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Abstract: For autonomous driving vehicles, there are currently some issues, such as limited environ-
mental awareness and locally optimal decision-making. To increase the capacity of autonomous cars’
environmental awareness, computation, decision-making, control, and execution, intelligent roads
must be constructed, and vehicle–infrastructure cooperative technology must be used. The Roadside
unit (RSU) deployment, a critical component of vehicle–infrastructure cooperative autonomous driv-
ing, has a direct impact on network performance, operation effects, and control accuracy. The current
RSU deployment mostly uses the large-spacing and low-density concept because of the expensive
installation and maintenance costs, which can accomplish the macroscopic and long-term communi-
cation functions but fall short of precision vehicle control. Given these challenges, this paper begins
with the specific requirements to control intelligent vehicles in the cooperative vehicle–infrastructure
environment. An RSU deployment scheme, based on the improved multi-objective quantum-behaved
particle swarm optimization (MOQPSO) algorithm, is proposed. This RSU deployment scheme was
based on the maximum coverage with time threshold problem (MCTTP), with the goal of minimizing
the number of RSUs and maximizing vehicle coverage of communication and control services. Finally,
utilizing the independently created open simulation platform (OSP) simulation system, the model
and algorithm’s viability and effectiveness were assessed on the Nguyen–Dupuis road network. The
findings demonstrate that the suggested RSU deployment scheme can enhance network performance
and control the precision of vehicle–infrastructure coordination, and can serve as a general guide for
the deployment of RSUs in the same application situation.

Keywords: autonomous driving; vehicle–infrastructure coordination; human–machine driving;
roadside unit

1. Introduction

The concepts of electrification, intelligence, connectivity, and sharing in the automotive
industry are increasingly becoming a reality. The development of self-driving cars has
recently accelerated on a global scale. Along with the growth in investments in research and
development, there have been significant upticks in test, verification, and demonstrational
applications. Generally speaking, according to SAE J3016 [1] and GB/T 40429 [2], Figure 1
illustrates that the L2–L3 level of self-driving car development is still being reached globally.
The car is now being driven by an autonomous driving system and a human driver. The
focus of conventional research is on autonomous vehicles, which are used to study how
controls are switched between different types of drivers. However, barriers, poor weather,
and other environmental factors can readily impair autonomous driving (AD), and there
are issues with object identification, trajectory prediction, and control switch. Vehicle–
infrastructure cooperated autonomous driving (VICAD) may significantly increase the
perception range and perceptual ability of self-driving vehicles, achieve multi-scenario,
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in-depth decision, and realize cooperative awareness and decision control—all of which
contribute to the safety of AD [3].
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ments. Therefore, it is essential to implement intelligent road categorization, in line with 
VICAD growth and intelligent road building, in our nation. Research on a road classifica-
tion system for vehicle–infrastructure cooperated autonomous driving is currently being 
conducted, both domestically and internationally [4–8]. Domestic roads have been intelli-
gently classified in the literature [6], which has split the level of intelligence into six levels: 
C0–C5 (see Figure 2). In order to enhance the vision and decision-making capabilities of 
L2–L3 self-driving cars, it is suggested that C4–C5 high-level, intelligent highways be con-
structed. 

 

Figure 1. SAE categorization standard for autonomous vehicles.

Although VICAD has evolved into a crystal-clear technology roadmap for the ad-
vancement of autonomous driving in our nation, various degrees of self-driving cars exert
varying demands on the capacity of the road. At the same time, China has a vast network
of highways, each of which has unique physical characteristics and cognitive requirements.
Therefore, it is essential to implement intelligent road categorization, in line with VICAD
growth and intelligent road building, in our nation. Research on a road classification system
for vehicle–infrastructure cooperated autonomous driving is currently being conducted,
both domestically and internationally [4–8]. Domestic roads have been intelligently clas-
sified in the literature [6], which has split the level of intelligence into six levels: C0–C5
(see Figure 2). In order to enhance the vision and decision-making capabilities of L2–L3
self-driving cars, it is suggested that C4–C5 high-level, intelligent highways be constructed.

