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Abstract 

Multi-access edge computing (MEC) has unique interests in processing intensive and delay-critical computation tasks 
for vehicular application through computation offloading. However, due to the spatial inhomogeneity and dynamic 
mobility of connected vehicles (CVs), the edge servers (ESs) must dynamically adjust their resource allocation schemes 
to effectively provide computation offloading services for CVs. In this case, we propose a MEC framework supporting 
the collaboration of CVs, and incorporate digital twins (DTs) into wireless network to mitigate the unreliable long-
distance communication between CVs and ESs. To solve the contradiction between the task change requirements 
of CVs and ES resources, we proactively balance the computation resources load of ESs by appropriately cooperative 
route planning of CVs, and achieve cross-domain load balancing between traffic flow and edge cloud resources 
domains. Furthermore, we jointly formulate route planning and resource allocation to balance the travel and service 
time delay by considering the mobility of CVs, distributed resources of ESs and the deadline sensitive vehicular tasks 
comprehensively. Besides, considering the coupled relationship between route planning and resource allocation, an 
alternating optimization algorithm is proposed to solve the formulated problem. we decompose it into two sub-
problems. Firstly, a reinforcement learning method is used to optimize the route planning of CVs with fixed resource 
allocation. Then, an online learning and iterative algorithm is used to optimize the resource allocation strategy of 
edge cloud with fixed route selection. In order to demonstrate that our suggested scheme is more effective than 
other comparison schemes, a comprehensive series of experiments are conducted.
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processing some data-intensive tasks locally with their 
limited perceptual range and computational power, mak-
ing it difficult to optimize traffic safety and efficiency. To 
address the above challenges, multi-access edge com-
puting (MEC) has gained more attention for researchers 
[1–3]. MEC enables CVs to process some intensive and 
delay-critical computation tasks for emerging vehicular 
applications through offloading tasks to the edge servers 
(ESs) rather than executing them locally, the system per-
formance will be enormously improved. Therefore, MEC 
is necessary to ensure the quality of while reducing the 
hardware requirements for unmanned vehicles.
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Introduction
Connected vehicles (CVs) exploit on-board sensing sys-
tems and computing capabilities to understand their 
surroundings and drive autonomously are key to safer 
and more efficient transportation. CVs have difficulty 
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To handle the intensive and delay-critical computa-
tion tasks of CVs offloading, some research works [4–6] 
suggested MEC-based architecture of task offloading for 
vehicular applications. These architectures deploy ESs 
at fixed wireless infrastructures, enabling task offload-
ing between vehicles to ESs via vehicle-to-infrastructure 
(V2I) communication with low delay. In particular, the 
resource allocation strategy with intensive and delay-
critical tasks under this architecture have attracted more 
attention for its practicality. In terms of reducing wireless 
communication delay, digital twins (DTs) [7] can real-
ize instant wireless connectivity and extremely reliable 
wireless communication. DTs represent real objects or 
subjects in the digital space with their data, functionality 
and communication capabilities [8]. With the DTs, MEC 
can connect the physical system with the digital world in 
real time, enabling powerful edge intelligence in the pres-
ence of real-time changing traffic conditions. Although 
these references have well addressed the resource allo-
cation problem of edge cloud, they seldom consider the 
impact of traffic changes on the resource allocation of 
edge cloud. The ES provides computation resources for 
CVs in a passive way, which makes it easy for vehicle ter-
minals to fail to obtain edge resources in time, resulting 
in system decision-making delay and traffic accidents. 
This is because, on the one hand, due to the mobility of 
CVs, the routes change of the CVs forces the traffic flow 
to change in real time, making the resources required 
for task execution constantly change, which may make 
the distribution of traffic flow inconsistent with the geo-
graphical location deployment of ESs and their computa-
tional capacity distribution, affecting the performance of 
drive autonomously. On the other hand, due to the distri-
bution of edge cloud, these computation-intensive tasks 
further exert serious pressure on some ESs with limited 
resources, leading to an uneven allocation of edge cloud 
resources, diminishing the application of MEC in intelli-
gent transportation, and deteriorating the timeliness and 
correctness of offloaded tasks of CVs.

A promising solution is to proactively balance the 
workload of edge cloud by appropriately cooperative 
route planning of CVs, and jointly optimize the route 
planning of CVs and the resource allocation of edge cloud 
by real-time adjustment of edge cloud resources allocated 
for changes in the demand of dynamic route planning 
services of CVs through dynamic resource allocation 
techniques. It is challenging to jointly optimization of 
the route planning of CVs and the resource allocation 
of ESs. Firstly, the two variables of route planning and 
resource allocation are coupled with each other. For 
example, when the vehicular route changes, the optimal 
resource allocation may change accordingly. Secondly, 
joint optimization is actually the cross-domain resource 

allocation between the traffic flow and the edge cloud 
resource domains, which requires reasonably planning 
the route of CVs in the traffic flow domain and optimal 
resource allocation in the edge cloud resource domain. 
Therefore, it is necessary to balance the service delay of 
MEC and the travel time of CVs.

Based on the limitations of existing studies, the 
advantages of MEC and the communication reliability 
of DTs, we start from the perspective of cross-domain 
resource allocation, propose a joint optimization method 
of cross-domain resource to actively balance the resource 
load of edge cloud by using the route planning of CVs, 
and to find an effective edge cloud resource allocation 
while conducting reasonable route planning for CVs. In 
view of this, this paper focuses on the joint optimization 
of route planning and resource allocation to improve the 
quality of automatic driving of CVs in transportation 
system. Our work is different from previous related 
work in two aspects: (1) We use the collaborative route 
planning between CVs to actively balance the resource 
load of the edge cloud and achieve cross-domain load 
balancing between the traffic flow and the edge cloud 
resource domains to improve resource utilization. (2) 
Due to the mutual interference of CVs competing for 
the same edge cloud resource, we consider dynamically 
adjusting the edge cloud resource allocation strategy to 
adapt to the change of service demand of collaborative 
route planning of CVs, balancing the service delay of 
MEC and the travel time of CVs. This study makes the 
following contributions, which are outlined below:

• The driving routes variation of CVs and the 
distribution characteristics of edge cloud resources 
are comprehensively considered, and a joint 
optimization method of cross-domain resources is 
proposed in the MEC framework supporting the 
collaboration of CVs, which actively balances the 
resource load of edge cloud by using the collaborative 
route planning between CVs to achieve cross-domain 
load balancing between the traffic flow and the edge 
cloud resource domains.

