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With the emergence and development of communication technology and new computing paradigm named mobile edge
computing (MEC), fast response and ultralow latency are given higher requirements. Nevertheless, due to the low penetration
and coverage of the MEC network, it is difficult to guarantee the large-scale connection needs of all user groups in industry
4.0. In addition, user mobility is closely related to the network connection between edge nodes (ENs) and mobile devices
(MDs) in industry 4.0, the frequent mobility of MDs makes the computation offloading process not smooth and the channel
unstable, which can reduce the network performance. Hence, this paper constructs an edge network environment for
MEC-based industrial internet of things (IIoT), considering the combined benefits of energy consumption, time delay, and
computing resource cost to tackle the aforementioned problem by maximizing the utility of the entire system. In order to solve
this problem, this paper proposes a mobility-aware offloading and resource allocation scheme (MAORAS). This scheme first
employs the Lagrange multiplier method to solve the problem of computing resource allocation; then, a noncooperative game
between MDs is established and the existence of Nash equilibrium (NE) has been proven. Simulation results demonstrate that
the practical performance of the MAORAS optimization scheme could improve the system utility significantly.

1. Introduction

With the exponential growth of mobile applications data
in IIoT, there is an urgent demand for real-time response,
which makes it difficult for MDs with limited battery and
computing resources to meet the requirements of low
latency and real-time user experience for resource-intensive
tasks [1, 2]. MEC emerged at the historic moment, sinking
rich communication and computing resources to industrial
devices, extending the computing power of MDs while also
greatly reducing the burden on the backhaul link of the cloud
computing centers [3, 4], which means that computation-
intensive tasks, including object detection, face recognition,
and model training, can be offloaded to MEC servers for
further processing.

Nevertheless, MEC networks’ penetration rate and cov-
erage rate are relatively low, and it is difficult to guarantee

the large number of connection needs of the dense user
groups. The limited computing resources of the MEC server
may increase the delay of task execution; therefore, it is
critical to optimize computing resources and offloading
mechanisms in order to decrease communication costs and
increase system utility [5].

Multiuser resource allocation and offloading optimiza-
tion in MEC have always been researching hotspots. In
terms of optimization goals, it is mainly divided into three
categories; one is to minimize time delay, the other is to
reduce energy consumption simultaneously, and the third
is to maximize system utility. With regard to solutions, there
are online optimization algorithms based on Lyapunov,
offloading strategies based on Q-learning, resource alloca-
tion solutions based on genetic algorithms, and so on.

Optimizing the offloading decisions and the correspond-
ing resource allocation is a decision-making problem of
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multiple participants essentially, i.e., MDs and MEC servers,
and includes cloud centers sometimes, so game theory is
widely utilized to make offloading decisions in the MEC sce-
nario. One of the characteristics of MDs in edge computing
network is mobility, which makes the network become a
highly dynamic network and makes the optimization prob-
lem more complex. Generally, when a mobile user move
from the original cell to other neighboring cell, handover
will happen, contributing to the additional latency even
packet loss, which will raise retransmission, and add the
latency in turn. The current MEC studies based on game
theory have the following shortcomings: (1) Most of the
literature fails to consider the problem of task migration
caused by user mobility; (2) single scenario, multiuser, and
multiserver scenarios are not considered, and (3) game
theory-based computation offloading and allocation schemes
are mostly static allocations.

This paper researches the computation offloading and
resource allocation problems in MEC networks under multi-
user mobile scenarios to address the issues above. The main
contributions of the article are as follows:

(i) The mobility of the user is characterized as the
stay time of the user in the area. Also, the resi-
dence time of the user satisfies the exponential
distribution. Comprehensively consider energy con-
sumption, time delay, and computing cost, and then
jointly optimize resource allocation and offloading
decisions to maximize system utility

(ii) The optimization function of system utility maximi-
zation is formulated as an NP-hard problem and
further divided into two subproblems, which are
solved by Lagrangian multiplier method and game
theory, respectively

(iii) The performance of mobility-aware offloading and
resource allocation strategy (MAORAS) is evaluated
by comparing it with other baseline algorithms.
Simulation results show that the MAORAS could
achieve better performance

This paper is organized as follows: Section 2 introduces
the related work, whereas Section 3 presents the system
framework and the optimization problem is formulated. In
Section 4, the problem solution and algorithm proposal is
presented. Experiment and simulation are performed in
Section 5, and finally, the paper is summarized in Section 6.