Sustainability 2023, 15, x FOR PEER REVIEW 2 of 16 
 

driving (AD), and there are issues with object identification, trajectory prediction, and 
control switch. Vehicle–infrastructure cooperated autonomous driving (VICAD) may sig-
nificantly increase the perception range and perceptual ability of self-driving vehicles, 
achieve multi-scenario, in-depth decision, and realize cooperative awareness and decision 
control—all of which contribute to the safety of AD [3]. 

 
Figure 1. SAE categorization standard for autonomous vehicles. 

Although VICAD has evolved into a crystal-clear technology roadmap for the ad-
vancement of autonomous driving in our nation, various degrees of self-driving cars exert 
varying demands on the capacity of the road. At the same time, China has a vast network 
of highways, each of which has unique physical characteristics and cognitive require-
ments. Therefore, it is essential to implement intelligent road categorization, in line with 
VICAD growth and intelligent road building, in our nation. Research on a road classifica-
tion system for vehicle–infrastructure cooperated autonomous driving is currently being 
conducted, both domestically and internationally [4–8]. Domestic roads have been intelli-
gently classified in the literature [6], which has split the level of intelligence into six levels: 
C0–C5 (see Figure 2). In order to enhance the vision and decision-making capabilities of 
L2–L3 self-driving cars, it is suggested that C4–C5 high-level, intelligent highways be con-
structed. 

 

Figure 2. Norms for road intelligence categorization.

Since it interacts with vehicles, provides road environment information for vehicles
and pedestrians, supports driving decision-making with information [9], and aids in the
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networking and communication of the vehicular ad-hoc network (VANET) [10], the RSU
has emerged as a crucial area of research at this time. The RSU deployment strategy is
a research hotspot in addition to the RSU function study. The implementation of RSUs
is limited by many factors, such as network topology, geographic location, cost, and
other factors. RSU deployment plans are typically examined from a variety of angles in
actual RSU deployment research for various scenarios and performance requirements.
Relevant research primarily focuses on performance-optimization RSU deployment and
cost-reduction RSU deployment, according to various optimization objectives.

The overall cost of RSU deployment is often predetermined by studies on performance-
optimization RSU deployment, and on this foundation, the RSU deployment scheme
with the best performance is developed. Maximum coverage [11–16], optimum connec-
tion [17–22], and minimal transmission latency [23–27] are the major optimization objectives.
The RSU’s position determines whether it can cover sufficient numbers of vehicles and
other road infrastructures to prevent interruptions in information transmission. Therefore,
VANET’s communication performance improves as coverage increases. The term “RSU
deployment with maximum coverage” refers to providing the most coverage for a certain
total cost while still providing the highest amount of service to the cars on the road net-
work. In order to address the issue of the deployment position of number-limited RSUs
in an urban VANET being difficult to determine, Jia et al. developed a Dijkstra-based 0–1
covering matrix computation algorithm [11]. The method transforms vehicle coverage
into split sub-road coverage in the deployment region, and a suggested RSU deployment
scheme, based on an enhanced genetic algorithm, is based on this algorithm. Increasing the
connection can boost the performance of network transmissions since it is one of the key
performance indicators used to gauge network transmission and service. To increase the
VANET connection in highway settings, Mousa et al. proposed a cost-effective deployment
of RSUs [20]. They provided a generic model based on empirical data that stipulates the
minimal number of candidate RSUs and their needed placements to maintain the continu-
ous connectivity of a particular section of the roadway. RSUs can shorten the time it takes
for data to be transmitted between intelligent vehicles by using vehicle-to-infrastructure
(V2I) connectivity. The major goal of the research on data communication delay is to de-
crease RSU–RSU and vehicle–RSU communication delays. Ghorai et al. conducted research
on the deployment of RSUs to minimize communication delay and came to the conclusion
that placing RSUs in congested areas is the key to achieving full coverage. As a result, they
proposed an RSU deployment strategy based on the constrained Delaunay triangulation
method, and they obtained the optimal RSU locations through the optimization procedure
and reduced communication delay in the vehicle-to-infrastructure environment [23].

