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Abstract: In medical vehicular networks, medical vehicles can serve as efficient mobile
medical service points to provide necessary and critical medical services for patients while
in motion. The delay requirement is very vital for medical services to guarantee service
quality and save the lives of patients. Mobile Edge Computing (MEC), as an emerging
network paradigm, enables the computation extensive tasks to be offloaded to edge servers,
efficiently reducing the delay and bandwidth demands. MEC technology is a promising
solution to provide high-quality medical services for users in medical vehicular networks.
However, task offloading and resource allocation incurs additional service delay and energy
consumption, affecting the overall service performance and Quality of Experience (QoE) of
users. Thus, realizing the optimal task offloading and resource allocation in MEC-enabled
medical vehicular networks, to reduce task completion time and energy consumption,
becomes a potential challenge. To address the challenge, we investigate the joint task
offloading and resource allocation problem in MEC-enabled medical vehicular networks to
improve the QoE of users. Considering the resource requirements and QoS constraint, we
formulate a multi-objective optimization model, with the target of average task completion
time and average energy consumption minimization. On this basis, we propose a MOEAD-
based task offloading and resource allocation (IMO) algorithm to solve it. Furthermore, in
order to obtain the optimal solution and speed up the algorithm convergence, we design
a greedy strategy-based population initialization algorithm. The extensive simulations
demonstrate that compared to existing algorithms, our proposed IMO algorithm can obtain
a smaller average completion time, and achieve better tradeoff between task completion
time and energy consumption.

Keywords: medical vehicular networks; MEC; task offloading; resource allocation;
multi-objective optimization

MSC: 68M10

1. Introduction
With the rapid advancements of 5G and Internet of Medical Things (IoMT) technolo-

gies, medical vehicular networks have been paid significant attention in recent years [1].
In medical vehicular networks, medical vehicles can serve as efficient mobile medical
service points to automatically provide necessary and critical medical services for patients
while in motion. Medical vehicular services can provide real-time medical assistance for
users in the vehicles, especially in emergency situations. The delay requirement is very
vital for medical services to guarantee service quality and save the lives of patients. As an
emerging network paradigm, Mobile Edge Computing (MEC) has been regarded as a
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promising solution to enhance the reliability and scalability of medical vehicular services
[2]. In MEC-enabled medical vehicular networks, MEC is combined with roadside units to
transfer efficient computing power from remote cloud to network edge close to medical
vehicular users [2]. Thereby, it reduces service latency and the demand for bandwidth
resource. Offloading the medical vehicular tasks to nearby edge servers can significantly
reduce the data transmission time and improve response speed, enabling an immediate
response to the conditions of patients. Through efficient task offloading and resource allo-
cation, the medical vehicular network can provide efficient and reliable medical services in
a mobile environment, significantly improving the medical service quality.

Figure 1 depicts a simple model diagram of MEC-enabled medical vehicular network
scenarios. The medical vehicular network system mainly consists of different types of
vehicles, and cloud service center and edge servers. The medical vehicles can communicate
with cloud service center and edge servers by leveraging 5G networks. For example, when
a user in the vehicle requests the emergency treatment due to a sudden illness, the vehicle
automatically collects the vital sign data of the patient. Then, the vehicle transmits the
collected information to the expert side of the receiving hospital through 5G networks,
and obtains the remote guidance from the expert. The service request sent from the vehicle
can be processed by the edge server close to it, providing a fast response to the patient.
Through the MEC paradigm, the medical vehicular network can monitor the physiological
data of patients in real-time and make an immediate response, such as automatically
adjusting the interior environment of vehicles or directly contacting the nearest medical
facilities. Through offloading medical vehicular tasks to edge servers, it can assist doctors
in analyzing the condition and developing treatment plans as quickly as possible, as well
as accelerating life rescue efforts. Fast response to service requests is crucial to save the
lives of patients and improve service quality.

Edge server

Edge server Edge server

Edge server

Figure 1. A diagram of the MEC-enabled medical vehicular network.

An efficient task offloading and resource allocation mechanism can effectively offload
the medical vehicular tasks to vehicular edge servers, thereby reducing the computational
load on medical vehicles and improving the processing efficiency. The optimization strat-
egy can ensure the continuity and stability of critical medical services [3]. It is particularly
important for responding to emergency medical situations. However, the limited com-
putational capacity of vehicles and limited resource capacity of vehicular edge servers
make task offloading and resource allocation complex. The inefficient task offloading and
resource allocation method in medical vehicular networks incurs additional service delay
and energy consumption. It inevitably affects the service performance and Quality of
Experience (QoE) of users [4]. To guarantee QoE, realizing the optimal task offloading and
resource allocation in MEC-enabled medical vehicular networks to reduce task completion
time and energy consumption becomes a potential challenge.
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In recent years, many efforts have been paid to optimize task offloading and resource
allocation to improve service performance [5–39]. The majority of existing works focus
on reducing delay, improving energy efficiency, and enhancing Quality of Service (QoS)
by establishing various optimization models. However, there are a few research works
to study the joint task offloading and resource allocation problem in medical vehicular
network scenarios. Thus, it is desirable to design an efficient task offloading and resource
allocation mechanism to improve the service performance of medical vehicular networks.
Different from previous works, our work focuses on task offloading and resource allocation
in MEC-enabled medical vehicular networks to shorten the average task completion time of
medical vehicular services while reducing the average energy consumption. On the other
hand, the optimization goals of completion time and energy consumption are conflicts to
each other. In such a case, it is very difficult to determine the optimal solution. A variety
of evolutionary algorithms have been widely used in the field of solving multi-objective
optimization. Among them, the Multi Objective Evolutionary Algorithm based on Decom-
position (MOEAD) is a widely used multi-objective evolutionary algorithm [40]. MOEAD
can effectively find multiple non-dominated solutions by decomposing the multi-objective
problem into multiple single objective sub-problems, and employ the evolutionary algo-
rithm. Therefore, we design a MOEAD-based task offloading and resource allocation
algorithm to solve the multi-objective optimization model.

