhancing road safety, optimizing traffic efficiency, and facilitating the provision of
information services [13,14]. The V2X communication network is designed to accommo-
date various applications, each with its specifications. It includes vehicle-to-infrastructure
(V2I) communication, vehicle-to-vehicle (V2V) communication, and vehicle-to-pedestrian
(V2P) communication [15–17]. However, the transition to 6G communications introduces
a formidable challenge to the resource-allocation system, particularly when autonomous
distributed vehicles are in operation, given the stringent requirements for extremely high
throughput, low latency, and unwavering dependability [18,19]. This necessitates a com-
prehensive reassessment of the resource-management strategies to ensure the seamless
integration of these cutting-edge technologies into the future landscape of connected and
autonomous vehicles [20,21].

The primary objective of vehicular networks is to facilitate cooperative automated
driving, thereby minimizing accidents and optimizing the efficient use of existing road-
ways [22,23]. However, achieving this goal poses significant challenges in terms of resource
management and power control [24–26]. In the implementation of V2X communication, the
critical issue of resource allocation naturally comes to the forefront, prompting researchers
to devote considerable attention to the intricacies of V2X resource allocation [27,28]. One
possible solution to the resource-allocation problem is to use device-to-device (D2D) tech-
nology, which supports direct communication between devices and can reuse the spectrum
resources of cellular users, with many advantages such as low latency and high spectral
efficiency [29]. Consequently, its application in V2X communication has evolved into
an indispensable scenario in the next-generation mobile communication system [30,31].
The challenge of resource allocation in V2X communication stems from the reliance on
conventional D2D technology. However, the unique attributes of vehicle communication,
notably its capability for high-speed mobility, render resource-allocation methodologies
tailored for D2D technology unsuitable for direct implementation in V2X communica-
tion [32]. Therefore, in light of the constraints posed by limited spectrum resources, the
paramount objective is to devise an appropriate strategy for resource management that can
effectively cater to the rigorous demands of V2X communication, particularly in meeting
high-speed requirements.

1.1. Related Works

In recent studies, researchers have focused on optimizing network utilization by im-
plementing base station power regulation in V2X communications. Ref. [33] introduced an
algorithm to optimize resource allocation and maximize the potential for vehicle association
with the base station (BS). The proposed approach employed adaptive adjustment of BS
power to address the maximization problem, encompassing the Doppler effect and power
selection considerations.

In [34], the authors examined the mathematical problem through power control tech-
niques while considering the limitation of a restricted number of accessible resource blocks
(RBs). The researchers’ primary objective was to utilize a Lagrangian approach to address
the problem through power allocation and resource block assignment. The authors [35]
devised a methodology for addressing a Stackelberg game scenario by implementing
power control techniques. The Stackelberg game was utilized in this study to examine the
interaction between the BS and the user equipment (UE). The Stackelberg model was also
investigated to obtain an ideal solution. The authors of [36] presented an ergodic search
algorithm that is near-optimal in addressing the issue of power efficiency. This method
aims to manage and regulate power consumption at the BS effectively. However, in the
methods mentioned earlier, satisfying the minimal SINR requirements would only provide
best-effort services to VUEs. As a result, these methods did not adopt the probability form
required to ensure the need for ultra-reliable transmission. The outage probability of the
SINR criteria for guaranteeing the VUE QoS (quality of service) must be lower than the
default likelihood.
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In [37], an algebraic constraint was developed to simplify the reliability requirements
for VUEs represented as the tolerable VUEs chance constraints, and an analytical mapping
approach was developed to determine the optimum transmit power for V2X networks. To
handle the spectrum sharing problem in RIS-aided vehicular networks where the outage
probability of V2V links is used to assure the dependability of V2V communication, the
authors in [38] devised the block coordinate descent approach. V2V’s minimal depend-
ability criterion was ensured using chance constraints in [39], which also offered a suite of
graph-based resource management algorithms to handle the resource-allocation problem.
In [40], they addressed the issue of joint spectrum and power-allocation problems for V2X
communication in the presence of imperfect channel state information (CSI). Bernstein ap-
proximations are utilized to convert the chance constraint into a computable constraint. A
bisection search method is proposed to obtain the optimal allocation solution with reduced
complexity efficiently.

There are currently different spectrum resource matching techniques between VUEs
and CUEs in applying D2D technology to V2X communication. Authors in [41] proposed
a new power-allocation method for energy efficiency optimization in D2D-based cellular
V2X communication networks. In [42], they studied subcarrier allocation and power
control problems to maximize the total data rate of V2I communication users under the
reliability constraints of V2V communication users. In [43] the joint power control and
resource-allocation problem of V2X communication when CSI is incomplete. The authors
proposed a distributed robust power control algorithm while ensuring the reliability of
cellular links [44].