Cost-minimization RSU implementation reduces costs while still fulfilling network
performance requirements. The installed number and coverage areas of RSUs are immedi-
ately reduced by the low deployment costs, but they still need to provide certain network
services. By including a problem-dependent encoding and unique mutation operator, as
well as taking the quality of service and cost objectives into consideration, Massobrio et al.
created a particular multi-objective evolutionary algorithm to investigate a set of potential
RSU sites [28]. In order to reduce the total cost of capital expenditures and operational
expenditures, Nikookaran et al. took into account the problem of RSU placement [29]. The
minimum cost placement was first calculated using an integer linear program formulation
based on the input traffic traces and candidate sites. An innovative and effective RSU
deployment problem model was developed by Gao et al. It consists of two models: a road
network model and a profit model. The road network model supported difficult road
shapes while taking into account important influencing elements, such as the number of
lanes and popularity [30].

In the current RSU deployment schemes, the hotspot deployment method—in which
RSUs are positioned at traffic crossings, crowded areas, or accident-prone areas—is largely
used due to the high cost of RSU deployment. The biggest benefit of this method is that it
is inexpensive to deploy and maintain, allowing for simple communication functionality
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between vehicles and RSUs as well as the provision of long-term and macroscale traffic
information services for vehicles. However, it is challenging to implement precise control
for vehicles and roads. As a result, it is essential to begin with the information exchange,
collaboration, cooperative perception, and decision-making of VICAD before moving on
to study the deployment of RSUs with a compact footprint and high density in the road
network. With the aim of decreasing the number of RSUs and maximizing vehicle coverage
of communication and control services, the RSU deployment topology model has been
designed.

The rest of this essay is structured as follows: With the aim of reducing the number of
RSUs and increasing vehicle coverage of communication and control services, Section 2
suggests an RSU deployment strategy. The self-created open simulation platform’s Nguyen–
Dupuis simulation road network model is produced in Section 3, where experimental
findings are provided. The summary of conclusions and planned work is presented in
Section 4.

2. Materials and Methods
2.1. Road Network Model

In this research, it is assumed that all RSUs have circular communication coverage
and the same communication radius, which is R, for the urban road network or expressway
network in the vehicle–infrastructure cooperative environment. Within its communication
range, the RSU can talk to cars or other RSUs. The communication between the vehicle
and the RSU, however, occasionally extends outside of one RSU’s communication coverage
area. Typically, the road’s width is disregarded because the RSU’s communication radius
is significantly greater than it is. The communication between cars is not taken into
account in this article, and to make the issue more simplified, the network communication
environment of the uplink between the RSU and the vehicle is not taken into account. RSUs
are typically placed in certain areas with significant spatial characteristics, such as road
intersections, because they not only offer better data distribution [31] but also have the
potential to increase RSU communication coverage by 15% [32]. Road intersections are,
therefore, given priority in this research as potential deployment sites for RSUs.

Before deploying RSUs, the road network should be abstracted into a mathematical
model. Planar undirected graphs are a popular method. G = (V, E) represents a graph with
vertex set, V, and edge set, E. V denotes the set of RSU candidate deployment positions,
with V = {V1, V2, · · · , Vx} and |V| = x. E is the set of links connecting RSU candidate
deployment positions, E =

{
E1, E2, · · · , Ey

}
, and D =

{
D1, D2, · · · , Dy

}
is the set of link

lengths. Further segmentation is performed for the link Ek with Dk ∈ D and Dk > 2R,
and d(Dk − L)/Lc new nodes of equal length L are inserted into the link [33], which are
used as candidate deployment positions of RSUs to maximize the road network coverage
and achieve accurate control of vehicles and roads. Let G′ = (V′, E′) be an undirected
graph with segmented links. V′ = {V, N}, |V′| = m and N is the node set formed when
E ∈ G = (V, E) is segmented, N = {N1, N2, · · · , NZ}. E′ = {e(i, j), ∀i, j, i ∈ V′, j ∈ V′},
|E′| = p, and e(i, j) =

{
lij, ρij, vij

}
. Use the road network in Figure 3 with x = 12 as a

starting point, and apply the mathematical model to abstract it to create the undirected
graph in Figure 4.
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2.2. Time Threshold

This study uses MCTTP to build an RSU deployment scheme in the road network [13].
C stands for the collection of cars in the road network and has the following value
C = {C1, C2, · · · , Cn}. Let’s say there is an m × n matrix T = (tab), where the element
tab(1 ≤ a ≤ m, 1 ≤ b ≤ n, tab ≥ 0) reflects the amount of time that vehicle Cb spends within
the RSU’s communication coverage area that is deployed at V′a over a certain period of time.
Let τ1 represent the minimal amount of time needed for the vehicle to effectively connect
to and communicate with the RSUs. Since the communication between the RSU and the
vehicle can be completed through several RSUs, it can be said that vehicle Cb can be served
by communication if the total time it spends in each RSU’s communication coverage area
during this period is larger than τ1.