2. Related Work

One of the most significant characteristics of MEC networks
is that MDs move with the user’s motion, rather than being
stationary, contributing to the communication network
being unstable. At the same time, frequent link disconnec-
tion makes user’s task transfer fail, resulting in wasted
energy consumption, increased latency, and reduced user
satisfaction.

Existing research focused on resource allocation accord-
ing to user mobility. Tang et al. proposed a DQN-based

resource allocation scheme to solve the dynamic service
prediction problem in a high-mobility environment [6].
For each EDC, a vector autoregressive model (VAR) was
used to predict the future load to allocate computation
resources. This method used the historical load time series
of itself and its neighbors to predict the load, make decisions,
and determine various management measures through the
estimated resource usage of each EDC. On the premise of
ensuring user service quality, we improve the utilization rate
of EDC resources as much as possible. For problems such as
how many resources to allocate in EDC [7], where to place
different application services, and when to activate various
resource management operations, a location-aware work-
load prediction method based on LSTM was proposed. The
proposed method could predict the workload of the environ-
mental data center in a short time by using the correlation of
the workload changes of the environmental data center in
the close-range environment. In order to solve the problem
of road traffic congestion, Shinkuma et al. proposed a new
predictive road traffic information delivery system architec-
ture to ensure that the system can establish real-time
delivery and prediction accuracy without overflowing the
computational and network load [8]. Finally, the system
was validated using numerical tests on real datasets and real
network simulators, where the predicted road traffic infor-
mation will be forwarded to users.

Existing machine learning methods have their own
advantages for predicting user mobility [9]. Subramaniam
and Kaur explored the operational efficiency of various
machine learning methods [10], such as multiple percep-
tron, random forest, and support vector machine, running
on mobile edge computing platforms. Ojima and Fujii eval-
uated the stability of the communication link between users
and edge computing nodes through factors such as transmis-
sion power, path loss, shadow gain, standard deviation, and
received power [11]. A Kalman filter is used to predict user
mobility and select its nearest edge computing node to
complete the delivery of the task results. Nasrin and Xie
proposed a new handoff scheme for the problem of
increased communication delay caused by user mobility
[12]. In the study of mobility-based offloading, when a user
leaves cellular coverage, MDs will send a report to the base
station that contains relays, cell identities, and user speed
from neighboring macro- and microbase stations. The user’s
priority is then assigned based on the three parameters: user
speed, computing task delay requirements, and resource
availability of mobile edge computing nodes. Finally, the
base station decides whether to migrate to mobile edge
computing nodes or remote cloud, based on resource
availability.

However, the above research methods lack effective net-
work environment awareness techniques for MEC networks.
Also, they do not consider the changes in the offloading
overhead and migration cost of user equipment as the
location changes.

There are multiple users in the wireless communica-
tion network, the shared communication and computing
resources are competitive, and game theory can effectively
solve the decision-making problem of multiple participants
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on the target so that each user can meet their own communi-
cation needs to the greatest extent. At the same time, the
performance of the network is improved. The choice prob-
lem of computation offloading devices was studied in [13],
a potential game for edge computing is constructed, in which
each device selfishly reduces its payoff, study the computa-
tion offloading strategy optimization problem, and a game-
based method developed to tackle such a complex problem.
Reference [14] proposed a resource allocation scheme based
on dynamic game to allocate resources variant devices, and
the blockchain technology is utilized to record the whole
resource transaction process to ensure confidentiality and
anonymity.

In the scenario of NOMA-based MEC network, Wang
et al. considered users and MEC servers as leaders and
followers and then established a Stackelberg game [15].
The user minimizes task offloading and the total energy
consumption of local computing by optimizing the task
allocation coefficient and transmit power. The MEC server
allocates computing resources to process offloading tasks,
with the ultimate goal of minimizing execution delays. In
the multiuser computation offloading problem of interfer-
ence perception in MEC network [16], a computing offload-
ing algorithm Nash-Q-learning based on Nash equilibrium
and reinforcement learning is designed. The simulation
results show that the algorithm can effectively reduce the
overhead of the system under different system parameters.
The performance of the MEC network is significantly
impacted by the problem of frequency division and intra-
area interference [17], which treated user computation
offloading, CPU capacity adjustment, transmit power regu-
lation, and network interference as a game. In this game,
the utility of each mobile user is maximized, which has been
proven that the game was an exact potential game with a
Nash equilibrium. The simulation results show that the algo-
rithm can effectively improve the performance of the MEC
system.