1.2. Contribution

In the aforementioned resource distribution methods, the limited utilization of spec-
trum resources results in constrained throughput and restricted accessibility for VUEs. In
multiaccess resource allocation, a pair of VUEs can utilize various subcarriers. At the same
time, a single subcarrier can also be shared among numerous pairs of VUEs. This has the
potential to enhance the efficiency of VUEs by increasing throughput and access rate while
maximizing the utilization of spectrum resources. The main contributions of this article are
as follows:

• We propose a multiaccess resource-allocation scheme for V2X communication that
allows multiple VUEs to share the same subcarrier and one pair of VUEs to use
multiple subcarriers, which can improve the spectrum utilization and data rate of
V2X communication.

• We design a three-stage algorithm to solve the subcarrier-allocation problem for CUEs
and VUEs. The algorithm first allocates subcarriers to CUEs to ensure their data rate
requirements, then allocates the remaining subcarriers to VUEs, and finally allows
VUEs to reuse the subcarriers already allocated to other users.

• We formulate the power control problem as a mixed integer nonlinear programming
problem and solve it using the successive convex approximation method, which can
transform the non-convex problem into a convex problem and obtain the optimal
power-allocation solution.

• To ensure the effectiveness of the proposed method and algorithms, we have simulated
them in MATLAB. Regarding the access rate and throughput for VUEs, the paper
evaluates the suggested approach against the current literature. The research also
investigates the impact of numerous characteristics on the system performance, such
as the number of VUEs, the number of CUEs, and the vehicle speed. The study
demonstrates that the suggested method can effectively raise the bar for both access
rate and throughput for VUEs while still meeting the needs of the CUEs in terms of
required data rates.

Hence, this paper employs a multiaccess resource-allocation strategy and joint power
control to optimize the system throughput of VUEs while simultaneously guaranteeing the
data rate of CUEs. The implementation of multiaccess matching algorithms has the poten-
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tial to enhance system performance by employing effective power control and resource-
allocation techniques. Nevertheless, this technique gives rise to significant co-channel
interference on cellular and vehicle networks. Hence, the challenge addressed in this article
is the rational allocation of spectrum resources and mitigating interference.

The rest of the paper is organized as follows. Section 2 describes the system model
and the problem description. The proposed multiaccess resource allocation and power
control algorithms are included in Section 3. In Section 4, simulation results and analysis
are reported. Section 5 concludes the paper.

2. System Model and Problem Formulation

In V2X communication, resource allocation and power control are crucial. As we study
our system model, we focus on the dynamic interaction between vehicles and infrastructure.
We aim to understand V2X resource allocation and power control optimization through a
detailed problem formulation.

2.1. System Model

The paper presents a system model, as depicted in Figure 1, which focuses on a multi-
user OFDMA V2X communication network with a single BS, which is a technique that
allows multiple users to access the same channel by dividing it into smaller subchannels
or subcarriers. Each subcarrier can be assigned to a different user, depending on their
channel conditions and data rate requirements [45]. This way, the spectrum resources can
be utilized more efficiently, and the interference can be reduced. In contrast to conventional
device-to-device users, individuals utilizing vehicles exhibit a higher movement velocity.
Variations in vehicle speed and safety distance exist to prioritize safety, leading to distinct
location modeling approaches for vehicle users compared to D2D users. On average,
highway models [46,47] show a spacing of 2.5 m between cars. Assuming that traffic is
moving in a straight line at a constant speed, the distribution of car positions on the road
can be described by a Poisson process. Y vehicles need V2I communication, denoted as
CUEs, and X pairs of vehicles need V2V data transmission, denoted as VUEs (where X >
Y). The quantity of subcarriers is denoted as V. To meet the data rate demands of CUEs,
the subcarriers are orthogonally allocated to the CUEs, so there is no interference between
the CUEs. To enhance spectrum utilization and VUEs’ data rate, each pair of VUEs can
use multiple subcarriers, and to allow more VUEs to access, each subcarrier also allows
multiple VUEs to use it, that is, a multiaccess resource match scheme. The allocation of
uplink subcarriers has been regarded as a potential solution to the co-channel interference
problem of uplink resources, which is more effectively addressed than the downlink.
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2.2. Problem Description

Assuming all links are independent block fading channels, CSI can be approximately
constant in each time interval. At the beginning of each time interval, CUEs use uplink
resources to report the cellular link CSI to the BS. For the VUEs, during the V2V discovery
phase, the receiving end of VUEs reports the CSI of the vehicle link to the BS using uplink
resources. However, due to the Doppler effect brought about by the high mobility of
vehicles, the vehicle link will undergo rapid changes in small-scale fading. In this case,
if CSI is continuously updated to the BS, it will result in high signaling overhead [48].
Therefore, the system model in this article only considers large-scale fading to reduce the
network overhead. In addition, this article assumes that the vehicle speeds are all the same,
so the Doppler effect between vehicles can be ignored. We define VUEi as the i-th VUE;
similarly, CUEj is the j-th CUE.