The RSU serves as the primary point of information exchange in the vehicle–infrastructure
cooperative environment. It not only sends and receives traffic information in real-time, but
it also carries out the task of transmitting the cloud control platform’s control instructions
to autonomous driving vehicles, such as issuing the local high-resolution map on specific
road sections, controlling the switch between driving subjects in specific scenes, and re-
planning traffic. As a result, the RSU should communicate time-sensitive control commands,
meaning they can only be executed by the vehicle within a particular window of time
after connecting to the RSU. Assume that the m × m matrix Td =

(
td
ij

)
has an element,

td
ij =

(
a ≤ i ≤ m, a ≤ j ≤ m, td

ij ≥ 0
)

, which reflects the amount of time that the vehicle,
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Cd(Cd ∈ Cb), spends traveling across the link, e(i,j), over the course of a certain period
of time.

Let τ be the maximum amount of time needed from the time the vehicle connects to
the RSU to when it successfully receives a specific control instruction because the time to
accomplish the driving task or control command is not fixed. It is given that the vehicle
can only successfully receive control commands when it is in successful communication
with the RSUs. The equation for the relationship between τ and τ1 is τ = τ1 + τ2, where
τ2 is the entire amount of time the vehicle spends on the link, e(i,j), during the time that it
successfully connects to the RSU and communicates. It is assumed that vehicle Cd can be
served by control if the time it takes for it to successfully receive a control command is less
than τ within a given time frame.

For instance, in a particular amount of time, we obtain the 8 × 6 matrix T:

T =



7 10 10 0 0 6
0 7 7 0 0 3
0 9 12 0 0 0
7 0 2 6 0 6
0 2 0 0 5 0
8 0 0 11 9 8
7 0 0 6 8 0
5 0 0 10 6 0


The matrix T indicates that there are 8 RSUs in this road network and that 6 vehicles

pass through within the given time. The period that these 6 vehicles spend within the RSUs’
communication coverage area can be determined to be 34 s, 28 s, 35 s, 33 s, 28 s, and 23 s,
respectively. Only the vehicles C1, C3, and C4 can be served by communication if τ1 = 30 s.

The traffic scenario (see Figure 5) was built in accordance with the matrix, T. There
are four road intersections in this picture and their distances are more than 2R. The image
illustrates how vehicles C1, C3, and C4 remain outside the RSU’s communication coverage
area during the time they successfully connect to and interact with the RSU, allowing for
the determination of the matrices T1, T3, and T4. It can be determined that these 3 cars
took 52 s, 47 s, and 46 s, in the appropriate order, between connecting to the RSU and
successfully receiving a particular control command. Only the vehicles C3 and C4 can be
served by control during this time if τ = 50 s.

T1 =



0 0 0 0 0 0 0 0
0 0 0 3 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 4 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 5 0
0 0 0 0 0 0 0 6
0 0 0 0 0 0 0 0


T3 =



0 4 0 0 0 0 0 0
0 0 5 0 0 0 0 0
0 0 0 0 3 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0


T4 =



0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 2 0 0 0 0
0 0 0 0 0 7 0 0
0 0 0 0 0 0 4 0
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2.3. Objectives

When enough RSUs are installed, road segments may be fully covered, which elim-
inates the issue of communication and control time limits between RSUs and cars and
enhances the effectiveness of operations and the control precision of vehicle–infrastructure
coordination. However, because RSU installation and maintenance costs are high, and
in the dense RSU deployment scheme, communication between RSUs will interfere with
each other and degrade network performance. As a result, the goal of this paper was to
deploy as few RSUs, as possible, in order to provide communication and control services
to a greater number of vehicles. The amount of RSUs deployed is dependent on how far
apart new nodes are, which are divided into road segments. The issue can be reduced to
choosing a long L to maximize the RSU coverage area and creating the following maximized
multi-objective optimization function.