3. System Architecture and
Problem Formulation

3.1. System Architecture. Consider a multiuser and multibase
station edge computing network system as illustrated in
Figure 1. The scene consists of a macrobase station (MBS)
and multiple small base stations (SBS). MEC server deployed
on SBS, providing powerful computing capability for the
SBS. Each user moves within the coverage of the base
station. Define the set of users and edge servers as N = f1,
2⋯,ng and M = f1, 2,⋯,mg. The computation offloading
strategy for all users is expressed as A = fa1, a2⋯,ang, an =
1 indicates that the task of user n is offloaded to the MEC
server, and an = 0 means the task is processed locally. For
each MD Taski = fDi, ai, Ci, T

stay
i g, where Di is the data size,

ai is the offloading decision variable, Ciis the computing
resources required to complete the task, and Tstay

i is the time
that the user stays in the area.

3.2. Local Computing Model. Equations should be provided
in a text format, rather than as an image. Microsoft Word’s

equation tool is acceptable. Equations should be numbered
consecutively, in round brackets, on the right-hand side of
the page. They should be referred to as Equation (1), etc.
in the main text.

When Taski of the MD is executed locally, the local
computing delay is expressed as

T local
i =

Di · Ci

f locali

, ð1Þ

where Ci means the number of CPU cycles of unit data and
f locali is the computing capacity of ith MD.

To evaluate the energy consumption generated by the
MD in local processing, the energy consumption model ε
= κf 2 is used, where κ is the energy consumption coefficient
depending on the chip structure. Therefore, when perform-
ing tasks locally, the energy consumption of ith MD is

Elocal
i = κ f locali

� �2
DiCi: ð2Þ

3.3. MEC Computing Model. When the MD chooses to off-
load the task to the MEC server, the delay includes uplink
transmission delay and MEC server processing delay. Since
the size of the computing result is much smaller than the
input data, the return delay of the computing result can be
ignored. According to the Shannon formula, the uplink
transmission rate can be calculated as

rup = Bi · log2 1 +
pi · hi
Ii + σ2

� �
, ð3Þ

where Bi denotes channel bandwidth of base station, pi is the
transmit power of ith MD, and hi means channel gain
between ith MD and base station. Ii is the interference of
other users in the channel, and σ2 is the noise power.

User 1

User 2

User 2

User 1

SBS1

SBS2

SBS3

SBS4

MBS

SBS4

Figure 1: System model of MAORAS architecture.
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The uplink transmission delay of the ith MD and the
MEC server can be expressed as

Tup
i =

Di

rup
: ð4Þ

After the task is uploaded to the MEC server, the com-
puting delay of the task processing can be expressed as

Texe
i =

Di · Ci

fmec
i

, ð5Þ

where fmec
i represents computing resource allocated to the

ith MD.
In summary, the total computation offloading delay of

processing Taski can be expressed as follows:

Tmec
i = Tup

i + Texe
i =

Di

rup
+
Di · Ci

fmec
i

: ð6Þ

In terms of energy consumption, only the energy con-
sumption of the user in the transmission link is considered.

Emec
i = piT

up
i =

pi ·Di

rup
: ð7Þ

3.4. User Mobility Model. In the model of user mobility, we
assume that the stay time of each user in the area obeys the
following probability density function, denoted by f Τi

ðtÞ, is
expressed as

f Ti
tð Þ = 1

Ti
et/Ti , t ≥ 0, ð8Þ

where Ti represents the average stay time of the ith MD, due
to the heterogeneity of MDs, Ti is also different, and we
assume that Ti obeys a Gaussian distribution.

3.5. Problem Formulation. In this section, a utility function is
established that considers the three indicators of delay,
energy consumption, and computing resource cost. We use
the saved time Tgain

i and energy consumption Egain
i as the

benefit of the MD and use the computing resource cost
and migration cost Cmig

i as the overhead. Benefit minus cost
is the utility function of the MD.