• An alternating iterative optimization method is 
proposed to solve the coupling relationship between 
route planning and resource allocation. Firstly, a 
reinforcement learning method is used to optimize 
the route planning of CVs with fixed resource 
allocation. Then, an online learning and iterative 
algorithm is used to optimize the resource allocation 
strategy of edge cloud with fixed route selection.

• A comprehensive series of experiments are carried 
out to prove that our suggested scheme improves 
the conventional approaches in relation to average 
service delay, travel time and completion rate.
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The structure of the paper is organized as follows: 
A review of relevant literatures on solving resource 
allocation and traffic flow optimization are presented 
in “Related work”. Then, “System model and problem 
formulation” describes the edge computing model, 
transportation model and optimization model. In 
“Design and analysis of algorithm”, the specific solution 
algorithm is given. Simulation results are illustrated 
in “Experimental simulation”. Finally, “Conclusion and 
future work” discusses and summarizes the paper.

Related work
MEC for vehicle
The development of Intelligent Transportation Sys-
tems (ITS) applications has facilitated the exploration 
of using MEC paradigm to meet the intensive com-
putation demand of CVs [9–11]. Luo et  al. [12] pro-
posed the use of dedicated short-range communication 
(DSRC) in MEC to share data between vehicles, verified 
that it is feasible to offload intensive and delay-critical 
tasks to the ESs located at 5G base stations, and done 
some work in improving road safety. Liu et al. [13] pro-
posed an SDN-based heterogeneous vehicular network 
that provides low-delay communication in an MEC 
environment, thereby improving the scalability of the 
network. Zhang et al. [14] described the task offloading 
as a fatal multi-armed bandit problem, in which each 
round of playing with an arm is considered as choos-
ing an ES to process the offloading task. Rodrigues et al. 
[15] proposed a three-tier system architecture consist-
ing of users, multiple edge clouds and a cloud, where 
the edge clouds and the cloud can work together to 
process the user computation requests and minimize 
the service delay for the user. Zhang et  al. [16] placed 
small cloud server infrastructure with limited resources 
such as cloudlet near the network edge and provided 
context-aware services based on network information. 
This method requires centralized frequent communi-
cation among controllers, cloudlet and mobile devices. 
Wang et  al. [17] summarized the existing computing 
architecture design in MEC for CVs in detail, and ana-
lyzed the service demands and design considerations 
of MEC architecture from both academic and com-
mercial viewpoints, providing a novel perspective for 
mobile vehicles as fog nodes, but this is just an idea. 
In vehicle-to-vehicle (V2V) communication, Dai et  al. 
[18] fully utilized the computation capacity of numer-
ous surrounding vehicles and processed tasks for close-
by vehicles. However, because of the dynamic joining 
and departing of vehicles, the computation resources of 
ESs are time varying, which could cause an unforeseen 
delay or task failure. These works have designed MEC-
based vehicular network architectures based mainly on 

the advantages of MEC. However, more specific off-
loading decision schemes and resource allocation strat-
egies in MEC should be further investigated, which is 
the fundamental of vehicular networks service.

Resource allocation for MEC
Resource allocation in MEC-assisted vehicular net-
works has increasingly become important. However, the 
changes of vehicular task requirements have brought 
great challenges to the resource allocation of MEC. 
Tang et al. [19] constructed the vehicular edge comput-
ing (VEC) model in the form of frame, and proposed a 
dynamic framing offloading algorithm based on Double 
Depth Q-Network (DFO-DDQN) to minimize the total 
delay and waiting time of tasks from mobile vehicles. 
Xing et al. [20] jointly optimized the allocation and wire-
less resource allocation problems in MEC environment 
and proposed an optimal solution method based on 
solving a relaxed convex problem. In a FiWi-enhanced 
vehicular edge computing (VEC) network, Zhang et  al. 
[21] suggested software-defined network load balancing 
task offloading technique. To assure a better task offload-
ing scheme, users must bargain with one another, which 
necessitates constant information exchange between 
them. However, while minimizing the task execution 
delay of resource-constrained mobile users, the potential 
power delay trade-off is a basic challenge to be solved.

In addition, the high mobility of vehicles makes the task 
scheduling decisions more complicated in the presence 
of heterogeneous wireless and computation resources. 
Hence, the mobility of vehicles needs to be considered 
when designing resource scheduling schemes in distrib-
uted MEC scenario to support the service continuity. 
By using a probabilistic user mobility modeling to select 
the best communication channels between the base sta-
tion and users and then pre-allocating the computation 
resources of RSUs, Plachy et  al. [22] studied an excel-
lent communication and computation resource sharing 
structure based on MEC. Khafajiy et al. [23] proposed a 
task offloading scheme with load balancing, where FSs 
of the Fog layer form a service group to provide services 
to the outside world. If an FS has a heavier load, it can 
also redistribute its own tasks to the lightly loaded FSs to 
achieve load balancing. Ouyang et al. [24] used the ser-
vice migration method to increase the service quality of 
mobile users in the MEC environment, and proposed two 
heuristic algorithms based on Markov approximation 
and optimal response update for the solution. Consider-
ing the mobility of users, Aissioui et al. [25] proposed a 
resource allocation scheme that supports the migration 
of services across multi-edge clouds and is able to sup-
port the service continuity of vehicles.
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System model and problem formulation
Scenario description
We consider an MEC empowered intelligent traffic net-
work system as shown in Fig.  1. The traffic network 
has uniform RSUs deployed along the road. An ES is 
deployed on each roadside unit (RSU). Any one CV can 
only select one ES for computation offloading at the same 
time, but one ES can provide computation offloading ser-
vices for multiple CVs at the same time. The DTs interact 
with physical traffic network system in real time through 
data collection and analytic to keep the digital plane syn-
chronized with physical system, so that the operational 
state analysis and optimization of CVs can be performed 
directly on the ES. In order to improve the driving quality 
of CVs, the system not only optimizes the traffic flow but 
also allocates edge cloud resources.