In this paper, we investigate the joint task offloading and resource allocation problem
in MEC-enabled medical vehicular networks. We consider resource requirements and QoS
constraints to formulate a multi-objective optimization model, with the target of average
task completion time and average energy consumption. To solve the problem, we design a
MOEAD-based task offloading and resource allocation algorithm. The main contributions
of this paper are summarized as follows.

• We formulate the problem of joint task offloading and resource allocation in MEC-
enabled medical vehicular networks as a multi-objective optimization model to mini-
mize the average task completion time and average energy consumption while satisfy-
ing resource requirements and QoS constraints.

• We design a MOEAD-based task offloading and resource allocation (IMO) algorithm to
solve the problem. Furthermore, in order to obtain the optimal solution and speed up
the convergence of the IMO algorithm, we develop a greedy strategy-based population
initialization algorithm.

• We conduct simulation experiments for performance evaluations. Simulation exper-
iments demonstrate that, compared to existing algorithms, the IMO algorithm can
obtain smaller average task completion time, and achieve a better tradeoff between
the average task completion time and average energy consumption. By measurement,
the IMO algorithm can at least save 5% average task completion time.

The rest of this paper is organized as follows. We review the related works in Section 2,
and the system model is presented in Section 3. We introduce the problem formulation
in Section 4, and the detailed design of the IMO algorithm is presented in Section 5. We
conduct performance evaluations in Section 6, and finally conclude this paper in Section 7.

2. Related Works
Many efforts have been made to optimize task offloading in vehicular network sce-

narios by considering different goals, including delay optimization, energy efficiency
improvement, and QoS enhancement.
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2.1. Delay Optimization

To optimize delay, Nan et al. [5] formulated the task offloading and resource alloca-
tion problem in vehicular edge computing as a Mixed Integer Non-Linear Programming
(MINLP) model to minimize result feedback delay. And they designed an approximation
algorithm to solve it. Qi et al. [6] designed a traffic aware task offloading algorithm in
vehicular edge computing to minimize response time by optimizing task and wireless
bandwidth ratios. Yan et al. [7] designed a Deep Reinforcement Learning (DRL)-based
task offloading algorithm to reduce system delay, and used a long short-term memory
network to obtain the optimal offloading policy by leveraging the attention mechanism and
DDPG algorithm. To address the load imbalance problem in vehicular edge computing,
Fan et al. [8] established an M/M/1 queue to model task queuing and the task computation
process. A game-based task offloading and resource allocation algorithm was designed
to minimize the task process delay. Cao et al. [9] formulated a joint task offloading and
resource allocation optimization model in vehicular networks to minimize system delay,
and developed a relay hopping and differentiated task prioritization-based algorithm to
solve it.

Wang et al. [10] designed a K-neighbor-based joint task offloading and resource allo-
cation algorithm to minimize delay, while guaranteeing the differential privacy security
of vehicles. Fan et al. [11] designed a generalized bender decomposition and reformula-
tion linearization algorithm, to minimize the task processing delay of vehicles, by jointly
considering task diversity, vehicle classification, and task process flexibility. Sun et al. [12]
presented an adaptive learning-based task offloading algorithm to minimize offloading
delay. The proposed algorithm works in a distributed manner with input awareness and
occurrence awareness, in order to adapt to a dynamic environment. To realize load balanc-
ing and cope with the dynamics of vehicular edge computing networks, Zhang et al. [13]
designed an SDN-based load-balancing task-offloading algorithm to minimize task process
delay. Raza et al. [14] designed a mobility-aware partial task offloading algorithm to reduce
the system delay and computing cost by considering the task allocation ratio. Liu et al. [15]
formulated the multi-hop task offloading problem as an optimization model to minimize
the weighted sum of execution time and computation cost. And they devised a mobility
aware task offloading algorithm to solve it. Wu et al. [16] designed a semi-Markov Deci-
sion Process (MDP)-based offloading strategy to minimize offloading delay and maximize
long-term reward, and presented a robust task offloading strategy. Yin et al. [17] designed
a hybrid task offloading model to offload tasks to roadside units or vehicles, to cope with
the dynamic changes of vehicles and uncertainty of resource allocation.

Different from the above works that only consider to reduce delay in vehicular edge
computing, our work focuses on reducing task completion time and energy consumption
in MEC-enabled medical vehicular networks simultaneously to improve QoE.

2.2. Energy Optimization

To improve energy efficiency, Qin et al. [18] designed a learning-based, energy-efficient
task-offloading algorithm to use an idle and redundant resource, to minimize energy con-
sumption. Tan et al. [19] designed a decentralized task offloading and resource allocation
algorithm for vehicular edge computing system, to reduce response time and energy con-
sumption, by leveraging the dual decomposition method. Dai et al. [20] formulated an
Unmanned Aerial Vehicle (UAV) assisted vehicular task offloading optimization model,
to minimize task delay. To solve the model, they designed a Lyapunov optimization-based
task offloading algorithm. Zhao et al. [21] formulated the task offloading problem in vehicular
edge computing as a combinatorial optimization model to minimize the average energy
consumption and response time by considering the data dependency of tasks. Meanwhile,
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a DRL-based mobility aware dependent task-offloading algorithm is devised to solve it.
Cao et al. [22] established a five-objective optimization model including energy consumption,
downlink delay, computation delay, load balancing, and user satisfaction to adapt to the
mobility of vehicles, and designed a guiding point-based offloading algorithm to solve it.