We define av
j,i as the channel power gain of the interference link between the transmitting

end of CUEj and the receiving end of VUEi on the v-th subcarrier, represented as

av
j,i = Aδj,idis−ω

j,i , (1)

In the equation, A is the path loss constant, with δj,i representing the shadow fading
between VUEi and CUEj. This shadow fading follows a lognormal distribution. The
parameter disj,i is the distance between the receiving end of VUEi and the transmitting end
of CUEj, and ω is the path loss index. Additionally, av

j is defined as the communication link
channel power gain from CUEj to the BS, av

i is the channel power gain of the communication
link of VUEi, av

i,D is the interference channel power gain from VUEi sharing subcarrier v
to the BS, and ak

i′ ,i is the interference channel power gain between the transmitting end of
VUEi’ and the receiving end of VUEi sharing subcarrier v.

The signal-to-interference plus noise ratio (SINR) of VUEi is represented as

ψv
i =

Wv
i av

i

θ2 + ∑X
i′ ,i′ ̸=i Cv

i′W
v
i′ a

v
i′ ,i + ∑Y

j Cv
j Wv

j av
j,i

, (2)

Wv
j represents the transmission power of VUEi on the v-th subcarrier. Cv

i′ represents
the binary variable that represents the mapping relationship between the subcarrier v and
VUEi’. If VUEi’ allows the use of the subcarrier v, then Cv

i′ = 1; otherwise Cv
i′ = 0. θ2 is the

variance of zero mean Gaussian noise. Since a subcarrier is allowed to be used by multiple
VUEs, therefore, interference to VUEi includes other VUEs and CUE using the subcarrier v.

The SINR of CUEj is represented as

ψv
j =

Wv
j av

j

θ2 + ∑X
i Cv

i Wv
i av

i,D
, (3)

In the formula, we represent the SINR of CUEj when using the v-th subcarrier, where
Wv

j represents the transmission power of CUEj on the v-th subcarrier. Due to the orthogonal
spectral resources between CUEs, the interference to CUEs is only caused by VUEs that
jointly use the subcarrier v.

2.3. Optimization Model

The objective of this article is to optimize the aggregate data rate of VUEs by in-
tegrating subcarrier allocation and power control techniques for both CUEs and VUEs,
while simultaneously guaranteeing the minimum data rate requirements of all CUEs. This
study examines a multiaccess resource matching strategy as a means to enhance the sys-
tem throughput of VUEs. The optimization problem is formulated as a mixed-integer
nonlinear programming (MINP) problem, which is generally difficult to solve. Therefore,
the problem is divided into two subproblems: the resource-allocation problem and the
power control problem. The resource-allocation problem determines the binary variables
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Cv
i and Cv

j using a heuristic algorithm that assigns subcarriers to CUEs and VUEs in a
multiaccess manner. The power control problem determines the continuous variables using
a successive convex approximation (SCA) method that transforms the non-convex problem
into a convex problem.

The optimization problem formulation is presented as follows.

Problem 1 : max
{Cv

i ,Cv
j ,Wv

i }
∑X

i=1 ∑V
v=1 (log(1+ψv

i )),

s.t

c1 : Cv
i , Cv

j ∈ {0, 1}, ∀v ∈ V, ∀j ∈ Y, ∀i ∈ X,

c2 : ∑Y
j Cv

j ≤ 1, ∀v ∈ V,

c3 : Wv
i ≤ Wmax

i , ∀i ∈ X, (4)

c4 : Wv
j ≤ Wmax

j , ∀j ∈ Y,

c5 : ∑V
v=1 Ψv

j ≥ Ψsize
j , ∀j ∈ Y

Equation (4) is the objective function and the constraints for maximizing the sum of
the data rates of the VUEs. Here are the parameters in Equation (4): Cv

i and Cv
j are the

binary variables that indicate the mapping relationship between subcarrier v and VUEi or
CUEj. If VUEi or CUEj is allowed to use the subcarrier v, then Cv

i or Cv
j is 1; otherwise it is

0. Wv
i and Wv

j are the transmit power of VUEi or CUEj on the subcarrier v. ψv
i and ψv

j are
the SINR of VUEi or CUEj on the subcarrier v, which depends on the channel power gains
and the interference from other users. Ψv

j is the data rate of CUEj on the subcarrier v, which

is a function of ψv
j . Ψsize

j is the minimum data rate requirement size of CUEj, which is a
constant value. The objective function is to maximize the sum of the logarithms of (1 + ψv

i )
for all VUEs and subcarriers, which is equivalent to maximizing the sum of the data rates
of the VUEs. For the constraints, c1 represents that the binary variables Cv

i and Cv
j must be

either 0 or 1. c2 is that each subcarrier can only be used by one CUE, to avoid interference
among CUEs. c3 and c4 are the transmit power of VUEs and CUEs and must not exceed
their maximum values, which are Wmax

i and Wmax
j , respectively. c5 is the sum of the data

rates of CUEj on all subcarriers which must be greater than or equal to Ψsize
j , to ensure the

quality of service of CUEs.