The traffic network is defined as a directed weighted 
graph Ŵ=(E, I) that includes a road segments set 
E = e1, . . . ,el , . . . ,ep  and I =

{
I1,I2, . . . ,Iq

}
 is the set of 

intersections. According to the lane direction, ei  = ej , but 
the lengths of the road section are equal, i.e., di = dj . A set 
of connected vehicles is denoted by N = {1, 2, · · · ,N } , 
and M = {1, 2, · · · ,M} represents a set of ESs. Each 
vehicle has its own origin o to the destination d. Before the 
vehicle travels, ES first recommends a set of alternative 
routes for each vehicle based on real-time traffic conditions 
and shortest route algorithm. The driving routes of the 
vehicle i are composed of an orderly continuous road 
segment, which is denoted as ri = {eo, el , · · · , ed} . The CVs 

will generate computing tasks during driving, the notation 
�i = {Ii, γi, ξi, oi} can be used to represent the tasks of 
vehicle i, which includes the task input-data size Ii , the 
computation intensity γi (the number of CPU cycles 
required by vehicle i), the completion deadline ξi and the 
output/input ratio oi that related to the properties of the 
task. To determine the computation offloading process of 
ESs and the dynamics of vehicles, we discretize the time 
into the form of non-overlapping time slots of equal length 
with time intervals of t̃  . Especially, the amount of time 
slots is mostly determined by the maximum completion 
deadline, i.e., G = max

{
⌊ξi/t̃⌋

}
i∈N

 . The position of 
vehicle i in the g-th time slot is predetermined by 
p
g
i =

(
x
g
i , y

g
i

)
 . The deployment location of the ES is 

generally fixed, the position of the ES j is denoted as 
pj =

(
xj , yj

)
.

System model
Travel route model
To indicate whether the vehicle i selects road segment 
el ∈ ri , an indicator function is proposed as follows:

where, ei is the actual selected road segment during the 
traveling process of vehicle i. When the vehicle i selects 
the road segment el , βi,el=1 , otherwise, βi,el=0.

The speed of vehicles on the road segment reflects the 
traffic conditions. The number of vehicles on the road 

(1)βi,el =

{
1, ei = el
0, ei �= el

,

Fig. 1 CVs system framework based on MEC
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segment el is defined as ψl =
∑
i∈N

βi,el + ψ0
l  , where ψ0

l  

represents the number of vehicles backlog at the previ-
ous time slot on the road segment el . According to the 
BPR formula, the average driving speed of the road seg-
ment el is:

where, ψl represents the number of vehicles on the 
road segment el , s

free
l  defines the free-flow speed of road 

segment el , capl is the capacity of the road segment el . α 
and β are adjustive parameters.

The weight ωl of road segment el is calculated by the 
following:

where, sl,max defines the maximum speed allowed on 
the road segment el . The greater the number of vehicles, 
the lower the average speed, and the greater the weight 
of the road segment, indicating that the traffic is more 
congested. At this time, the weight of the road segment 
needs to be normalized, that is:

According to logit route selection model [26], the 
road segment is recommended for vehicles:

ES recommends driving routes for vehicles based 
on the weight of each road segment, which is different 
from the physical length of the road segment in 
previous studies and can reflect the real-time traffic 
variation of the road segments. When N (ωi)=0 , the 
road segment el with the smallest weight will have a 
higher possibility of being recommended.

The recommended routes set for vehicle i is 
ri = {eo, el , · · · , ed} , where o and d represent the origin 
and destination, respectively. Therefore, the travel time 
of vehicle i on the road segment el is:

Furtherly, the travel time of the vehicle i from o to d is:

(2)sl = s
free
l /

(
1+ α

(
ψl

capl

)β
)
,

(3)ωl=

{
1− sl

ψl ·sl,max
ψl > 0

0 otherwise
,

(4)N (ωl) =

ωl −min
l∈Rv

ωl

max
l∈Rv

ωl −min
l∈Rv

ωl
.

(5)
R(el) =

e−N (ωl)

p∑
l=1

e−N (ωl)

.

(6)t
el
i =

dl

sl
.

Communication model
Orthogonal frequency-division multiple access (OFDMA) 
system is used in our situation [27]. Based on the Shannon-
Haley theorem, in the g-th time slot, the communication 
link transmission rate between ES j and vehicle i can be 
calculated as:

where, m = u for uplink while m = d for downlink. the 
noise spectral density is denoted by σ 2 , W represents 
the channel bandwidth, the noise spectral density is 
denoted by σ 2 , the transmission power is represented 
as Pm

t  , the path loss exponent is denoted by θ , and k0 is 
a proportional constant coefficient that depends on 
(�/4π)2 , the small-scale fading channel power gain 
between ES j and vehicle i in the g-th time slot as . The 
numbers of tasks running on ES j at the same time is 
expressed as ℓj:

where, αi,j is a binary variable, which is used to indicate 
whether the ES j provides computation offloading 
services for vehicle i, i.e., when the vehicle i selects ES j 
as its computation offloading object, αi,j = 1 , otherwise, 
αi,j = 0.

Therefore, in the g-th time slot, the wireless transmission 
delay of the uplink for the vehicle i is:

Since the task has a completion deadline, the variable 
D
g ,d
i,j  is introduced to represent the size of the downlink 

output data from ES j to the vehicle i in the g-th time slot. 
In the g-th time slot, the wireless transmission delay of the 
downlink for the vehicle i is:

Further, the wireless transmission delay of vehicle i is:

(7)ttravi (ri) =
∑

el∈ri

t
el
i .

(8)R
g ,m
i,j =

W

ℓj
log2


1+

Pm
t h

g
i,jk0

���pgi − pj

���
−θ

σ 2


,

(9)ℓj =
∑

i∈N

αi,j ,

(10)t
g ,comm
i,u =

Ii

R
g ,u
i,j

.

(11)t
g ,comm
i,d =

D
g ,d
i,j

R
g ,d
i,j

.

(12)tcomm
i =

G∑

g=1

(
t
g ,comm
i,u + t

g ,comm
i,d

)
.
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Task offloading model
As mentioned above, the computation tasks of vehicles 
can be offloaded to the available ESs due to limitations 
such as the vehicles devices. When multiple vehicles 
simultaneously offload computation tasks to the ES, we 
assume that these computation resources on the ES to be 
shared evenly by these tasks generated by the vehicles. 
When the vehicle i exceeds the coverage of the currently 
connected ES, the vehicle i can seamlessly switch to 
the ES adjacent to the ES j. As the vehicle i offloads the 
computation tasks to the ES j, the computation delay is 
that:

where, γi is the number of CPU cycles required to 
complete the tasks generated by the vehicle i, Cj is the 
computing capacity of ES j and ℓj represents the number 
of tasks simultaneously running on the ES j.