max f1 =
1
m

(1)

f2 =
|Cs|

n
× 100% (2)

f3 =
|Cr|
|Cs|
× 100% (3)

s.t. t(Cb) =
m

∑
a

tab > τ1, Cb ∈ Cs, Cs ∈ C (4)

t(Cd) =
m

∑
a

m

∑
a

td
ij, Cd ∈ Cr, Cr ∈ Cs (5)

t(Cb) + t(Cd) < τ, Cb ∈ Cr, Cd ∈ Cr (6)

The reciprocal of the number of RSUs deployed in the road network is represented by
f1 in Formula (1); the higher its value, the fewer RSUs must be placed on the road network.
Formula (2) states that Cs stands for the set of vehicles that can be served by communication,
and |Cs| is the total number of vehicles that can be served by communication during the
time period indicated. Formula (4)’s constraint condition, where t(Cb) is the entire amount
of time that vehicle Cb spent in the communication coverage area of the RSUs is used
to describe the vehicle coverage rate of communication service during this time. It is
assumed that communication can serve the vehicle Cb if t(Cb) > τ1. Formula (3) states
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that Cr is the set of vehicles that can be served by control, and |Cr| is the entire number
of vehicles that can be served by communication within a given period. f3 represents the
vehicle coverage rate of control services within this period, and its constraint condition is
as shown in Formulas (5) and (6), where t(Cd) is the total amount of time that vehicle Cd
spends passing through the link, e(i,j), during the time when it successfully connects to and
communicates the RSU. If t(Cb) + t(Cd) < τ, then it is assumed that the vehicle, Cd, can be
served by communication.

2.4. Method

The optimization problem for RSU deployment that is put forth in this study is a multi-
objective optimization problem (MOP). Numerous techniques have been suggested in
recent research to solve the MOP’s optimal solution set [34]. Due to its straightforward idea,
great efficiency, quick speed, and ease of implementation, particle swarm optimization
(PSO) [35] has produced positive outcomes when tackling different MOPs in scientific
study and real-world engineering. Since Coello and Lechuga [36] initially introduced it
in 2002, people have learned from the multi-objective evolutionary algorithm to address
the limitations of the multi-objective particle swarm optimization (MOPSO) algorithm [37].
Quantum-behaved particle swarm optimization (QPSO) [38] fixes the flaw that prevents
PSO from searching the whole possible search space.

The QPSO only has the displacement update, for which the update equation is as
follows [38], while the PSO retains the velocity update.

Xi,j(k) = pi,j(k)± α
∣∣mbestj(k)− Xi,j(k)

∣∣ ∗ ln
1

ui,j(g)
(7)

pi,j(k) = ϕj(k) ∗ pbesti,j(k) +
[
1− ϕj(k) ∗ gbestj(k)

]
(8)

mbest =
(
mbest1, mbest2, · · · , mbestQ

)
= 1

P

P
∑

i=1
pbesti

=

(
1
P

P
∑

i=1
pbesti,1, 1

P

P
∑

i=1
pbesti,2, · · · , 1

P

P
∑

i=1
pbesti,P

) (9)

where, we denote, by i(i = 1, 2, · · · , P), the ith particle; by P, the population size; by
j(j = 1, 2, · · · , Q), the particle’s dimension; by Q, the search space’s dimension; by k, the
evolutionary generation. Both ui,j(g) and ϕj(k) are random numbers uniformly distributed
on the interval. Xi,j(k), pi,j(k), and pbesti,j(k) are, respectively, the current position, attractor
position, and individual best position of the jth-dimension particle, i, in the kth generation.
gbestj(k) is the global best position of the jth-dimension particles in the kth generation.
mbestj(k) is the average best position of the jth-dimension particles in the kth generation,
which is defined as the average of the individual best positions of all particles. The only
parameter of QPSO, besides population size and evolutionary generation, is known as
the expansion-contraction factor, α. The algorithm may be assured to converge when
α < 1.782, according to simulation results in the literature [39]. Typically, as the number of
evolutionary generations rises, the value will gradually drop from 1.0 to 0.5.