3. Multiaccess Resource Allocation Algorithms and Power Control

The equation presented above involves binary variables {Cv
i , Cv

j } and a continuous
variable. This formulation represents a challenging MINP issue, which poses difficulties
in obtaining optimal solutions. Hence, this article undertakes the task of breaking down
the MINP problem into two distinct sub-problems. The first issue to be addressed is the
multiaccess channel matching problem involving both CUEs and VUEs. Furthermore, there
are power control concerns associated with VUEs. A heuristic approach was developed
to collectively assign subcarriers for CUEs and VUEs to address the issue of allocating
multiaccess resources. Subsequently, the issue about power has been resolved. This work
employs a continuous convex technique as a solution to the non-convex optimization
problem it addresses. The SCA technique is employed to convert non-convex problems into
convex problems, hence enabling their solution. The reason for dividing the initial Problem
1 into two sub-problems Problem 2 and Problem 3 is to simplify the optimization procedure
and reduce the computational complexity. The splitting process yields several advantages.
Firstly, it reduces the complexity and computational expense of solving the original Problem
1, which is inherently difficult. Secondly, it separates the binary and continuous variables,
allowing them to be solved independently using distinct methods. Lastly, it achieves a
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solution that is nearly optimal, maximizing the sum rate of the VUEs while adhering to the
constraints imposed by the CUEs and power limits.

3.1. Resource-Allocation Algorithm

In order to effectively utilize limited spectrum resources and better satisfy the demand-
ing data rate needs of VUEs, a multiaccess resource-allocation mechanism is implemented.
The allocation technique and interference arising from the shared channel exhibit a higher
level of complexity; yet, they have the potential to greatly enhance spectrum usage and data
transmission rates. In order to address the subcarrier-allocation issue, this study initially
considers binary variables {Cv

i , Cv
j } to be determined as either 0 or 1. It further assumes

that the power of CUEs is set to the highest value (Wmax
j = Wv

j ), while the power of VUEs
is uniformly distributed among all subcarriers (Wv

i = Wmax
i /V). Consequently, Problem 1 is

restated as
Problem 2 : max

{Cv
i ,Cv

j }
∑X

i=1 ∑V
v=1 (log(1+ψv

i )),

s.t

c1 : Cv
i , Cv

j ∈ {0, 1}, ∀v ∈ V, ∀j ∈ Y, ∀i ∈ X,

c2 : ∑Y
j Cv

j ≤ 1, ∀v ∈ V, (5)

c5 : ∑V
v=1 Ψv

j ≥ Ψsize
j , ∀j ∈ Y,

Problem 2 includes binary allocation variable constraints and basic data rate require-
ments for CUEs. The multiaccess heuristic resource-allocation algorithms used in this
article are divided into three stages: CUEs’ subcarrier allocation, VUEs’ subcarrier alloca-
tion, and VUEs’ multiplexing subcarriers. Figure 2 shows the flowchart of the resource-
allocation algorithm. Step 1: To ensure the minimum data rate requirement for CUEs,
first we allocate subcarriers to CUEs and maximize the distance data rate requirement(

j∗ = max
(
∆Ψj

)
= max

(
Ψsize

j − Ψj

))
, allocating the subcarrier v∗

(
v∗ = max

(
av

i∗
))

with
the highest channel gain to CUEj*. This step concludes either when all CUEs satisfy the
data rate criteria or when all subcarriers have been allocated. If there exist any subcarriers
that have not been allocated in the current stage, the system should advance to the second
stage. Otherwise, it should go to the third stage. This stage ensures that the CUEs have
exclusive access to their assigned subcarriers, and that the orthogonality between subcar-
riers is maintained. This stage also takes into account the channel quality and the rate
demand of each CUE on each subcarrier, which is enabled by OFDMA. Step 2: Allocate
the remaining subcarriers to VUEs, and allocate the subcarrier with the best channel gain(
[v∗, i] = max av

i
)

to VUEs. This stage ends when all remaining subcarriers are allocated.
Step 3: In order to fully utilize spectrum resources, VUEs can reuse subcarriers already
allocated to other users.

To determine the optimal VUE for a given subcarrier, it is necessary to identify the
unused VUE with the maximum gain on the corresponding channel. The potential for VUE
to reuse this subcarrier can be categorized into two distinct scenarios: The subcarrier has
been previously allocated a CUE, and it is imperative to determine whether the combined
interference resulting from VUE multiplexing will interfere with the fulfillment of the CUE’s
data rate prerequisites. If this is the case, the practice of multiplexing is prohibited, resulting
in the discontinuation of the current subcarrier multiplexing. Contrary to the initial asser-
tion, it is permissible. Subsequently, we proceed to examine the subsequent set of VUEs
until the cumulative interference fails to satisfy the data rate prerequisites of the CUE. The
process of multiplexing the current subcarrier concludes and transitions to the subsequent
subcarrier. The CUE system does not utilize the subcarrier in question, but it is permissible
for the VUE system to utilize it in order to transition to the subsequent subcarrier.
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The procedure mentioned above is a resource-allocation algorithm consisting of three
stages. Within the algorithm, the assignment of the subcarrier v to VUEi is denoted by the
expression allocated VUE(i, v) = 1, whereas the assignment of subcarrier v to CUEj is
denoted by the expression allocated CUE(j, v) = 1. The algorithmic stages are presented
in Algorithm 1.
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Algorithm 1: Pseudocode for multiaccess resource allocation