Although the above task offloading solutions in vehicular edge computing attempt
to reduce energy consumption, the joint optimization of task offloading and resource
allocation is not considered. Our work tries to jointly optimize task offloading and resource
allocation in MEC-enabled medical vehicular networks to improve the average completion
time and average energy consumption.

2.3. QoS Optimization

To improve QoS, Chen et al. [23] designed a multi-vehicle task offloading algorithm
to obtain the tradeoff between system cost and task queue length. Xue et al. [24] estab-
lished a task offloading and resource allocation Stackelberg game model to determine
the optimal offloading and price solution. A gradient-based resource allocation iteration
algorithm and a reverse auction-based task scheduling algorithm were designed to ob-
tain the tradeoff. Sun et al. [25] designed a vehicular task offloading and job scheduling
algorithm to improve the QoS of Internet of Vehicles based on vehicle location. They fur-
ther applied the ant colony optimization algorithm to realize multi-objective optimization.
Bute et al. [26] designed a distributed task-offloading algorithm to determine the optimal
vehicles by jointly considering link reliability, distance, available resources and relative
velocity. In order to adapt to fast moving and frequent handover by leveraging SDN tech-
nology, Guo et al. [27] designed a deep Q learning-based mobility aware task offloading
to realize information collection and network management. Li et al. [28] formulated the
collaborative task offloading and service caching replacement problem as a mixed-integer
programming model, to minimize the computing cost and delay. And they designed a
DRL-based iterative algorithm to solve it. Wei et al. [29] formulated the many-to-many
task offloading problem as a partially observable MDP model, and designed a multi-agent
gated actor attention critic algorithm to realize stable offload and server cooperation among
vehicles. Gao et al. [30] designed a DDPG-based multi-agent task offloading algorithm to
address the task dependency and resource competition problem. Xu et al. [31] formulated
the cooperative task offloading and resource optimization problem to maximize the service
ratio, and designed a multi-agent distributed DDPG algorithm to obtain the Nash equilib-
rium. Wu et al. [32] developed an elastic federated and multi-agent DRL-based cooperative
edge caching algorithm to optimize the cost.

The above research studies attempted to optimize task offloading or resource allo-
cation in vehicular edge computing scenarios. However, there have been a few research
studies on task offloading and resource allocation in medical vehicular networks recently.
To provide efficient medical services in healthcare networks, some efforts have been made.
Zhou et al. [33] designed a learning-based task offloading algorithm in Internet of Health
Things (IoHT) to balance URLLC constraints and energy consumption. Dong et al. [34]
designed a multi-agent reinforcement learning-based mobility aware task offloading algo-
rithm to adapt to the mobility change. Ren et al. [35] designed a healthcare task-offloading
algorithm to realize low-latency secure and reliable task offloading, by integrating SDN,
blockchain and fog-assisted healthcare IoT. He et al. [36] designed a blockchain-based
medical data-offloading mechanism, to achieve the optimal medical resource allocation
and minimize offloading cost. Wang et al. [37] designed a multi-agent-based URLLC-
constrained task offloading and resource allocation algorithm, to maximize throughput
and minimize energy consumption. Ren et al. [38] designed a trust aware task-offloading
algorithm to securely perform smart contracts via blockchain. Gao et al. [39] devised a
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multi-agent DDPG-based task-offloading algorithm to make offloading and power control
decisions independently.

Despite numerous attempts to realize effective task offloading and resource allocation,
the joint optimization of average task completion time and average energy consumption
in medical vehicular networks is not considered. Different from previous studies, we
formulate the problem of joint task offloading and resource allocation in medical vehicular
networks as a multi-objective optimization model to minimize average task completion
time and average energy consumption. To solve the multi-objective optimization problem,
we design a MOEAD-based task offloading and resource allocation algorithm. Furthermore,
to obtain the optimal solution and speed up the algorithm convergence, we design a greedy
strategy-based population initialization algorithm. Moreover, we evaluate the tradeoff
between the two optimization objectives.

3. System Model
The medical vehicular tasks can be processed by the local medical vehicles, or edge

servers. When a task is offloaded, it will be to edge servers through the network. Therefore,
in this section, we describe the system model including the network model, task model,
and computation and communication model. The main notations are listed in Table 1.

Table 1. The main notations.

Notation Description

H = (V, S, E) MEC-enabled medical vehicular network with a set V of medical vehicles, a set S
of edge servers and a set E of links

ci
v CPU capacity of medical vehicle vi

ci
s CPU capacity of edge server si

ti,j j-th task generated by vi
Di,j Data size of ti,j
τi,j Maximum tolerant delay of ti,j
xk

i,j Binary decision variable indicating whether ti,j is offloaded to sk
ci,j Number of CPU cycles required to process a bit of task
f l
i,j CPU resource allocated by vi to ti,j

Ri,j,k Data transmission rate of ti,j from vi to sk
Pi,j,k Transmission power of ti,j from vi to sk with the maximum threshold pmax

i,j,k
B Transmission channel bandwidth
f s
i,j,k CPU resource allocated by sk to ti,j

τl
i,j Local computation delay of ti,j

τu
i,j,k Data transmission delay of ti,j from vi to sk

τs
i,j,k Execution delay of ti,j on sk

τo
i,j,k Offloading computation delay of ti,j on sk

τ
′

i,j Computation delay of ti,j

El
i,j Local computation energy consumption of ti,j

Eu
i,j,k Transmission energy consumption of ti,j from vi to sk

Es
i,j,k Computation energy consumption of ti,j on sk

Eo
i,j Offloading computation energy consumption of ti,j

Ei,j Total computation energy consumption of ti,j
ξi Local computation energy consumption coefficient of vi
ζk Computation energy consumption coefficient of sk