The variety of solution sets cannot be guaranteed by QPSO’s quick convergence rate
because it is prone to converge prematurely. This study establishes an external archive
to keep the non-inferior solutions discovered throughout the search process in order to
swiftly approach the Pareto-optimal frontier, referring to the diversity maintenance method
in literature [39]. The MOQPSO solution set is kept diverse by using the crowding distance
ranking mechanism in non-dominated sorting genetic algorithm II (NSGA-II) [40].

(1) The selection of the global best position

Due to the limits placed on each objective, it is challenging to solve MOPs while
simultaneously optimizing several objectives. As a result, we can only weigh the competing
objectives to provide an optimal solution set that includes a variety of elements. To do this,
the particles in the external archive are updated after each generation, and a suitable gbest
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is chosen for each particle using the crowding distance approach. The literature is cited for
the specific calculating approach [40]. The binary tournament selection technique, based
on the crowding distance value, selects gbest for each particle in the external archive after
first computing the crowding distance value for all particles in the external archive. The
likelihood of the particle being chosen as the gbest increases with the crowding distance
value because the particle is spread more uniformly in the target space.

(2) Mutation operator

In order to retain the diversity of solutions during the search process, the mutation
operator is incorporated into the MOQPSO when solving MOPs because the quick con-
vergence speed of QPSO is prone to converge prematurely. The unique method is that the
mutation operator applies to all particles in the early stages of seeking optimization. The
mutation operator’s function is diminished as evolutionary generation increases, which is
mostly reflected in the decline in mutation probability and mutation range, meaning that it
only applies to some particles in the midst of search optimization. There is no longer any
mutation in the later stage, enabling a fine search for particles in the final solution region.
Given that irregular random mutation can lead to degradation, the local search ability of the
Gaussian mutation can help to improve the algorithm’s local search accuracy. As a result,
in this paper, the random mutation method with Gaussian distribution characteristics
was chosen.

(3) The updated policy of the external archive

When an updated particle dominates one or more particles in the external archive, an
update to the external archive is necessary. Additionally, since the external archive has a size
restriction and the number of non-inferior solutions will grow as searching optimization
progresses, it is required to develop an update mechanism to prune the external archive at
this time. The crowding distance method is used to update the external archive’s particles
when the number of particles reaches its maximum capacity. This method keeps the most
uniformly distributed and largest crowding distance-valued particles, which effectively
preserves the diversity of the external archive’s particles.

(4) The MOQPSO installation process steps

The following are the precise steps of the MOQPSO algorithm based on the crowding
distance approach.

Step 1: Set the basic parameters of the algorithm, initialize all particles in the search
space, and define the initial pbesti of each particle as the initial position of the particle;

Step 2: Assess each particle in the particle swarm, and, using the Pareto-dominance
relation, place the non-inferior solutions in the external archive;

Step 3: Choose the gbest for every particle in the particle swarm, modify each particle’s
position in accordance with equations (7)~(9), and mutate using the random mutation
method with Gaussian distribution properties;

Step 4: Re-evaluate each particle in the particle swarm and update each particle’s
best individual position, pbest. The upgraded particle is regarded as the new pbest if it
outperforms pbest. One of them is chosen at random to become the new pbest if they do
not outperform one another;

Step 5: Apply the crowding distance method to update the particles in the external
archive;

Step 6: Determine if the present evolutionary generation has evolved to its full poten-
tial; if so, move on to Step 8; otherwise, move on to Step 3;

Step 7: Export every particle to the external archive as the complete answer.