Input: Ev: set of CUEs using subcarrier v, F: set of subcarriers
Bv: set of VUEs using subcarrier v
B f v: set of VUEs that do not use subcarrier v
Output: allocation of resources

1. Begin

2. Prepare Initialization: Wv
j = Wmax

j , Wv
i = Wmax

i
V , ∆Ψj = Ψsize

j − Ψj

3. While F is not empty or any CUE’s data rate requirement is not satisfied then
4. Select j∗ = max

(
∆Ψj

)
, that is, the j* th CUE

5. Select v∗ = max
(

av
j ∗

)
, that is, allocate the v* th subcarrier to the CUEj *

6. Else Recalculate Ψj, ∆Ψj, and remove subcarrier v* from set F
7. End while
8. When F is not empty do
9. Allocate the subcarrier with the best channel gain for VUEs
10. End When
11. For each subcarrier v do
12. Select the VUE with the largest channel gain ratio in B f v

13. If Ev is not empty then
14. Calculate the data rate of CUE using subcarrier v
15. Else if the CUE’s data rate requirement is still satisfied then
16. Allow reuse, check the next subcarrier
17. else the next VUE user until the cumulative interference makes the CUE’s data rate

requirement unsatisfied, then
18. Check the next subcarrier
19. End elseif
20. Ev is empty
21. Allow the VUE to use subcarrier v
22. End for end If
23. End

3.2. Power-Optimization Algorithms

The utilization of a multiaccess channel matching system in this study enables the
possibility of several users sharing a common subcarrier. Consequently, the issue of
interference among users inside the same channel becomes significantly complicated.
Therefore, in order to alleviate the accumulated interference between users using the
same channel, and further improve the throughput of VUEs while ensuring the data rate
requirements of CUEs, it is necessary to perform power control. The issue of allocating
spectrum resources has been addressed in the preceding section, where the binary variables
{Cv

i , Cv
j } were determined. The signal-to-interference-plus-noise ratio (SINR) of VUEi on

the v-th subcarrier is now being redefined.

ψv
i =

Wv
i av

i
θ2 + ∑i′∈Bv ,i′ ̸=i Wv

i av
i′ ,i + ∑j∈Ev Wv

j av
j,i

, (6)

The corresponding power control problem is then formulated as

Problem 3 : max
{Wv

i }
∑X

i=1 ∑V
v=1(log(1+ ψv

i )),

s.t

c3 : Wv
i ≤ Wmax

i , ∀i ∈ X,

c4 : Wv
j ≤ Wmax

j , ∀j ∈ Y, (7)

c5 : ∑V
v=1 Cv

j Ψv
j
≥ Ψsize

j , ∀j ∈ Y,
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We examine the inherent non-convexity of the optimization problem, which presents
significant challenges in its resolution, particularly within the context of multiaccess re-
source allocation. Since Problem 3 has a non-convex objective function and the constraint
c5, Problem 3 is a non-convex optimization problem, and it is usually difficult to solve in
the scenario of multiaccess resource allocation. In order to tackle this issue, we utilize
the SCA technique. The fundamental concept underlying SCA involves the conversion
of a non-convex problem (Problem 4) into a convex problem (Problem 5). The problem is
solved iteratively using a convex optimization toolbox called CVX [49] until convergence
is attained.

By applying the characteristics of logarithmic functions, we can convert the given
expression into the conventional D.C form, where q(W) and s(W) represent concave
functions, as will be demonstrated in Problem 4. The process of transformation encompasses
the alteration of both the objective function and the constraint c5.

First, the objective function transformation

qi(W)− si(W), (8)

where qi(W) and si(W) are, respectively,

qi(W) = ∑V
v=1 log(Wv

i av
i +θ2 + ∑i′∈Bv′ ,i

′ ̸=i Wv
i av

i′ ,i + ∑j∈Ev
Wv

j av
j,i), (9)

si(W) = ∑V
v=1 log(∑i′∈Bv′ ,i

′ ̸=i Wv
i av

i′ ,i + ∑j∈Ev
Wv

j av
j,i + θ2), (10)

Second, we construct and update the constrain c5 with this conversion

qj(W)− sj(W), (11)

where qj(W) and sj(W) are, respectively,

qj(W) = ∑V
v=1 log(Wv

j av
j +θ2 + ∑X

i Cv
i Wv

i av
i,D

)
, (12)

sj(W) = ∑V
v=1 log(θ2 + ∑X

i Cv
i Wv

i av
i,D

)
, (13)

Problem reformulation: By inserting Equations (8) and (11) into Equation (7) as a result
of the aforementioned transformation, Problem 3 can be restated.