3.1. Network Model

An MEC-enabled medical vehicular network is composed of medical vehicles and
vehicular edge servers. The medical vehicles are responsible for generating medical ser-
vice tasks. The vehicular edge servers are responsible for processing the offloaded tasks.
Thus, we model the MEC-enabled medical vehicular network as an undirected graph
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G = (V, S, E), where V is the set of medical vehicles, S is the set of vehicular edge servers,
and E is the set of physical links. In this work, we assume that each vehicular edge server
can be associated with a set of medical vehicles. The medical service requested tasks can
be processed by medical vehicles locally, or vehicular edge servers. Therefore, medical
vehicles and vehicular edge servers have a certain amount of resources, such as computing
resource and storage resource, to perform the local computation and offloading compu-
tation, respectively. For the simplicity, we only consider the computing resource in this
work. We denote the total computing resource capacity (i.e., CPU cycles) of medical vehicle
vi ∈ V and vehicular edge server si ∈ S by ci

v and ci
s, respectively.

3.2. Task Model

In this work, we assume that each medical vehicle can generate a different number of
medical service tasks. At the same time, medical service tasks can be offloaded to different
vehicular edge servers. We use ti,j to represent the j-th medical service task generated
by medical vehicle vi. Furthermore, we define a binary decision variable xk

i,j to identify
whether medical service task ti,j generated by medical vehicle vi ∈ V is offloaded to
vehicular edge server sk ∈ S. If xk

i,j = 0, medical service task ti,j will be processed locally by
medical vehicle vi. Otherwise, medical service task ti,j will be offloaded to vehicular edge
server sk:

xk
i,j =

1, i f ti,j is o f f loaded to sk

0, otherwise
(1)

We define the data size and maximum tolerant delay of medical service task ti,j

generated by medical vehicle vi by Di,j and τi,j, respectively.

3.3. Computation and Communication Model

The medical service tasks generated by medical vehicles can be processed either on
the local medical vehicles or on vehicular edge servers.

3.3.1. Local Computation

In the case of local computation, the medical service task is processed by the local
medical vehicle. Therefore, we can obtain the local computation delay of medical service
task ti,j as follows:

τl
i,j =

ci,j ·
(

1 − xk
i,j

)
· Di,j

f l
i,j

(2)

where ci,j is the number of CPU cycles required to process a bit of task, f l
i,j is the computing

resources allocated by medical vehicle vi to the task ti,j for local computation, i.e., local
CPU cycle frequency of the medical vehicle.

Correspondingly, the local computation energy consumption El
i,j of the medical service

task ti,j generated by medical vehicle vi can be expressed as follows:

El
i,j = ξi · f l

i,j
3 · τl

i,j (3)

where ξi is the local computation energy consumption coefficient of medical vehicle vi.

3.3.2. Offloading Computation

When a medical service task is offloaded to a vehicular edge server, the medical vehicle
first uploads it to the target vehicular edge server. It is assumed that task transmission
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is completed on the orthogonal channels. Let pi,j,k be the wireless transmission power of
task ti,j generated by medical vehicle vi to vehicular edge server sk, with the maximum
value Pmax

i,j,k . Let σ2 be the background noise power. We further define the channel gain

between medical vehicle vi and vehicular edge server sk by gi,k = G−l
i,k , where G−l

i,k is the
distance between medical vehicle vi and vehicular edge server sk, and −l is the path loss
index. The data transmission delay of the medical service task ti,j from medical vehicle vi

to vehicular edge server sk can be expressed as follows:

τu
i,j,k =

xk
i,j · Di,j

Ri,j,k
(4)

Ri,j,k = Blog
(

1 +
pi,j,k · gi,k

σ2

)
(5)

where Ri,j,k is the data transmission rate of medical service task ti,j from medical vehicle vi

to vehicular edge server sk, and B is the channel bandwidth.
On the other hand, we can calculate the computation execution delay of task ti,j on

vehicular edge server sk, expressed as follows:

τs
i,j,k =

ci,j · xk
i,j · Di,j

f s
i,j,k

(6)

where f s
i,j,k is the computing resources allocated by vehicular edge server sk to task ti,j

generated by medical vehicle vi. It is assumed that computing resources of edge servers
are allocated in a time-sharing manner.

The returned result from vehicular edge server to medical vehicle is generally much
smaller than the uploaded data from the medical vehicle to the vehicular edge server.
Therefore, the transmission time of the returned result can be ignored. Regarding task
offloading, the overall delay is involved with data transmission delay and task execution
delay in the vehicular edge server. Therefore, the overall computation delay of medical
service task ti,j offloaded to vehicular edge server sk can be expressed as follows:

τo
i,j,k = τu

i,j,k + τs
i,j,k (7)

Delay requirement guaranteeing is critical for medical vehicular services. The medical
service tasks can be executed on the local medical vehicles or on vehicular edge servers. We
expect to satisfy the delay requirement of tasks to improve the QoE of users. For medical
vehicle vi, the total completion time of its task ti,j can be expressed as follows:

τ
′
i,j = (1 − xk

i,j) · τl
i,j + xk

i,j · τo
i,j,k (8)

The overall energy consumption of the medical service task involves the transmis-
sion energy consumption from the medical vehicle to the vehicular edge server, and the
offloading computation energy consumption of the vehicular edge server. The transmission
energy consumption Eu

i,j,k of medical service task ti,j from medical vehicle vi to vehicular
edge server sk can be calculated as follows:

Eu
i,j,k = pi,j,k · τu

i,j,k (9)

Similarly, we can obtain the offloading computation energy consumption Es
i,j of vehic-

ular edge server sk processing the medical service task ti,j, expressed as follows:
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Es
i,j,k = ζk · f s

i,j,k
3 · τs

i,j,k (10)

where ζk is the computation energy consumption coefficient of vehicular edge server sk.
Thus, we can obtain the overall computation energy consumption of offloading medi-

cal service task ti,j as follows:
Eo

i,j = Eu
i,j,k + Es

i,j,k (11)

The total computation energy consumption of the task generated by medical vehicle
vi involves three parts, i.e., local computation energy consumption, transmission energy
consumption from medical vehicle to vehicular edge server, as well as edge server com-
putation energy consumption. Therefore, the total computation energy consumption of
medical service task ti,j can be calculated as follows:

Ei,j = (1 − xk
i,j) · El

i,j + xk
i,j · Eo

i,j,k (12)

4. Problem Formulation
In this section, we present the problem formulation for joint task offloading and

resource allocation in MEC-enabled medical vehicular networks.

4.1. Optimization Objective

To improve QoE, we explore the optimal task offloading and resource allocation
solution, to minimize the average task completion time and average energy consumption,
while satisfying the resource requirements and QoS constraints. Thus, the problem of joint
task offloading and resource allocation in MEC-enabled medical vehicular networks can be
formulated as a multi-objective optimization problem (P), expressed as follows:

P :
min τ =

∑i,j τ
′
i,j

∑i Nt
i

min E =
∑i,j Ei,j
∑i Nt

i

(13)

where Nt
i is the total number of medical service tasks generated by medical vehicle vi.

4.2. Constraints

To perform task offloading and resource allocation, some constraints on the offloading
decision, resource allocation, and QoS requirements should be satisfied.

Regarding the task offloading decision, we assume that each medical vehicular task is
either offloaded to one vehicular edge server or executed on the medical vehicle locally.
Thus, the following task offloading constraint should be satisfied:

xk
i,j ∈ {0, 1}, ∀vi ∈ V, ∀j ∈ Nt

i , ∀sk ∈ S (14)

Formula (15) ensures that when executing the task offloading, the wireless transmis-
sion power must be less than or equal to the predefined maximum threshold. Similarly,
Formula (16) specifies the constraint of the CPU cycle frequency of each medical vehicle.

0 ≤ pj,j,k ≤ Pmax
i,j,k , ∀vi ∈ V, ∀j ∈ Nt

i , ∀sk ∈ S (15)

0 ≤ f l
i,j ≤ f l,max

i,j , ∀vi ∈ V, ∀j ∈ Nt
i (16)

To provide efficient medical vehicular services, the total CPU resources demanded
by all local computation tasks ti,j on medical vehicle vi cannot exceed its available CPU
resource capacity, expressed as follows:
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∑
j
∈ V f l

i,j ≤ ci
v, ∀vi ∈ V (17)

For each vehicular edge server sk, the total CPU resource demands of all offloaded
tasks ti,j should be smaller or equal to its CPU resource capacity, expressed as follows:

∑
i,j

f s
i,j,k ≤ cj

s, ∀sk ∈ S (18)

To guarantee medical vehicular service quality, the total computation delay of task ti,j

cannot exceed its maximum tolerant delay requirement, expressed as follows:

τ
′
i,j ≤ τi,j, ∀vi ∈ V, ∀j ∈ Nt

i (19)

To solve the multi-objective optimization models, a large number of evolutionary algo-
rithms have been proposed. Among them, the MOEAD algorithm has been widely used.
Compared to the other evolutionary algorithms, the MOEAD algorithm has a smaller time
complexity and can obtain the approximate solution of the Pareto front. The MOEAD algo-
rithm decomposes the multi-objective problem into multiple single objective sub-problems,
and uses the evolutionary algorithm to effectively determine the multiple non-dominated
solutions. Therefore, we design a MOEAD-based task offloading and resource allocation
(IMO) algorithm to solve the above model. Moreover, to obtain the optimal solution and
speed up algorithm convergence, we design a greedy strategy-based population initializa-
tion algorithm.

5. IMO Solution
In this section, we present the detailed design of the proposed IMO algorithm, and then

analyze the algorithm complexity.

5.1. Solution Encoding

In the IMO algorithm, each chromosome represents a solution of our proposed multi-
objective optimization model. Each medical vehicular task corresponds to a task offloading
decision strategy and a resource allocation decision strategy. Therefore, in our work, each
chromosome is composed of two parts, i.e., computation location (Li,j) of each medical
vehicular task ti,j and resource allocation ratio (ri,j). For medical vehicular task ti,j, it can
be computed locally by medical vehicle vi or vehicular edge server sk. On the other hand,
the resource allocation ratio refers to the ratio of the total amount of resources allocated
to medical vehicular task ti,j to the total amount of resources own by medical vehicle vi

or vehicular edge server sk. If the resource requirements and QoS constraints of task ti,j

cannot be satisfied by the medical vehicle or vehicular edge server, the service request of
task ti,j will be rejected. Therefore, we set different values to Li,j to identify the computation
location of medical vehicular task ti,j. If medical vehicular task ti,j is processed locally by
medical vehicle Li,j = 0. If medical vehicular task ti,j is offloaded to vehicular edge server
sk, Li,j = k ∈ (1, |S|). Figure 2 depicts a solution encoding example of task offloading and
resource allocation. As illustrated in Figure 2, the numbers in the red area indicate the
offloading location of medical vehicular tasks. And the numbers in the green area represent
the ratio of resources allocated by the devices (i.e., local medical vehicles or vehicular edge
servers) to medical vehicular tasks. For example, 1 indicates that the first medical vehicular
task is offloaded to the first vehicular edge server; 0.27 indicates that the first vehicular
edge server allocates 27% of its computing resource to process the medical vehicular task; 0
in the red area indicates that the medical vehicular task is processed on the local medical
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vehicle; and 0.33 indicates that the local medical vehicle allocates 33% of its computing
resource to process the medical vehicular task.