3. Results and Evaluations

We carried out the experiments and comparisons with the traditional algorithms, the
multi-objective objective firefly algorithm (MOFA) [41] and the MOPSO [36], in order to
validate the suggested approach. The Nguyen–Dupuis road network model [42] was used
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as the experimental input data, and it was built in the OSP [43]. We then extracted the
vehicle trajectory data produced through simulation within an hour, including time stamps,
vehicle IDs, map coordinates of vehicles, instantaneous vehicle velocities, and other data.
The road network topology (see Figure 6) and the simulation road network model (see
Figure 7) were created in the OSP of Nguyen–Dupuis, respectively. The road network
consisted of 13 intersections (A–M), 19 internal links (1–19), and 4 input and output links
(Q1–Q4), and each link’s length (in m) was 1800, 1400, 1400, 2800, 1800, 600, 1000, 1000,
2400, 1800, 2600, 1800, 1800, 2000, 1200, 1800, 1800, 1000, and 2200.
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The RSU deployment spacing, L, in this simulation scenario had a value range of 0–
2800 and was an integer. The corresponding relationship between deployment spacing and
the number of RSUs was provided according to the length of each link to make the future
analysis of simulation results easier (see Table 1).
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Table 1. The RSU count and deployment interval.

Serial No. L/km m Serial No. L/km m

1 2.8 13 11 [0.8, 0.87) 45

2 [1.8, 2.8) 18 12 [0.74, 0.8) 46

3 [1.4, 1.8) 25 13 [0.7, 0.74) 47

4 [1.3, 1.4) 28 14 [0.67, 0.7) 50

5 [1.2, 1.3) 29 15 [0.65, 0.67) 51

6 [1.1, 1.2) 31 16 [0.6, 0.65) 52

7 [1.0, 1.1) 32 17 [0.56, 0.6) 62

8 [0.94, 1.0) 36 18 [0.55, 0.56) 63

9 [0.9, 0.94) 37 19 [0.51, 0.55) 64

10 [0.87, 0.9) 44 20 (0, 0.51) ≥65

The simulation experiment’s RSU communication radius was set at R = 200 m, and
the threshold times were set to τ1 = 30 s and τ = 90 s after thorough consideration of
aspects such as the deployment economics of RSUs and the control demand of VICAD.
The population size was set at 60 and the number of iterations was set at 200 to assure
the fairness of the comparison findings of each algorithm. For each method, a random set
of RSU layout deployment schemes was created as the initial solution, and the solution
that was closest to the origin in the Pareto-optimal solution set was chosen as the best one
in each iteration. Figure 8 displays the set of Pareto-optimal solutions for each algorithm.
The MOQPSO algorithm provided the greatest results, which attained 97.3% of the vehicle
coverage rate for communication service and 80.5% of the vehicle coverage rate for control
service when 32 RSUs were installed, as can be seen from the figure.
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Figure 8. Each algorithm’s collection of Pareto-optimal solutions.
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The convergence curves for each algorithm are displayed in Figure 9. The figure
shows that the MOQPSO algorithm had the quickest rate of convergence, finishing up
about 140 generations. At around 160 and 180 generations into their respective iterations,
the MOPSO and MOFA algorithms reached their point of convergence. Additionally, the
MOQPSO algorithm had a higher vehicle coverage rate of communication and control
services when compared to the MOPSO and MOFA algorithms.

m = {18,25,31,36,44,50,62} was chosen to assess the link between the average vehicle
coverage of communication and control services and the number of RSUs under the
solution of the MOQPSO algorithm in order to further determine the best value range of
RSU deployment spacing, L (see Figure 10). Figure 10 demonstrates that when 31 RSUs
were deployed, the vehicle coverage of the communication service was over 90% and the
vehicle coverage of the control service was above 75%, resulting in a comparatively optimal
effect. The vehicle coverage of the communication and control service did not greatly
expand when there were more than 44 RSUs, though. The best value range of RSU spacing
could be calculated as 800 m and 1200 m by using the relationship between the deployment
spacing and the number of RSUs in Table 1.
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4. Discussion

The problem of RSU deployment for VICAD was investigated in this work, and using
MCTTP, a certain number of RSUs were deployed to optimize vehicle coverage for the
shortest possible communication time and the longest possible RSU/vehicle command
receiving time. To reduce the number of RSUs deployed and increase vehicle coverage
of the communication and control services, a multi-objective optimization model was
built. An enhanced MOQPSO, algorithm-based, RSU deployment method was suggested
to estimate the ideal RSU deployment spacing in order to address this issue. Using the
experimental data, we constructed the Nguyen–Dupuis simulation road network model in
the self-developed OSP and identified the best value range for RSU deployment spacing.
The suggested RSU deployment plan should eventually be examined using data on vehicle
trajectories from the real road network.
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