Problem 4 : max
{Wv

i }
∑X

i=1 qi(W)− si(W),

s.t

c3 : Wv
i ≤ Wmax

i , ∀i ∈ X,

c4 : Wv
j ≤ Wmax

j , ∀j ∈ Y, (14)

c5 : qj(W)− sj(W) ≥ Ψsize
j , ∀j ∈ Y,

Problem 4 can be characterized as a conventional D.C. expression, representing the
difference between two concave functions. The absence of a guarantee on the concavity
of the overall function prevents the possibility of solving it using a convex optimization
toolbox at this point. Hence, additional modification is required. The utilization of a
first-order convex approximation enables the transformation of Problem 4 into a convex
problem, facilitating its resolution. The gradients of si(W) and sj(W) can be represented in
the following manner.

∇si(W)=
1

θ2 + ∑i′∈Bv Wv
i′a

v
i′ ,i + ∑j∈Bv Wv

j av
j,i

→
ei, (15)
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∇sj(W)=
1

θ2 + ∑X
i

(
Cv

i Wv
i av

i,D

) →
ej, (16)

where
→
ei is a matrix of (X + Y) ∗ V, represented as

→
ei
(
i′, v

)
=

av
i′ ,i

ln2 , ei(j, v) =
av

j,i
ln2 , i′ ̸=i, where

v is the subcarrier assigned to the ith VUE and j is the jth CUE using the the subcarrier

vth; otherwise,
→
ei(i′orj, v) = 0. Similarly,

→
ej =

av
i,D

ln2 is an (X + Y) ∗ V matrix, defined as
→
ej (i, v) =

av
i,D

ln2 , where v is the subcarrier assigned to the jth CUE and i is the VUE using the

vth subcarrier; otherwise,
→
ej (i, v) = 0.

The utilization of the first-order Taylor expansion is subsequently employed to estimate
the values of si(W) and sj(W) within their respective tables. This is demonstrated as

si(W) = si
(
Wt)+∇sT

i
(
Wt)(W−Wt), (17)

sj(W) = sj
(
Wt)+∇sT

j
(
Wt)(W−Wt), (18)

After bringing Equations (17) and (18) into Equation (14), Problem 4 can be represented
as

Problem 5 : max
{Wv

i }
∑X

i=1 qi(W)− si
(
Wt)+∇sT

i
(
Wt)(W−Wt),

s.t

c3 : Wv
i ≤ Wmax

i , ∀i ∈ X,

c4 : Wv
j ≤ Wmax

j , ∀j ∈ Y, (19)

c5 : qj(W)− sj
(
wt)+∇sT

j
(
Wt)(W−Wt) ≥ Ψsize

j , ∀j ∈ Y,

The aforementioned Problem 5 represents a conventional convex optimization problem
that can be effectively resolved using the CVX convex optimization toolbox. The power
variable W0 is initialized, and the variable Wt is obtained by solving Problem 5 using
a convex optimization toolkit. The variable Wt is then updated iteratively using the
algorithm, such that the first-order Taylor expansion provides a continuous approximation
of the variables o and u. This allows for the calculation of the system throughput of the
variable si(W) and sj(W) VUEs after power optimization. The specific details of the power
control algorithm are presented in Algorithm 2.

Algorithm 2: Pseudocode for power optimization

1. Begin
2. W0: Initial power
3. while Initialization: W0, ε = 10−4

4. If t = 0, number of iterations then
5. Calculate Ψ0 by bringing W0 into the objective function in Equations (17) and (18).
6. for t = t + 1, Wt = W∗ do
7. Solve Problem 5 and obtain W∗

8. End for
9. Else Bring Wt into Equation (14)
10. Calculate the Ψt of the objective function
11. End if
12. Calculate ∆Ψ =

∣∣Ψt − Ψt−1
∣∣

13. Until ∆Ψ ≤ ε

14. End for End while
15. End
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4. Simulation Results and Analysis

In order to verify the algorithm proposed in this research work, MATLAB2019a
simulations were employed. The data presented in each result plot were subjected to
statistical analysis, with a minimum of 400 repetitions, in order to obtain averaged values.

This study follows the simulation configuration of the highway scenario outlined in
3GPP TR 37.885. The model presented in this paper represents a single-directional highway
consisting of three lanes, each with a width of 4 m. The overall width of the highway is
12 m, and it spans a length of 3000 m. All vehicles exhibit uniform velocity. The distribution
of vehicle positions on the road can be modeled by the Poisson distribution, where the
average inter-vehicle distance is influenced by the speed of the cars. The BS is situated in a
central location with a radius of 500 m. Additionally, there is a distance of 40 m between
the university and the adjacent highway. A random selection is made of X pairs of VUEs
and N CUEs from the pool of created cars. It is important to note that VUEs are always
formed by nearby vehicles. Table 1 displays the primary simulation parameters utilized in
the investigation.

Table 1. Simulation parameters.