1 0 5 0 4 0.27 0.33 0.35 0.46 0.18

Figure 2. Solution encoding of the IMO algorithm.

5.2. Greedy Strategy-Based Population Initialization

The traditional MOEAD algorithm consists of four stages, i.e., population initialization,
reproduction operation, evolution operation, and optimal solution selection. Population
initialization has a great impact on the algorithm performance. In the MOEAD algorithm,
the population is initialized randomly in order to obtain the diversity of the solution.
However, in the realistic scenarios, the random population initialization method may result
in serious deterioration of the optimization performance. To obtain the optimal solution
and speed up algorithm convergence, a greedy strategy is used. Therefore, in this work,
we design a greedy strategy-based population initialization (InGP) algorithm to improve
the quality of solutions. The key of the InGP algorithm is to determine the task offloading
and resource allocation solution based on the smallest task completion time and energy
consumption. When determining the initial offloading location of a medical vehicular task,
we compare the cost values of the local medical vehicle and a random edge server. If the
cost value of the vehicular edge server is smaller than that of the medical vehicle, the task
will be offloaded to that vehicular edge server. Otherwise, the task will be processed locally
by the medical vehicle. The InGP algorithm keeps the diversity of the solution and, at the
same time, improves the quality of the initial solution.

The main framework of the proposed InGP algorithm is shown in Algorithm 1. As il-
lustrated in Lines 3–4, for each medical vehicular task ti,j, we first randomly select a
vehicular edge server, and then check whether it satisfies the resource demand of task
ti,j. If the resource demand cannot be satisfied by the vehicular edge server, we continue
to search the other vehicular edge servers. If neither the vehicular edge servers or local
medical vehicle can satisfy the resource demand, the service request of task ti,j will be
rejected due to resource limitation. Otherwise, as illustrated in 5–11, we calculate the task
completion time of ti,j on local medical vehicle vi by Equation (2), and vehicular edge server
sk by Equation (7), respectively. If the task completion time on the vehicular edge server
is smaller than that on the medical vehicle, medical vehicular task ti,j will be offloaded to
vehicular edge server sk. Otherwise, it will be processed locally by medical vehicle vi.

5.3. Reproduction Operation

After generating the initial population, we execute the reproduction operation to gen-
erate the offspring populations. Algorithm 2 presents the main workflow of reproduction
operation. The reproduction operation mainly consists of two stages, i.e., crossover oper-
ation and mutation operation. As illustrated in Lines 1–15 in Algorithm 2, the crossover
operation aims to produce the offspring population with the smaller cost value. Specifically,
we first generate a random number r and compare it with the set crossover probability Pc.
If r < Pc, offspring individuals op1 and op2 will inherit the genes from parent individuals
p1 and p2, respectively. Otherwise, offspring individuals op1 and op2 will inherit the genes
from parent individuals p2 and p1, respectively. Then, we calculate the cost values of new
offspring individuals o f 1 and o f 2, respectively. In this work, our optimization objective is
to minimize the average completion time and average energy consumption. Therefore, we
define the cost function F as follows:

F = α · τ∗ + β · E∗ (20)
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α ∈ (0, 1) (21)

β ∈ (0, 1) (22)

α + β = 1 (23)

where τ∗ and E∗ are the normalized values of τ and E, and α and β are weighted coefficients.
If the cost values of two offspring individuals are bigger than those of two parents,

offspring individuals op1 and op2 will inherit the genes from two parents p1 and p2,
respectively, illustrated in Lines 6–12.

After executing the crossover operation, we will execute the mutation operation on the
new offspring population OP, illustrated in Lines 16–24. For each gene in the chromosome,
i.e., offloading location and resource allocation ratio of each medical vehicular task, we
decide whether it is altered based on mutation probability Pm, illustrated in Lines 19–22.
As illustrated in Line 20, we will offload the medical vehicular task to vehicular edge server
k with the smallest task completion time to reduce the delay and improve the QoE of users.

Algorithm 1 InGP algorithm

Input: Medical vehicular network G;
Set of tasks T;
Population size Np;

Output: Initial solution P;
1: for p = 1 : Np do
2: for ti,j ∈ T do
3: k = GenerateRandom(|S|);
4: if Server sk meets the constraints (14)–(19) then
5: Calculate τl

i,j by Equation (2);
6: Calculate τo

i,j by Equation (7);

7: if τo
i,j ≤ τl

i,j then
8: ti,j is processed by sk;
9: else

10: ti,j is processed by vi;
11: end if
12: else
13: if None of devices meet the constraints (14)–(19) then
14: ti,j is rejected;
15: else
16: Goto Step 3;
17: end if
18: end if
19: Record the decision of ti,j into P;
20: end for
21: end for

5.4. Overall Framework

The overall workflow of the IMO algorithm is illustrated in Algorithm 3. It takes
MEC-enabled medical vehicular network G, the set of tasks T, population size Np, neigh-
borhood size Ng, weight vector λ, the maximum iteration times Niter, population crossover
probability Pc, and mutation probability Pm as the algorithm input, and outputs the optimal
task offloading and resource allocation solution P. As illustrated in Lines 1–6, we first
randomly initialize the weight vector λ, neighborhood weight vector and reference point,
and produce the initial population by executing Algorithm 1. As illustrated in Lines 7–12,
we execute the crossover and mutation operations to produce new offspring population,
and evaluate the cost value of each chromosome individual in the current population.
As illustrated in Line 10, based on the weight vector and the neighborhood set, we select a
better solution to update the original solution to improve the quality of solutions. When it
reaches the set maximum times of iterations, the reproduction and evolution operations
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end. Finally, we determine the optimal solution from the current population, illustrated in
Lines 12–13.