Problem formulation
The main objective of this paper is to jointly optimize 
resource allocation and route planning with the aim of 
optimizing the service delay while reducing travel time. 
The total time is defined as the long-term system cost, 
i.e., where the total cost is the service delay and travel 
time of the vehicle i from o to d:

Then, minimize the average system cost:

Further, our problem can be expressed as the following 
optimization problem that:

(13)t
comp
i =

ℓj · γi

Cj
,

(14)ttotali = ttravi + tcomm
i + t

comp
i .

(15)Tave =
1

N

∑

i∈N

(
ttotali

)
.

(16)

P1 : arg

αi,j ,βi,el ,
∀i ∈ N , ∀j ∈ M, ∀el ∈ ri

minTave

s.t.

C1 :
∑

i∈N

αi,j=1, ∀j ∈ M

C2 :
∑

el∈ri

βi,el=1, ∀i ∈ N .

C3 :
∑

i∈N

αi,j · γi ≤ Cj , ∀j ∈ M

C4 : tcomm
i +t

comp
i ≤ ξi

C5 : o(i), d(i) ∈ ri

C6 : o(i) ≤ el ≤ d(i), ∀el ∈ ri

Constraint C1 ensures that each task can only be 
performed by one edge server. C2 ensures that each 
vehicle can only select one road at once. C3 ensures 
that the total computation resources of the edge servers 
assigned to its tasks do not exceed their maximum 
capacity. C4 ensure the maximum tolerance delay for 
each task. C5 and C6 indicate that both o and d are on the 
road section, and o is ordered before the d.

Design and analysis of algorithm
It is difficult to solve the problem P1 directly with tradi-
tional optimization methods. On the one hand, there is 
an interactive coupled relationship between two opti-
mized variables αi,j and βi,el , and the change of any one 
variable will affect the optimization of other variables. 
On the other hand, some key parameters needed to solve 
the problem are unknown, so the problem P1 cannot be 
solved directly. Therefore, to solve the coupled relation-
ship between ES resource allocation and connected vehi-
cles route planning, this section proposes an alternate 
iterative optimization method. This method first decou-
ples the original problem P1 into two sub-problems. 
Firstly, a reinforcement learning method is used to opti-
mize the route planning of CVs with fixed resource allo-
cation. Then, an online learning and iterative algorithm is 
used to optimize the resource allocation strategy of edge 
cloud with fixed route selection. Finally, these two sub-
problems are solved by alternate iteration, and the joint 
optimization of ES resource allocation and vehicle route 
planning is finally realized.

LRP‑based route planning method
Firstly, to solve the first sub-problem, i.e., under the 
certain ES resource allocation strategy, adopting the 
LRP method to optimize the route planning, aiming at 
improving traffic efficiency and balancing the distribu-
tion of edge cloud requirements. The problem P1 can be 
simplified as:

Linear reward-penalty (LRP) belongs to a matrix game 
distributed learning algorithm among reinforcement 
learning algorithms, which mainly modifies the prob-
ability distribution of each action in the action space by 
interacting with the environment to obtain the optimal 
strategy by obtaining rewards. Unlike Q-learning, which 
requires knowledge of the state of the environment and 
information about other intelligences, LRP directly uses 

(17)

P2 : arg
βi,el

,∀i∈N ,∀el∈ri

minTave

s.t. .

C2,C4,C5,C6
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real-time reward information to obtain the optimal strat-
egy in an unknown environment by iterative methods. An 
LRP-based route planning method to solve the problem 
is proposed below and the implementation process is as 
follows.

In this paper, the set of routes selection probability vec-
tors for the vehicles is denoted by PV = {P1,P2, · · · ,PN } . 
Where, Pi =

(
pi,e1 , pi,e2 , · · · , pi,ep

)
 is the routes selection 

probability vector for the vehicle i and pi,el is the probabil-
ity of the vehicle i selecting the road segment el . In each 
iteration, the vehicle i selects road segments according 
to the set of probability vectors PV = {P1,P2, · · · ,PN } . 
After the selection is completed, for any vehicle, they 
respectively detect their respective total time ttotali (k) . 
The reward function of the vehicle i selecting the road 
segment el ∈ ri in the recommended route set is denoted 
as ui,el (k) and its update rule is expressed as:

where, ei(k) is actual route selection by vehicle i in 
iteration k. When el is selected, the corresponding reward 
function value is updated, otherwise it will remain 
unchanged. The probability vectors is updated as follows:

where, η1 and η2 are the learning step sizes, satisfying 
0 < η2 < η1 < 1 . ei,max is the current best road segment 
explored by vehicle i, denoted as:

In addition, ũi(k) is the normalized reward of vehicle i 
in the k−th iteration, which is defined as:

From Eq. (18) and Eq. (19) that the route selection 
probability vector update only requires the total time 
ttotali (k) . The LRP-based route planning algorithm 
is given by Algorithm  1. During each iteration, 
first, the set of route selection probability vector set 
Pi =

(
pi,e1 , pi,e2 , · · · , pi,ep

)
 of the vehicle i is initialized. 

Then, the vehicle i selects the route according to the 
probability vector Pi . Next, the reward function ui,el (k) is 
updated according to the delay time ttotali (k) detected by 

(18)ui,el (k) =

{
ttotali (k), el = ei(k)
ui,el (k − 1), el �= ei(k)

,

(19)

pi,el (k + 1) =




pi,el (k)+ η1ũi(k)
�
1− pi,el (k)

�

−η2(1− ũi(k))pi,el (k), el = ei,max

pi,el (k)− η1ũi(k)pi,el (k)

+η2(1− ũi(k))
�

1
l−1

− pi,el (k)
�
, el �= ei,max

,

(20)ei,max = arg
el∈ri

max ui,el (k).

(21)ũi(k) =
ttotali (k)

max
el∈ri

ui,el (k)
.

the vehicle i. Finally, the set of route selection probability 
vector of the vehicle i is further updated. Moreover, 
during the iterative process, there is no need to interact 
any information between vehicles and vehicles, between 
vehicles and ESs, and between ESs and ESs as well as to 
understand environmental information. It can be seen 
that the LRP-based route planning is easier to implement 
and is a purely distributed approach.