Parameter Value Size

Channel model 3GPP Highway
Radius size 500 m
Deployment 3 lanes

Antenna height 1.6 m
Carrier frequency 2 GHz

Noise power −174 dBm
Channel bandwidth 10 MHz

CUEs quantity 3, 5, 7, 9
Vehicle speed 60–110 km/h

Vehicle distribution Poisson distribution
Shadow standard deviation 8 dB (CUEs), 3 dB (VUEs)

CUEs path loss 128.1 + 37.6log (d [km])
VUEs path loss LOS inWINNER + B1

Wmax
i 23 dBm

Wmax
j 23 dBm

4.1. Analysis of Simulation Results

The study of the findings in this section is divided into two parts. The first part is to
validate the presence as outlined in this research report. This research evaluates the system
in relation to the current literature, specifically focusing on two key aspects: the access rate
of VUEs and the throughput. The subsequent section examines the impact of parameter
modifications on the system model’s throughput for VUEs, as indicated by the graphical
representation of the results.

4.1.1. Comparative Analysis of Access Rate and Throughput

A comparative analysis was conducted, referencing [33,50], focusing on access rates
pertaining to VUEs. The non-access rate for VUEs is defined as the proportion of instances
where the data rate falls below the predetermined target, relative to the total number of
VUEs. The findings, depicted in Figure 3, indicate a correlation between the increase in
the number of VUEs and a subsequent rise in the non-access rates for all algorithmically-
managed VUEs, consequently leading to a decrease in the overall access rate.

In contrast, the observed access rate in this study exceeds that of the comparative
literature. In this particular study, it was found that out of the total 60 VUEs, the non-access
rate was determined to be 25%. Consequently, this indicates that there were 45 VUEs that
were accessible, accounting for 75% of the total VUEs. In comparison, the non-access rates
of the references [33,50] are 54% and 44%, respectively, resulting in accessible counts of
28 and 34 VUEs for both references. This implies that 46% and 56% of the VUEs (28 and
34 VUEs) may be accessed correspondingly. Upon analyzing the curve trend depicted in
Figure 3, it becomes evident that there is a notable increase in the performance disparity
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between the comparative literature and the present study. Although this solution effectively
meets the data rate requirements for CUEs and VUEs, it imposes a constraint on the access
rate of VUEs. This limitation arises from the allocation of only one subcarrier to each pair
of VUEs.

Figure 3. Comparison of VUEs’ un-access rate.

For the throughput, this study compares throughput using a multiaccess matching
method for resource allocation, with references [51,52], where the resource allocation adopts
a many-to-one matching scheme; that is, multiple VUEs can use the same subcarrier, and
one subcarrier only allows one VUE to use. The random algorithm in [51,52] randomly
assigns spectrum resources and power sizes. The comparison, illustrated in Figure 4,
indicates a notable enhancement in total VUEs’ throughput with the algorithm proposed
in this paper. Specifically, when Ψsize

j = 5 for all CUEs, the system data rate of the CUEs
hovers around 58.74 (bps/hz) as the number of VUEs increases. In contrast, the data rate
of the CUEs in [51,52] gradually decreases with an expanding VUEs count since they do
not impose data rate constraints on the CUEs. The proposed algorithm prioritizes meeting
CUEs’ data rate requirements before resource allocation, employing multiaccess channel
matching to fully utilize spectrum resources. Consequently, the total throughput of both
VUEs and CUEs systems in this paper surpasses that of the comparative literature. Notably,
due to a limited number of subcarriers (V = Y = 9), escalating VUEs result in cumulative
interference, causing the system throughput to plateau in later stages.
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4.1.2. Analysis of Model Parameters Change on System Performance

After conducting a thorough review of the relevant literature and establishing the
effectiveness of the algorithm presented in this research, we proceed to investigate the
influence of changes in system model parameters on the throughput of the VUEs system.
This investigation is guided by the outcomes obtained from simulations.

In the first stage, we examine the implications of different quantities of CUEs and
their corresponding data rate demands on the throughput of VUEs, as illustrated in
Figures 5 and 6, respectively. Significantly, when the number of VUEs increases, there is a
corresponding increase in the overall throughput of VUEs. The analysis of Figures 5 and 6
demonstrates a noticeable pattern: when the data rate requirement is consistent, increasing
the number of CUEs results in an increase in system throughput. On the other hand, if the
quantity of CUEs remains constant while their data rate requirements increase, it leads to a
decrease in the system throughput of VUEs. This issue occurs due to the limited number of
subcarriers, resulting in a proportional increase in the number of occupied subcarriers by
CUEs as their quantity increases.
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The increase in data rate requirements for CUEs necessitates a greater utilization
of subcarriers in order to meet their data rate demands. Consequently, this leads to an
increase in the exhaustion of unassigned subcarriers during the succeeding stage of the
resource-allocation process. As a result, the capacity of VUEs to efficiently utilize the
spectrum allocated to CUEs decreases, resulting in a decline in the total data transmission
rate of VUEs.

Secondly, we will delve into the influence of vehicle speed and the presence or absence
of power control on VUEs’ throughput, as illustrated in Figure 7. Initially, let us examine the
effect of speed. As the vehicle speed escalates, the system throughput of VUEs experiences
a decrease, regardless of the presence or absence of power control. This phenomenon arises
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from the vehicle position modeling in this study, which considers the vehicle’s safe distance.
Consequently, the average distance between vehicles increases to ensure driving safety,
leading to elevated path loss and subsequently a reduction in VUEs’ throughput.