Algorithm 2 ExReproduct algorithm.

Input: Original population P;
Population size Np;
Crossover probability Pc;
Mutation probability Pm;

Output: New population P1;
1: for i = 1 : Np/2 do
2: Select (p1, p2) from P;
3: for j = 1 : |pi| do
4: r = GenerateRandom(0, 1);
5: if r < Pc then
6: (p1,j, p2,j) −→ (op2,j, op1,j);
7: Calculate cost value ( f1, f2, o f 1, o f 2);
8: if o f 1 > f1 and o f 2 > f2 then
9: (p1,j, p2,j) −→ (OP2∗i,j, OP2∗i−1,j);

10: else
11: (p1,j, p2,j) −→ (OP2∗i−1,j, OP2∗i,j);
12: end if
13: end if
14: end for
15: end for
16: for i = 1 : Np do
17: for j = 1 : |pi| do
18: r = GenerateRandom(0, 1);
19: if r < Pc then
20: Select server k with the smallest completion time;
21: Update OP;
22: end if
23: end for
24: end for
25: OP −→ P1;

Algorithm 3 IMO algorithm

Input: Medical vehicular network G;
Set of tasks T;
Population size Np;
Neighborhood Ng;
Weight vector λ;
Maximum iteration times Niter;
Crossover probability Pc;
Mutation probability Pm;

Output: Solution P;
1: Initialize weight vector λ;
2: for i = 1 : Np do
3: Get Ng closest weight vectors for λi;
4: end for
5: P0 = InGP(G, T, NP);
6: Initialize reference point z;
7: for i = 1 : Niter do
8: P1 = ExeReproduct(P0, Np, Pc, Pm);
9: F = CalculateCostValue(P1, Np);

10: P2 = ExecuteEvolution(P1, F, NP);
11: end for
12: P

′
= GetApproximationSolution(P2, NP);

13: P = SelectOptimalSolution(P
′
);
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5.5. Complexity Analysis

It is assumed that the total number of medical vehicular tasks is NT , and the total
number of vehicular edge servers is NS. The InGP algorithm needs to take O(Np · NT · NS)

time to perform the population initialization operation. The ExReproduct algorithm needs
to take O(Np · NT) time to execute the crossover and mutation operations on the population
P. Therefore, the IMO algorithm needs to take O(Np · NT · NS · Nder) to determine the
optimal task offloading and resource allocation solution.

6. Simulation Experiments
We first present the simulation setups for simulation experiments, and then describe

the simulation result analysis.

6.1. Simulation Setups

The simulation experiments are implemented by using Python 3.1, running on the PC
equipped with 2.8 GHz, Intel i7 CPU, and 32 GB RAM.

Similar to [18,22], we set the simulation parameters, shown in Table 2. We vary the
number of medical vehicles from 2 to 24, and the number of edge servers from 2 to 8.
The number of tasks generated by medical vehicles varies from 4 to 24. We set the size
of population to 100 and the maximum times of iterations to 100. During the population
evolutionary process, the crossover probability and mutation probability are set to 0.5 and
0.05. The weight coefficients of two optimization objectives are set to 0.6 and 0.4.

Table 2. Simulation parameter settings.

Parameter Value

Number of medical vehicles 2∼24
Number of edge servers 2∼8
CPU of medical vehicle [0.5 2 ] ×109 Hz
CPU of edge server [2 2.2] ×1010Hz
Number of medical tasks 4∼24
Data size of medical task [0.1 10]×106Byte
Maximum delay of task [0.001 0.1]s
Path loss index 1 × 10−3

Background noise power 1 × 10−9

Transmission power of task [1 10]× 10−2 W
Transmission channel bandwidth 1 × 108

Vehicle energy consumption coefficient [100 100 + 0.1 ∗ rand(M)]× 10−30

Server energy consumption coefficient [100 100 + 0.1 ∗ rand(S)]× 10−30

Population size 100
Maximum iteration times 100
Crossover probability 0.5
Mutation probability 0.05

To comprehensively evaluate the performance results of the IMO algorithm, local
computing based on the task offloading and resource allocation (LOC) algorithm [17],
server computing-based task offloading and resource allocation (OFC) algorithm [17],
and random offloading and resource allocation (RAN) algorithm [21], the NSGA-II based
task offloading and resource allocation (NSG) algorithm [41] are selected as comparison
algorithms as follows.

• LOC algorithm: All the tasks generated by the medical vehicles are processed on the
local medical vehicles, rather than offloaded to the vehicular edge servers.

• OFC algorithm: All the tasks generated by the medical vehicles are offloaded to the
vehicular edge servers, rather than processed locally by the medical vehicles.
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• RAN algorithm: All the tasks generated by the medical vehicles are randomly pro-
cessed on the local medical vehicles or offloaded to the vehicular edge servers.

• NSG algorithm: All the tasks generated by the medical vehicles are determined based
on the NSGA-II algorithm to be processed on the local medical vehicles or offloaded
to the vehicular edge servers.

6.2. Simulation Results

To evaluate the performance of IMO algorithm comprehensively, we first analyze
the convergence performance, and then verify the impacts of the number of medical
vehicles, vehicular edge servers and medical vehicular tasks on the algorithm performance,
respectively.