Theorem 1 For any vehicle i ∈ N  , given any ε > 0 and 
δ > 0 , there exists a ω0 > 0 and a k0 > 0 such that for all 
ω2 < ω0 and k > k0:

where, ei,max is the current best road segment detected by 
vehicle i, pi,ei,max (k) is the probability that vehicle i selects 
ei,max.

Proof

See Appendix A.

Algorithm 1 LRP based route planning

PSO‑based resource allocation method
The purpose is to maximize the use of MEC by reason-
ably allocating the resources of the edge cloud. Taking 
into account the balance and effectiveness of resource 
allocation, particle swarm optimization (PSO) algorithm 
is used to solve the resource allocation problem of ES. In 
this process, when the vehicle selects a certain optimal 
driving route, the ES resource allocation decision with 
the minimum delay time is found through collaborative 
search. The collaborative search process for vehicles can 
be regarded as a cyclic iterative process of “detection-
interaction-learning-update”, which will be described in 
detail below. Therefore, when the vehicles select the cer-
tain driving routes, the problem P1 can be simplified as:

(22)Pr
{[

1− pi,ei,max (k)
]
< ε

}
> 1− δ,
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The problem P3 is also difficult to solve when the infor-
mation about the position of vehicle and traffic condition 
are unknown, and is an NP-hard problem.

Proof Since the vehicle travels in very small time slots 
with little change in position, we assume that this state 
route selection is constant such that the computation 
and communication delays of the vehicle are satisfied 
over the duration. As a consequence, the problem P1 is 
transformed to delay time minimization by ES optimal 
resource allocation and then simplify this special case 
with the classic bin packing problem which is a classical 
NP-hard problem.

Classic bin packing problem [28]: In this problem, there 
are a set of bins H =

{
h1, h2, · · · , hm

}
 with a capacity of 

C ∈ N and a set of items Y =
{
y1, y2, · · · , yn

}
 , each item 

has a size of ωi(0 < ωi � C) . The goal is to pack all items 
in Y into as few bins as possible so that the total size of 
the items in each bin must not exceed the box capacity: ∑

yi∈Y (hj) ωi ≤ C , ∀hj ∈ X , where Y
(
hj
)
 is the set of items 

in hj ∈ H . For the ES resource allocation problem, each 
ES is a bin with a specific capacity. Because ESs may have 
different hardware specifications and be able to serve 
different numbers of vehicles with computation and 
communication needs. Each vehicle with computation 
and communication needs is considered as an item with 
a certain size. Therefore, the ES resource allocation 
problem can be described as a variable-sized vector bin 
packing problem. It can be seen that the ES resource 
allocation problem is a special case of the classical bin 
packing problem and is an NP-hard problem due to the 
fact that the classical bin packing problem is NP-hard.

PSO
The PSO is a swarm stochastic optimization algorithm 
that mimics a flock of birds foraging for food. In the 
swarm, the state of each particle consists of three com-
ponents, namely position, velocity and fitness, and the 
goal of all particles is to find the position with the opti-
mal fitness value. A real vector-based approach is used to 
encode the positions of the particles in the PSO, then the 
position vector of the particle is encoded as a one-dimen-
sional vector X = (X1,X2, · · · ,XN ) of 1 · N  with velocity 
denoted as V = (V1,V2, · · · ,VN ) , and for any particle 
i, its fitness function value is denoted as f (Xi) , and the 
position with the maximum fitness value is defined as the 

(23)

P3 : arg
αi,j ,∀i∈N ,∀j∈Mi

minTave

s.t. .

C1,C3,C4,C5,C6

optimal position. For particle i, the current optimal posi-
tion is denoted as XO,i . For the entire particle swarm, the 
global optimal position is denoted as XG . According to 
the reference [29], the velocity surge is limited by adding 
an inertia weight in front of the velocity, and at time step 
k, the update equation of the PSO is given by:

where, κ1 and κ2 are the acceleration factors, which are 
non-negative real numbers. ω is the inertia weight, which 
takes values in the range 0 < ω < 1 . r1 and r2 are random 
numbers between 0 and 1, and their values are updated at 
each iteration.

PSO‑based multi‑ES resource allocation
In a traffic scenario with M ESs and N vehicles, each vehi-
cle acts as a particle to find the position with the best fit-
ness value through collaborative search, i.e., find the ES 
resource allocation decision with the smallest delay time, 
when solving the established ES resource allocation opti-
mization model using the PSO. The collaborative search 
of vehicles can be seen as a cyclic iterative process of 
“detection-interaction-learning-update”. Among them, 
“detection” refers to the detection of the objective func-
tion ttotali,min that minimizes the delay time of each vehicle 
in the traffic network. “Interaction” refers to the detec-
tion of the corresponding ES that minimizes the delay 
time allocated by the interaction between vehicles. 
“Learning” means getting the next ES resource alloca-
tion decision based on the update equation of the PSO. 
“Update” means detecting the vehicle moving to the next 
ES resource allocation decision through the virtual agent 
control system.

Firstly, to satisfy the constraint C3, a degree of con-
straint violation violi is introduced to restrict ES to pro-
vide services for vehicles when it exceeds its task load, 
which is given by:

where, Cj represents the maximum load of tasks that ES 
can handle at the same time.

At the same time, in order to ensure that the position 
vector of each particle in PSO is in the specified domain, 
and to ensure the effectiveness and feasibility of the algo-
rithm, a relaxation variable σ(k) is introduced to limit 

(24)
V
(k+1)
i = ωV

(k)
i + κ1r1

(
X
(k)
O,i − X

(k)
i

)

+κ2r2

(
X
(k)
G − X

(k)
i

) ,

(25)X
(k+1)
i = X

(k)
i + V

(k+1)
i ,

(26)violi =

(
0,max

(∑
i∈N

αi,j −

⌈
Cj

γi

⌉))
,
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it. As the feasible solutions increases, σ will adaptively 
decrease, which is:

where, Nfp(k) represents the total number of temporarily 
feasible vehicles in the swarm after the k-th iteration, and 
σ(0) is the average of the total constraint violation degree 
of all vehicles at the initial stage.