Appl. Sci. 2024, 14, x FOR PEER REVIEW  16  of  19 
 

 

Figure 7. Relationship between vehicle speed and VUEs’ throughput. 

Finally,  this  study aims  to  comprehensively analyze  the  impact of modifying  the 

number of subcarriers on the throughput of VUE systems, as depicted in Figure 8. There 

is a clear correlation between the increase in the quantity of subcarriers V and the subse-

quent rise in the throughput of the VUE system. The origin of this phenomenon can be 

attributed to the algorithm’s increased adaptability in allocating subcarriers to CUEs in 

the first stage, where the data rate requirements and the number of CUEs remain constant. 

By increasing the number of subcarriers, the algorithm is able to more efficiently identify 

the most suitable subcarriers for serving CUEs, which may result in a reduced need for a 

large number of subcarriers to meet their data rate demands. As a result, during the sec-

ond stage, a larger set of residual subcarriers is assigned to VUEs, resulting in an overall 

enhancement of the system throughput for VUEs. 

 

Figure 8. The relationship between the number of subcarriers V and the VUEs throughput. 

5. Conclusions 

In conclusion, the upcoming era of wireless technology holds the potential for a sig-

nificant and revolutionary influence on V2X communication networks. The pressing issue 

of  scarce  spectrum  resources, caused by  increasing demands  for data  rates,  requires a 

comprehensive examination of spectrum resource distribution and power regulation. To 

tackle the intricacy involved in mixed-integer non-linear programming, it is necessary to 

employ inventive approaches. In order to surmount these obstacles, we utilized a method-

ical  approach, deconstructing  the main  issue  into  two  separate  sub-problems. The  re-

Figure 7. Relationship between vehicle speed and VUEs’ throughput.

Moving on to the comparison between the presence and absence of power control, the
throughput of the system exhibits a higher value with power control in the comparison
graph compared to the scenario without power control. This observation underscores the
essentiality of power control in this research. The rationale behind this lies in the completion
of spectrum resource allocation, wherein binary integer variables are determined. In the
absence of power control, VUEs maintain their initial power size, while with power control,
VUEs’ power size can be automatically adjusted based on spectrum resource allocation
without compromising the data rate requirements of CUEs. This adjustment mechanism
contributes to an enhancement in the throughput of the VUEs system.

Finally, this study aims to comprehensively analyze the impact of modifying the
number of subcarriers on the throughput of VUE systems, as depicted in Figure 8. There is
a clear correlation between the increase in the quantity of subcarriers V and the subsequent
rise in the throughput of the VUE system. The origin of this phenomenon can be attributed
to the algorithm’s increased adaptability in allocating subcarriers to CUEs in the first stage,
where the data rate requirements and the number of CUEs remain constant. By increasing
the number of subcarriers, the algorithm is able to more efficiently identify the most suitable
subcarriers for serving CUEs, which may result in a reduced need for a large number of
subcarriers to meet their data rate demands. As a result, during the second stage, a larger
set of residual subcarriers is assigned to VUEs, resulting in an overall enhancement of the
system throughput for VUEs.
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5. Conclusions

In conclusion, the upcoming era of wireless technology holds the potential for a signif-
icant and revolutionary influence on V2X communication networks. The pressing issue of
scarce spectrum resources, caused by increasing demands for data rates, requires a compre-
hensive examination of spectrum resource distribution and power regulation. To tackle
the intricacy involved in mixed-integer non-linear programming, it is necessary to employ
inventive approaches. In order to surmount these obstacles, we utilized a methodical
approach, deconstructing the main issue into two separate sub-problems. The resource-
allocation difficulty is effectively resolved by implementing a technique for allocating the
multiaccess spectrum. This strategy, carefully designed to maximize the utilization of the
available spectrum resources, demonstrates a conscious endeavor to improve efficiency. At
the same time, the complexities of power regulation are tackled by skillfully applying a
technique called continuous convex approximation. This technique transforms difficult
non-convex problems into more manageable ones. This two-pronged approach effectively
reduces interference between users. The validation process using simulation data clearly
and indisputably shows the effectiveness of these approaches in improving vehicle perfor-
mance. The algorithms presented in this work demonstrate a significant enhancement in
system throughput and access rates for VUEs, while simultaneously fulfilling the data rate
demands of CUEs. In future works, continuing our research, we recognize the importance
of exploring the potential consequences and benefits of cell-free network topologies in the
areas of allocating spectrum resources and controlling power for enhancing and optimizing
V2X communication systems. The forthcoming studies will involve modifying current
algorithms to be compatible with cell-free setups, and thereafter conducting a thorough
assessment of their effectiveness in a wide range of different situations. This research pro-
vides essential insights and practical answers to the complex field of V2X communication,
which will help to develop more reliable and economical connected vehicle systems in
the future.
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