Tgain
i = T local

i − Tmec
i ,

Egain
i = Elocal

i − Emec
i :

ð9Þ

Due to the user’s mobility, the stay time of user in the
area will also affect the user’s offloading decision and utility
function. Therefore, the utility function is discussed in three
different situations according to the user’s stay time.

Case 1. The user stayed in the area for a short time and left
the area before uploading the task to MEC servers, which
can be expressed as Tstay

i < Tup
i . The probability of case 1 is

PTi
ðTstay

i < Tup
i Þ. Therefore, the user cannot complete the

transmission of the entire computing task, and the offload-
ing strategy can only choose to local offloading, that is,
ai = 0 and utility function is

u1i = 0: ð10Þ

Case 2. When the user completes the upload of the com-
puting task and leaves the coverage before the MEC server
execution is completed, which can be expressed as Tup

i ≤
Tstay
i < Tmec

i , the probability of case 2 is PTi
ðTup

i ≤ Tstay
i <

Tmec
i Þ, then the user needs to pay an additional migration

cost. Assuming that the cost of migration is only related to
the size of data, given as Cmig

i = δ ·Di. So, the utility func-
tion in this case is

u2i = α · Tgain
i + β · Egain

i − γ · fmec
i − δ ·Di, ð11Þ

where α and β are the coefficient of delay and energy con-
sumption saving revenue and γ and δ are the coefficients
of the migration cost for computing resource cost.

Case 3. After the MEC server task is accomplished, the user
still stays in this area, which can be expressed as Tstay

i ≥ Tmec
i ,

the probability of case 3 is PTi
ðTstay

i ≥ Tmec
i Þ, and the utility

function in this case is

u3i = α · Tgain
i + β · Egain

i − γ · fmec
i : ð12Þ

Combine (10), (11), and (12), we can get the expression
as follows:

ui =

u1i , P1 Tstay
i < Tup

i

� �
,

u2i , P2 Tup
i ≤ Tstay

i < Tmec
i

� �
u3i , P3 Tstay

i ≥ Tmec
i

� �
:

8>>>>><
>>>>>:

,∀i ∈N , ð13Þ

The objective function of the system is defined as the sum
of all user utility functions, expressed as

max Z = 〠
i∈N ,j∈M

ui Aij, Fij

À Á

s:t:

C1 : 0 ≤ f mec
ij ≤ F

C2 : 〠
i∈N ,j∈M

fmec
ij ≤ F

C3 : aij = 0, 1f g
C4 : 〠

i∈N ,j∈M
aij ≤ 1

C5 : ui ≥ 0:

ð14Þ

Constraints C1 and C2 indicate that the computing
resources allocated by the MEC server to users are
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nonnegative, and the total computing resources allocated to
users cannot exceed the maximum value. Constraints C3
and C4 indicate that the task can only be processed locally
or offloaded to the MEC server, and a MD can only be off-
loaded to one MEC server. C5 indicates that the user’s utility
function must be greater than or equal to 0, so that the reve-
nue generated is greater than the local processing, which
makes MEC offloading meaningful.

4. Proposed Scheme

4.1. Problem Decomposition. In this section, we propose
MAORAS optimization scheme to solve the above optimiza-
tion problem. The optimization problem is mainly divided
into two parts. Where the offloading decision A is a binary
variable, computing resource F is a continuous variable. So
the optimization problem is a mixed integer nonlinear
programming (MINLP) problem; thus, it is an NP-hard
problem. According to the objective function and con-
straints, the constraints C3, C4, and C5 of the offloading
decision A are decoupled from the constraints C1 and C2
of the computing resource allocation F. The optimization
problem is decomposed into two subproblems. Subproblem
P1 is the problem of computing resource allocation under
a given offloading decision.

P1 : max ui Fð Þ

s:t:

C3 : aij = 0, 1f g
C4 : 〠

i∈N ,j∈M
aij ≤ 1

C5 : ui ≥ 0:

ð15Þ

Subproblem P2 is the problem of offloading decision
under a given computing resource allocation.

P2 : max ui Að Þ

s:t:

C1 : 0 ≤ fmec
ij ≤ F

C2 : 〠
i∈N ,j∈M

fmec
ij ≤ F:

ð16Þ

Subproblem P1 used the Lagrange multiplier method
to solve the problem of computing resource allocation,
and then, a noncooperative game is used to solve sub-
problem P2.