6.2.1. Convergence Evaluation

Figure 3 depicts the algorithm convergence performance results on the average com-
pletion time and average energy consumption, respectively. From Figure 3, we can observe
that as the population generation increases, the average task completion time and average
energy consumption first decrease and then tend to stabilize. In particular, when the
population generation is about 98, the performance results of the IMO algorithm in terms of
the average completion time and average energy consumption are almost stable. Figure 4
depicts the convergence performance of the proposed IMO algorithm under different gener-
ations. We can observe from Figure 4 that with the increases in the population generations,
the solution obtained by the IMO algorithm is closer to the optimal solution.

(a) Average completion time vs. Generation (b) Average energy consumption vs. Generation

Figure 3. Convergence performance.

(a) Generation 0 (b) Generation 26

Figure 4. Cont.
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(c) Generation 33 (d) Generation 49

(e) Generation 50 (f) Generation 83

(g) Generation 91 (h) Generation 98

Figure 4. Convergence performance under different generations.

6.2.2. Effect of Number of Medical Vehicles

Figure 5 depicts the performance comparison results by varying the numbers of
medical vehicles. From Figure 5a, we can observe that as the number of medical vehicles
increases, the proposed IMO algorithm obtains the smallest average task completion time
among five algorithms. This is because the proposed IMO algorithm uses the greedy
strategy to obtain the better initial solution. And it selects medical vehicles or edge servers,
which have a small task completion time and energy consumption, to perform the task
computation. From Figure 5b, we can observe that the IMO algorithm obtains smaller
average energy consumption. However, when the number of medical vehicles is 22 or
24, the energy consumption of the IMO algorithm is slightly bigger than that of the OFC
algorithm. This is because the OFC algorithm offloads all tasks to the edge servers. Unlike
the OFC algorithm, the IMO algorithm determines the offloading solution of each task
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based on the overall performance. Moreover, the randomness of the IMO algorithm may
affect the task offloading decision. Figure 5c shows the superiority of the IMO algorithm
under different numbers of medical vehicles. The proposed IMO algorithm can obtain the
best tradeoff between the average task completion time and average energy consumption
among the five algorithms. This is because our proposed IMO algorithm attempts to balance
the tradeoff between the average task completion time and average energy consumption.

(a) Average completion time (b) Average energy consumption

(c) Overall performance

Figure 5. Performance comparison under different numbers of medical vehicles.

6.2.3. Effect of Number of Vehicular Edge Servers

Figure 6 depicts the performance results of five task-offloading and resource allocation
algorithms by varying the number of vehicular edge servers. We can observe from Figure 6
that the proposed IMO algorithm can obtain the smallest average completion time and
smaller average energy consumption. The proposed IMO algorithm can also achieve the
best tradeoff between average completion time and average energy consumption. This
is because, different from comparison algorithms, the proposed IMO algorithm tries to
reduce the average task completion time and average energy consumption while balancing
the tradeoff. Moreover, as the number of vehicular edge servers increases, the average
completion time of these algorithms becomes small. This is because as the number of
vehicular edge servers increases, the total resource capacity becomes big. Each task can be
allocated to more resources to perform the task computation. Consequently, the average
completion time becomes small.
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(a) Average completion time (b) Average energy consumption

(c) Overall performance

Figure 6. Performance comparison under different numbers of vehicular edge servers.

6.2.4. Effect of Number of Tasks

Figure 7 depicts the performance effects of the number of tasks on the average comple-
tion time, average energy consumption, and overall performance. From Figure 7, as the
total number of tasks increases, the average completion time of the five task-offloading
and resource allocation algorithms becomes big. This is because the increase in tasks
makes resource contention more competitive. The resource allocated by medical vehicles or
vehicular edge servers to each task becomes small. As a result, executing each task needs
to take more time. We can also observe from Figure 7 that the proposed IMO algorithm can
obtain the smallest average completion time and achieve the best tradeoff between the task
completion time and energy consumption.

In summary, we can observe that under different numbers of vehicles, edge servers
and tasks, the proposed IMO algorithm can obtain the smallest average completion time,
and achieve the best tradeoff between the task completion time and energy consumption.
By measurement, compared to comparison algorithms, our algorithm can at least save
5% of average task completion time. We can draw a conclusion that the proposed IMO
algorithm has good robustness under different conditions.
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(a) Average completion time (b) Average energy consumption

(c) Overall performance

Figure 7. Performance comparison under different numbers of tasks.

7. Conclusions
In this work, we study the joint optimization problem of task offloading and resource

allocation in MEC-enabled medical vehicular networks in order to improve service perfor-
mance and enhance QoE of users. We first establish a multi-objective optimization model,
with the target of average completion time minimization and average energy consumption
minimization. We further design a novel MOEAD-based task offloading and resource
allocation algorithm, IMO, to solve the above optimization model. To speed up algorithm
convergence and obtain the optimal solution, we design a novel greedy strategy-based
population initialization algorithm. Final simulations demonstrate the effectiveness and ef-
ficiency of the IMO algorithm. Compared to the comparison algorithm, the IMO algorithm
at least can reduce 5% of average task completion time.

Our proposed IMO algorithm can significantly reduce the average task completion
time and achieve a better tradeoff between the task completion time and energy consump-
tion. It is helpful to provide a fast response for patients in medical vehicles. However,
the diversity of users’ service requests and high dynamics of medical vehicular network are
not considered in this work, such as the priority of critical patients, data security, network
reliability, task success rate, and network latency fluctuations. In future works, we will
design an online adaptive task offloading and resource allocation mechanism in large-scale
medical vehicular networks to improve the service performance and satisfy the diversified
service demands of users by considering the above important factors in medical situations.
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