Then, during the detection process, the delay time 
detected by the vehicle i is t(k)i  , and the corresponding ES 
resource allocation decision is recorded as X (k)

i  . In addi-
tion, he minimum delay time detected by the vehicle i in 
the k-th iteration is noted as t(k)O,i and the corresponding 
ES optimal resource allocation decision is noted as X (k)

O,i . 
The update equation is as follows:

Next, when all the vehicles have completed the detec-
tion, the vehicles interact with their current minimum 
delay time and the corresponding ES optimal resource 
allocation decision. After the information interaction 
is completed, each vehicle can know the current global 
minimum time T (k)

G  and the corresponding ES optimal 
resource allocation decision X (k)

G  , which are respectively 
represented as:

Finally, the detection vehicles are computationally 
updated by Eqs. (24) and (25) with their velocity and 
ES optimal resource allocation decision at the next 
iteration. Driven by this velocity update, the detec-
tion vehicle gradually converges to the global ES opti-
mal allocation decision XG . The PSO-based multi-ES 
resource allocation algorithm is described in Algo-
rithm 2. During each iteration, first, the particle swarm 
is initialized, and the particle velocity and position are 
updated to further calculate the constraint violation 
degree of the vehicle. Next, the feasibility of vehicles 

(27)σ(k + 1) = σ(k)

[
1−

Nfp(k)

N

]
,

(28)t
(k)
O,i =

{
t
(k−1)
O,i , t

(k)
i � t

(k−1)
O,i

t
(k)
i , t

(k)
i > t

(k−1)
O,i

,

(29)X
(k)
O,i =

{
X
(k−1)
O,i , t

(k)
i � t

(k−1)
O,i

X
(k)
i , t

(k)
i > t

(k−1)
O,i

.

(30)T
(k)
G =

1

N
min

(
N∑

i=1

t
(k)
O,i

)
,

(31)X
(k)
G = arg

X
(k)
O,i ,i∈N

1

N
min

(
N∑

i=1

t
(k)
O,i

)
.

in the swarm is determined according to Eqs. (26) and 
(27). Finally, the resource allocation strategy is updated.

Theorem  2 For any detection vehicle i ∈ N  , if its cur-
rent corresponding ES optimal resource allocation deci-
sion X(k)

O,i and global ES allocation decision X(k)
G  are 

unchanged, then the corresponding ES allocation deci-
sion of the detection vehicle i converges to the position 

Xco,i =

(
r1X

(k)
O,i+r2X

(k)
G

)

(r1+r2)
 with probability 1.

Proof
See Appendix B.

Lemma 1 For any vehicle i ∈ N  , its position sequence {
X
(k)
i

}∞

k=0
 will finally converge to X(k)

G .

Proof
See Appendix C.

Algorithm 2 Multi-ES resource allocation based PSO approach
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Alternating optimization algorithm
According to the Algorithms 1 and 2, an alternating 
optimization algorithm is designed to address the prob-
lem P1, i.e., joint optimization of vehicle route planning 
and ES resource allocation. Algorithm 3 shows the spe-
cific implementation process of the joint optimization 
algorithm.

Algorithm 3 Alternating optimization algorithm

Considering the operability and implementability in 
the actual traffic scenario, Fig. 2 shows the time slot divi-
sion in the iterative process. The index of the time slot is 
noted as K and one iteration in Algorithm 3 is performed 
within each time slot. In which, each time slot is divided 
into two parts, denoted as K1 and K2 , respectively. K1 is 
used for optimizing the route planning of vehicles with 
Algorithm 1 and K2 is used for optimizing the resource 
allocation decision of ES with Algorithm 2. To be more 
specific, each time slot in K1 is further divided into four 
gaps. The first gap is used to recommend a driving routes 
for the vehicles. The second gap is used for the vehicle i 
to select a driving route based on the probability vector 
Pi =

(
pi,e1 , pi,e2 , · · · , pi,ep

)
 . The third gap is used for the 

vehicles to detect respective minimum delay times based 
on the selected route information. The fourth gap is used 
for learning, i.e., updating the probability vectors accord-
ing to Eqs. (19) and (20). Similarly, each time slot in K2 
is divided into four gaps. The first gap is used for coding 
swarm particles and to start detect. The second gap is 
used to detect the current minimum delay time of each 
vehicle and to update the optimal position X (k)

O,i according 
to Eq. (29). The third gap is used for interacting between 
vehicles and to update the current global optimal posi-
tion X (k)

G  according to Eq. (31). The fourth gap is used to 
calculate the next detection position X (k+1)

i  for the vehi-
cle i according to Eq. (25).

Experimental simulation
Experiment setup
We simulate a 5km × 5km square area and assume that 
all the signal lamp cycles are set as static in the traffic 
network and the vehicles stop immediately after arriv-
ing at the destination without occupying the ES compu-
tation resources and road resources. The computation 
model settings and the channel model suggested in [27] 
are adopted in the simulation, where the small-scale 
fading channel power gain is in unit mean. The vehi-
cles entering the traffic network from the origin follow 
the Poisson distribution process and the OD pairs are 
randomly assigned to each vehicle based on the nor-
mal distribution. The learning parameters are set as 
η1=0.003 , η2=0.005 , respectively. Table  1 provides the 
relevant parameters involved in the simulation. Subse-
quently, we implement and study the performance of 
the proposed alternating optimization (AO) algorithm 
and the comparison algorithms in MATLAB:

• Real-time route replanning (RTRR) algorithm [30]: 
The server calculates the k shortest routes and sends 
them on a first-come, first-served basis to the vehicles 
caught in the congestion;

• Social vehicle route selection (SVRS) algorithm [31]: 
The SVRS divides the vehicles into serval clusters. 
Subsequently, the first n− 1 vehicles in each cluster 
select routs according to historical data, and the last 
vehicle selects the route with the shortest travel time 
when the other vehicle’s route is provided;

Fig. 2 Time slot model
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• Shortest distance first (SDF) algorithm [32]: SDF 
is suitable for the tasks whose importance is deter-
mined by the distance;

• Best-response allocation (BA) algorithm [24]: Formu-
late the resource allocation as a congestion game and 
use best response updates to achieve NE;

• RSU-edge system (RES) algorithm [33]: A 
distributed route planning service system based 
on MEC, in which the users’ route planning tasks 
can be redistributed from an overloaded RSU to its 
neighbors RSUs.