4.2. Computing Resource Allocation. According to Equations
(13) and (14), the objective function can be expressed as
follows:

max Z = 〠
i∈N ,j∈M

u1i ⋅ P1 Tstay
i < Tup

i

� �

+ u2i ⋅ P2 Tup
i ≤ Tstay

i < Tmec
i

� �
+ u3i ⋅ P3 Tstay

i ≥ Tmec
i

� �
:

ð17Þ

Since the objective function is to maximize the benefit of
the system, the local time delay and energy consumption are
fixed values, so the objective function can be transformed
into minimizing the total cost of the system, that is,

min Q = 〠
i∈N ,j∈M

α ⋅ Tmec
i + β ⋅ Emec

i + γ ⋅ fmec
ið Þ ⋅ P2 + P3ð Þ

+ δ ⋅Di ⋅ P2:

ð18Þ

The first derivative and the second derivative are
obtained for the objective function Q, and we get

∂Q
∂fmec

i
= −α ⋅

Di ⋅ Ci

fmec
ið Þ2

+ γ

 !
⋅ P2 + P3ð Þ,

∂2Q
∂ fmec

ið Þ2
= α P2 + P3ð Þ ⋅ 2 ⋅Di ⋅ Ci

fmec
ið Þ3

> 0:

ð19Þ

The second derivative of Q with respect to fmec
i is always

greater than 0, and the constraints C1 and C2 are both linear;
therefore, problem (18) is a convex optimization problem.
According to the KKT (Karush-Kuhn-Tucker) optimization
conditions, the optimal solution can be obtained by the
Lagrange multiplier method.

Formulate problem (18) as a partial Lagrangian function:

L fmec
i , ηð Þ = 〠

i∈N ,j∈M
α ⋅ Tmec

i + β ⋅ Emec
i + γ ⋅ fmec

ið Þ ⋅ P2 + P3ð Þ

+ δ ⋅Di ⋅ P2 + η ⋅ 〠
i∈N ,j∈M

fmec
i − F

 !
,

ð20Þ

where η is the Lagrangian multiplier related to the computa-
tional resource constraints, satisfying η ≥ 0.

Then, get the first derivative of Lð fmec
i , ηÞ with respect to

fmec
i , which can be expressed as

∂L fmec
i , ηð Þ

∂fmec
i

= −α ⋅
Di ⋅ Ci

fmec
ið Þ2

+ γ

 !
⋅ P2 + P3ð Þ + η: ð21Þ

When the first derivative takes 0, the optimal solution
for computing resource allocation is obtained

f ∗mec
i =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
α ⋅Di ⋅ Ci ⋅ P2 + P3ð Þ
γ ⋅ P2 + P3ð Þ + η∗

s
, ð22Þ

where η∗ is the Lagrange multiplier, which can be updated
by gradient descent.

η t + 1ð Þ = η tð Þ − π tð Þ 〠
i∈N ,j∈M

fmec
i − F

 !" #
, ð23Þ
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where t is the number of iterations, and πðtÞ is the step size.
The condition for convergence is

η t + 1ð Þ − η tð Þ ≤ ϖ, ð24Þ

where ϖ indicates the maximum tolerance value.
Therefore, the resource allocation algorithm in this

section is shown in Algorithm 1.

4.3. Computation Offloading Strategy. In the previous sec-
tion, the Lagrange multiplier method was adopted to solve
the problem of computing resources allocation. In this sec-
tion, a noncooperative game model is adopted to solve the
problem of task offloading strategies. Define the game as
G = fN , A,Ug, where N is number of devices participating
in the game, A is offloading strategy, andU is utility function.
a−i = ða1,⋯,ai−1, ai+1,⋯,aNÞ represents the set of offloading
strategies for all users except user i. Uðai, a−iÞ = ui represents
the utility function of user i. When none of the participants
improves their utility function by unilaterally changing their
offloading strategy, then all participants can converge to a
Nash equilibrium state.

Definition 1. For offloading strategy A, if ∀i ∈N , has Uða∗i ,
a∗−iÞ ≥Uðai, a∗−iÞ, then the offloading strategy a∗i is called
the Nash equilibrium of game G.

Definition 2. If there is a potential function ϕðaÞ in game G,
when the user’s offloading strategy unilaterally changes from
ai to ai′, and ai′∈ A. The following formula can be obtained
Uðai, a−iÞ −Uðai′, a−iÞ = ϕðai, a−iÞ − ϕðai′, a−iÞ, then the game
G is an exact potential game.

Definition 3. If game G is an exact potential game and the
strategy set is finite, then game G has finite increasing prop-
erties, so there must be a Nash equilibrium.

Argument 1: Game G = fN , A,Ug is an exact potential
game, and the potential function ϕðaÞ is as follows: ϕðaÞ =
ð1 − aiÞ · u1 + ai · u2,3, where u2,3 represents the two cases of
u2 and u3, due to they are all benefits generated by MEC
processing, all can be combined for discussion.

Proof. When user i updates the offloading strategy ai to ai′, a
potential function ϕðaÞ = ð1 − aiÞ · u1 + ai · u2,3 that satisfies

the condition. Consider the following two cases: (1) ai = 0,
ai ′ = 1; (2) ai = 1, ai ′ = 0.

(1) The offloading strategy of user i is changed from
local processing to MEC processing

ϕ ai, a−ið Þ − ϕ ai ′, a−i
� �

= u1 − u2,3

=U ai, a−ið Þ −U ai ′, a−i
� �

ð25Þ

(2) The offloading strategy of user i is changed from
MEC processing to local processing

ϕ ai, a−ið Þ − ϕ ai ′, a−i
� �

= u2,3 − u1

=U ai, a−ið Þ −U ai ′, a−i
� �

ð26Þ

To sum up, there is a potential function ϕðaÞ for G =
fN , A,Ug, according to Definition 3, for every potential
game with a finite strategy space exists a Nash equilibrium,
which means that any player can change its offloading strat-
egy in a finite time to reach a Nash equilibrium state.

4.4. MAORAS Algorithm Scheme. Combining the aforemen-
tioned computing resource allocation algorithm and compu-
tation offloading strategy in Section 3.3, the MAORAS
algorithm scheme is proposed in Algorithm 2. Each mobile
user makes the best offloading decision according to the
current state and reaches the Nash equilibrium state after
multiple iterations of convergence, maximizing the system
utility.

The MAORAS algorithm scheme mainly consists of two
parts:

(1) Offloading strategy preprocessing: corresponding to
lines 1-17 in the pseudocode. In this process, the off-
loading strategy of all mobile users is first initialized
to local processing; then, according to the user’s stay
time in the area, it is divided into three levels; finally,
an initial offloading strategy is obtained

1: Initialization: number of iterations t = 0, maximum tolerance value ϖ
2: Calculate fmec

i according to formula (22).
3: Update Lagrange multipliers η according to formula (23).
4: If ηðt + 1Þ − ηðtÞ ≤ ϖ:
5: then algorithm convergence, return fmec

i = fmec
i

6: else
7: t = t + 1
8: end if
9: Repeat steps 1-8 until the algorithm converges or t = tmax

Algorithm 1: MEC computing resource allocation optimization algorithm.
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(2) Game theory-based offloading strategy update: cor-
responding to lines 18-26 in the pseudocode. Let
each mobile user traverse the set of offloading
strategies and take the one with the largest utility
function as the best response strategy in this iteration
process, which can be expressed as

ai gð Þ = arg max U ai, a−ið Þ,∀i ∈N , ð27Þ

when the following formula is satisfied:

ai gð Þ = ai g − 1ð Þ,∀i ∈N ð28Þ

After g iterations, there is no mobile users want to
change their offloading strategy individually to improve
their utility function and record the final set of Nash equilib-
rium offloading strategies

A∗ = a∗1 , a
∗
2 ,⋯,a∗Nf g: ð29Þ

5. Simulation Results and Analysis

In this section, we set the environmental parameters of the
simulation experiment and evaluate the performance of

MAORAS algorithm scheme by comparing other baseline
algorithms. The specific details are shown as follows.

5.1. Simulation Environment. The experiment uses Python3.7
and MATLAB R2018b simulation tools, the operating
system is window10, the CPU processor used is Intel(R)
Core(TM) i5-9500 CPU @ 3.00GHz, and the memory size
is 16GB.