Comparative analysis of experimental results
Algorithm performance analysis
The impact of service delay time: Vehicles need high-
quality service quality during driving. Therefore, at the 
ES layer, communication and computation service delays 

need to be reduced to ensure the quality of service of the 
vehicles. Figure 3 shows the comparison results of aver-
age service delay time with different algorithms. From the 
Fig. 3, it can be seen that the AO algorithm can minimize 
the service delay time for traffic scenarios with different 
traffic flows. This is because the AO algorithm can not 
only plan the optimal driving routes of vehicles, but also 
allocate resources rationally for vehicles according to the 
load situation of ES. Using route planning to actively bal-
ance the resource allocation of ES without causing the 
resource overload of ES. Because the RES algorithm can 
work collaboratively between RSUs during the process-
ing of a user’s route planning task, given different neigh-
bor levels of RSUs, reducing query response time and its 
performance performs better than the other two com-
bined algorithms. However, this way of working of the 
RES algorithm consumes more processing time or wait-
ing time. It can also be seen that the AO algorithm has 
the slowest growth rate as the traffic flow and task size 
increase.

The impact of travel time: Travel time is the main 
performance indicator to measure the driving route of 
vehicles in the actual traffic network. In this paper, we 
mainly calculate the average travel time of all vehicles 
to complete the driving task, as shown in Fig. 4. In the 
Fig.  4, the AO algorithm significantly outperforms the 
other two combined algorithms and the RES algorithm. 
The results of several algorithms perform similarly in 
the case of low traffic flows. This is because the traf-
fic flows are relatively evenly distributed in the traffic 
network at this time and there is no potential conges-
tion. However, as the increasing of traffic flows, the AO 
algorithm outperforms the other algorithms. This is 
because the AO algorithm can effectively direct traffic 
flows and distribute the vehicles to the road segments 
evenly. Among them, for the RES algorithm, although 
assigning the task of the optimal driving route to the 
optimal RSU can improve the resource utilization of 

Table 1 Detailed parameters of experiment

Parameter value

W 30 MHz

σ 2 2 ∗ 10−13W/Hz

θ 3

Pmt 1 W

Ii unif(100, 1000) kbps

oi 0.5

ξi unif(500, 1500)ms

γi unif(500, 1000) cycles/bit × Ii

Cj unif(2, 6) GHz

capl 100 veh/km

sfreel
15 m/s

sl,max 20 m/s

BPR α 0.15

BPR β 4

Fig. 3 Impact of service delay time. a w.r.t. The number of vehicles b w.r.t. Task size
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the RSU, it will lead to the resource over-utilization of 
some RSUs, and reassigning the task to the sub-opti-
mal RSU will appear that the data used to generate the 
route is not up-to-date, which increases the possibility 
of road congestion and leads to an increase in travel 
time. Also, the AO algorithm achieves high traffic effi-
ciency with different task size settings and can reasona-
bly allocate effective ES to provide communication and 
computation services to vehicles.

The impact of completion rate under different the 
number of vehicles: In order to quantitatively analyze 
the performance of the ES resource allocation strategy, 
we compare the completion rate of the algorithms 
under different the number of vehicles. As shown in Fig. 5, 
the completion rate is defined as the effective return data of 
ES divided by the total amount of demand output data of the 
vehicular tasks, e.g., CR =

∑N
i=1

∑G
g=1D

g
i,d

/∑N
i=1 Ii · oi , 

where, Dg
i,d represents the actual received downlink output 

data of the vehicle i in the g-th time slot. In particular, 
to test the advantage of the proposed AO algorithm, we 
adjust the distribution of task size and completion 
deadline in the sub-figures in Fig.  5, which are (a) 

Ii = unif(100,1000)kbps , ξi = unif(500,1000)ms , (b) 
Ii = unif(100,500)kbps , ξi = unif(500,1000)ms , (c) 
Ii = unif(100,1000)kbps , ξi = unif(500,1500)ms , respec-
tively. In the same set of experiments, the higher the 
number of vehicles in the traffic network leads to higher 
traffic flows, but ES cannot complete more tasks than 
the case with fewer vehicles in the traffic network due 
to the limited computation resources and the same task 
completion deadline time. Even so, the AO algorithm 
still outperforms the other two combined algorithms 
and the RES algorithm in different traffic scenarios. The 
performance of the RES algorithm in terms of comple-
tion rate is similar to that the AO algorithm because 
the RES algorithm divides the traffic network into grids, 
controls the search area of RSUs based on a region of 
interest heuristic task allocation method, handles tasks 
that cannot be allocated to the optimal RSU due to 
overuse at the expense of vehicle travel time, and equal-
izes the resource utilization between RSUs. From the 
results, we can conclude the importance of the comple-
tion deadline time on the performance of the algorithm. 
It can also be seen that the difference between the 

Fig. 4 Impact of travel time. a w.r.t. The number of vehicles b w.r.t. Task size

Fig. 5 Impact of completion rate. a Ii = unif(100,1000)kbps , ξi = unif(500,1000)ms b Ii = unif(100,500)kbps , ξi = unif(500,1000)ms c 
Ii = unif(100,1000)kbps , ξi = unif(500,1500)ms
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algorithms decreases with increasing traffic flows. It is 
conceivable that the lines in Fig. 5 will overlap when the 
computation capacity of ES is sufficiently large. How-
ever, for real traffic scenarios, the AO algorithm is able 
to provide stable service delay and computation off-
loading services.

Impact of learning parameters on algorithm 1
This subsection mainly analyzes the impact of different 
learning parameters on Algorithm  1. Learning param-
eters η1 and η2 are important parameters that affect the 
convergence of the algorithm. The change of total time 
with iterations under different η1 and η2 settings is shown 
in Fig. 6. It can be seen that when η1 = 0.03,η2 = 0.015 , 
the algorithm has the fastest convergence speed, but the 
average system cost is the longest. As the values of η1 
and η2 decrease, the time obtained after convergence of 
the algorithm decreases, but its convergence speed then 
decreases. Therefore, a compromise between conver-
gence speed and convergence accuracy should be consid-
ered when setting the values of η1 and η2.