1: Initialization:
2: Mobile user set N = f1, 2⋯,ng, MEC server set M = f1, 2,⋯,mg, offloading strategy A = fa1, a2⋯,ang, utility function
U = fu1, u2⋯,ung, game model G = fN , A,Ug
3: End Initialization
4: Input: α, β, γ, P1, P2, P3
5: For each user i, i ∈N do
6: Calculate T local

i , Elocal
i , Tmec

i , Emec
i .

7: Calculate ∗
  fmec

i by Lagrange multiplier method.

8: if Tstay
i < Tup

i , then update ai = 0, u1i = 0:
9: else
10: if Tup

i ≤ Tstay
i < Tmec

i ,

11: update ai = 1, u2i = α · Tgain
i + β · Egain

i − γ · fmec
i − δ ·Di:

12: else
13: update ai = 1, u3i = α · Tgain

i + β · Egain
i − γ · fmec

i :
14: end if
15: end if
16: End for
17: Output: Initialized offloading strategy A0.
18: Initialization: iteration g = 0
19: g⟵ g + 1
20: While i ≤N do
21: calculate Uðai, a−iÞ;
22: if aiðgÞ = arg max Uðai, a−iÞ, ∀i ∈N
23: then update aiðgÞ = a∗i .
24: else aiðgÞ = aiðg − 1Þ
25: End While
26: Output: Optimal computing resource allocation ∗

  f mec
i , and Nash equilibrium offloading strategy A∗.

Algorithm 2: MAORAS algorithm scheme.

Table 1: Simulation parameters.

Parameters Value

Transmission bandwidth 10MHz

MD computing capability 0.5 ~ 0.8GHz

MEC computing capability 40GHz

MD transmission power 0.8W

Gaussian white noise power 3 × 10−13 W
Energy consumption factor κ 5 × 10−27

Data size of task 100~150MB

The number of CPU cycles of unit data cycles/MB 0.4~ 0.5G
The price of time gain α 1 units/s

The price of energy gain β 1 units/J

The price of computing resource γ 2 units/GHz

The price of migration cost δ 0.2 units/MB

Probability density function P1, P2, P3 0.1,0.3,0.6
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5.2. Parameter Settings. The scenario assumed in this arti-
cle is on a square area. The users holding computing-
demanding devices move randomly around the area. The
task of the MDs can be executed locally or offloaded to the
MEC servers. Due to the heterogeneity of MDs, assume that
the number of mobile users is randomly selected from 5 to
50. Each region is equipped with a separate MEC server.
The remaining parameters are shown in Table 1.

5.3. Algorithm Convergence. Figure 2 analyzes the conver-
gence of mobile users’ offloading decisions. When N = 20,
randomly select 5 mobile users and observe the changes in
their offloading strategies. The abscissa is the number of
algorithm iterations, and the ordinate is the offloading
decision.

In Figure 2, after a limited number of iterations, the
Nash equilibrium strategy solution is finally obtained and
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reaches a state of convergence. Initially, all MDs execute
computation task locally. User 1 always insists on executing
computing tasks locally, and User 2 and User 3 perform
MEC offloading and local offloading, respectively, after 9
iterations. User 4 reaches the Nash equilibrium state after
7 iterations. User 5 insists on MEC offloading after only
one strategy change. In general, after a finite number of iter-
ations for all users, no one wants to unilaterally change strat-
egy and finally reach a state of convergence.

Figures 3 and 4 show the changes in the system overhead
and user utility function of five random users with the
increase in the number of iterations. System overhead refers
to the sum of delay, energy consumption, computing cost,
and migration cost caused by user computation offloading.
User utility function refers to the cost of local offloading
minus MEC offloading. If costlocali > costmec

i , then it is more
cost-effective to offload at MEC server, and the user utility
function is also higher. Conversely, if costlocali ≤ costmec

i ,
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choosing MEC offloading will cost more, on balance, the
users prefer to handle it locally. Therefore, its utility function
ui = 0.

According to the change of the user’s utility function, we
can infer the user’s attributes and make some reasonable
guesses. For example, User 1 always insists on local
decision-making. We speculate that he may be moving at
high speed and stay in the area for a short time, which is
not enough to upload the entire computing task before
leaving. After many iterations of User 3, the cost of perform-
ing MEC offloading has always been higher than that of local
processing. We can infer that its device has better perfor-
mance and stronger computing power. For User 5, only one
iteration insists on processing in MEC; it can be speculated
that MEC provides powerful computing resources to User 5.

5.4. Algorithm Performance. The performance of the pro-
posed MAORAS algorithm scheme is compared with the
other algorithms. (1) Computing resource average allocation
(CRAA): all users process tasks on the MEC server and each
user gets the same computing resources. (2) Lagrange
resource allocation method (LRAM): allocate computing
resources according to the Lagrange multiplier method.
(3) Game-based distributed task offloading (GDTO): game
theory-based computing resource and offloading optimiza-
tion scheme without considering user mobility. (4) Genetic
algorithm-based allocation algorithm (GAAA): the user
mobility model is the same as this paper but uses genetic
algorithm.

Figure 5 presents the changes in the total system utility
as the number of users increases in different algorithms. In
the beginning, the utility function of the CRAA and LRAM
algorithms increases with the number of users. When the
number of users reaches 20, the system utility begins to show
a downward trend; this is because the influx of a large num-
ber of users increases the load of the MEC server. The com-
puting resources allocated to each user are less and less, and
the transmission bandwidth of the system is occupied, caus-
ing network congestion. Meanwhile, if offload tasks to MEC
servers randomly, the cost of MEC offloading is gradually
higher than the cost of local offloading, and the final utility
function is negative. Comparing CRAA and LRAM, it can
be found that the computing resource allocation scheme
using the Lagrange multiplier method is better than the
traditional average allocation scheme.

Since GDTO does not consider user mobility, as the num-
ber of MDs increases, redundant devices can only be executed
locally, and the number of tasks offloaded or migrated to the
MEC server hardly changes. Hence, the GDTO algorithm
tends to stabilize after the device reaches 25.

The total system utility of the GAAA and the MAORAS
algorithm increases with the increase in the number of users.
The system utility starts to change slowly but continues to
increase and show a convergence trend. Because limited
computing resources can only serve a part of computing
tasks, the increase in the number of MDs provides the diver-
sity and selectivity of offloading. It can be seen by observa-
tion that MAORAS is better than GAAA because the
GAAA algorithm is prone to premature convergence.

Figure 6 shows the effect of the MEC computing capabil-
ity on system utility using different algorithm, when N = 20,
and the computing capability of the MEC server varies from
30GHz to 50GHz.

It shows that the five different algorithms’ final conver-
gent system utility value increases with the increase of
computing capability. Compared with CRAA, the LRAM
algorithm adopts the Lagrange multiplier method, which
allocates computing resources more reasonably and
improves the utility function of the system. The GDTO
algorithm jointly optimizes the offloading decision and
computing resource allocation strategy but does not
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consider the user’s mobility. Although the performance of
the MEC server is improved, it is not considered to reduce
the cost of migration. GAAA and MAORAS, considering
the user’s mobility, present good performance for those
users who stay for a short time. More computing resources
are provided to ensure that computation offloading is com-
pleted before the user leaves, thereby saving migration costs.
MAORAS can improve by 5.3% compared with GAAA.

In Figure 7, the system utility of five different algorithms
decreases with the increase in migration cost. The differ-
ences between the algorithms is initially small, but subse-
quently, the gap between them becomes larger and larger.
The MAORAS algorithm proposed in this paper has the
slowest decline rate, indicating that this scheme can signifi-
cantly reduce the probability of migration. For CRAA and
LRAM, all the tasks are offloaded or migrated to MEC
server; the migration of many tasks resulted in a huge reduc-
tion in system revenue. Although GDTO took the offloading
decision, it did not consider optimizing migration cost
caused by user mobility. It can be concluded that ignoring
user mobility will greatly increase the cost of migration
and reduce system utility.

6. Conclusion

In this paper, a mobility-based edge computing scenario is
considered in this paper, with the aim of maximizing system
benefits by optimizing offloading decisions and resource
allocation schemes. Using the Lagrange multiplier method
to allocate computing resource, in the aspect of offloading
decision, it is proved that the game model exists Nash equi-
librium from establishing the model of the game relationship
between the game participants, determining the final utility
function of the game problem, and finally constructing the
potential function. The simulation results show that the
proposed MAORAS algorithm can effectively improve the
utility function of the system. The performance of computa-
tion offloading is not only related to user mobility but also
related to network status and routing. In the next step, we
are prepared to predict the status of the edge computing net-
work, including traffic prediction and so on, and conduct
routing based on the prediction to reduce latency.
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