Conclusion and future work
In this paper, we take into account the mobility of vehicles 
and the distribution characteristics of edge cloud resources 
comprehensively, and jointly optimize the problem that 
route planning of vehicles and the resource allocation of 
edge clouds under the MEC framework supporting the 
collaboration of CVs. An alternating iterative optimization 
method is designed to properly decouple the joint 
optimization problem, which mainly actively balances 
the resource load of edge cloud by using the collaborative 
route planning between CVs to realize cross-domain 
load balancing between the traffic flow and the edge 
cloud resource domains, and further balances the service 
delay of edge cloud and the travel time of CVs. First, a 

reinforcement learning method is used to optimize the 
route planning of CVs with fixed resource allocation. 
Then, an online learning and iterative method is used to 
optimize the resource allocation strategy of edge cloud 
with fixed route selection. Finally, a comprehensive series 
of experiments are carried out to prove that our suggested 
scheme improves the conventional approaches in relation 
to average service delay, travel time and completion rate. 
The future research direction of air-ground integrated 
MEC framework is also considered to take advantage of the 
high flexibility and mobility computing resource allocation 
of vehicles and UAVs.

Appendix
Appendix A
Denote �u as the difference between the two largest 
expected rewards of vehicle i. The best expected reward 
of any vehicle i is unique and denoted as ūi,ei,max . We have 
ūi,ei,max −�u > ūi,el , ∀el ∈

{
ri\ei,max

}
 . Denote ûi,el as 

the estimate of the rewards of selecting road segment el 
obtained by the vehicle i at instant k, it follows from the 
weak large numbers theorem that for any given δ > 0 , there 
exists an Nel < ∞ , such that if road segment el is selected 
at least Nel times, we have:

Let Nmax = max
el∈ri

{
Nel

}
 and denote the actual selection 

number of el until k as Yel (k) , for all el  = ei,max and for all k, 
if min

el∈ri

{
Yel (k)

}
> Nmax , then:

Thus, if all road segments are selected at least Nmax times, we 
have ûi,ei,max (k) � ūi,ei,max −

�u
2 > ūi,el −

�u
2 , ∀el �= ei,max , 

and then ûi,ei,max (k) > ûi,el (k), ∀el �= ei,max.
According to [34], we can find a ω0 and k0 such that for 

all ∀ω2 < ω0 and ∀k > k0:

Define A and B as:

By the law of total probability and probability is a 
continuous function [34], then:

(32)Pr

{∣∣ûi,el (k)− ūi,el
∣∣ < �u

2

}
> 1− δ.

(33)Pr

{∣∣ûi,ei,max (k)− ūi,el
∣∣ < �u

2

}
< 1− δ.

(34)Pr

{
min
el∈ri

{
Yel (k)

}
> Nmax

}
> 1− δ.

(35)

{
A ≡ 1− pi,ei,max (k) < ε

B ≡ max
el∈ri

∣∣ûi,el (k)− ūi,el
∣∣ < �u

2
.

(36)lim
k→∞

Pr {A|B} = 1,
Fig. 6 Impact of learning parameters on Algorithm 1
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Hence, we have:

Appendix B
The updated Eq. (24) and Eq. (25) of the vehicle can be 
expressed in closed form as [35]:

where,

Obviously, if max (‖φ1‖, ‖φ2‖) < 1 , then 
lim
k→∞

φk
1 = 0, lim

k→∞
φk
2 = 0 , so:

That is, the position sequence 
{
X
(k)
i

}∞

k=0
 of vehicle i 

finally converges to K1 . Therefore, the condition for 
vehicle i to converge to K1 is max (‖φ1‖, ‖φ2‖) < 1 , i.e.,

Solving the Eq. (47), we can get:

(37)lim
k→∞

Pr {B} = 1− δ,

(38)lim
k→∞

Pr {A} � lim
k→∞

Pr {A|B} · lim
k→∞

Pr {B}.

(39)lim
k→∞

Pr
{
1− pi,ei,max (t) < ε

}
� 1− δ.

(40)X
(k)
i = K1 + K2φ

k
1 + K3φ

k
2 ,

(41)K1 =
r1X

(k)
O,i + r2X

(k)
G

r1 + r2
,

(42)K2 =
φ2

(
X
(0)
i − X

(1)
i

)
− X

(1)
i + X

(2)
i

(φ1 − 1)
√

(1+ ω − r1 − r2)
2 − 4ω

,

(43)K3 =
φ1

(
X
(1)
i − X

(0)
i

)
+ X

(1)
i − X

(2)
i

(φ2 − 1)
√

(1+ ω − r1 − r2)
2 − 4ω

,

(44)
φ1 =

1+ ω − r1 − r2 +
√
(1+ ω − r1 − r2)

2 − 4ω

2
,

(45)
φ2 =

1+ ω − r1 − r2 −
√
(1+ ω − r1 − r2)

2 − 4ω

2
.

(46)lim
k→∞

X
(k)
i = K1 + K2 · 0+ K3 · 0 = K1.

(47)

∥∥∥∥∥
1+ ω − r1 − r2 ±

√
(1+ ω − r1 − r2)

2 − 4ω

2

∥∥∥∥∥ < 1.

And for the reason of r1, r2 ∈ (0, 1) , the upper bound of 
r1+r2
2 − 1 is 0, and the value range of the inertia weight 

is 0 < ω < 1 . Therefore, for any ω ∈ (0, 1) , the Eq. (48) is 
always true, and the position of vehicle i converges to the 

position Xco,i = K1 =

(
r1X

(k)
O,i+r2X

(k)
G

)

(r1+r2)
 with probability 1.

Appendix C
According to Theorem 2, the vehicle i position sequence 
{
X
(k)
i

}∞

k=0
 will converge to Xco,i =

(
r1X

(k)
O,i+r2X

(k)
G

)

(r1+r2)
 , which 

can also be rewritten as Xco,i = (1− ar)X
(k)
O,i + arX

(k)
G

 , 
where ar = r2

r1+r2
 , , which takes values in the range 

0 < ar < 1 . That is, the convergence position of the vehi-
cle i is always between X(k)

O,i and X(k)
G  . Also according to 

the update Eq. (29) of X(k)
O,i,it is known that X(k)

O,i will grad-
ually converge to X(k)

G  . Therefore, the position sequence {
X
(k)
i

}∞

k=0
 of any vehicle i can finally converge to X(k)

G .
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