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Abstract. With the explosive growth of Internet of Things (IoT) devices and the popularization of intelligent terminals, the computing resources of various new applications
are intensive, and existing work oﬄoads them to mobile edge centers for computing.
However, due to limitations in the coverage and resource capabilities of edge devices,
there is still a problem of unbalanced load in the network. Therefore, in order to balance
the load reasonably, this paper proposes a computing oﬄoading and resource allocation
algorithm for IoT devices using game theory in Mobile Edge Computing (MEC). Firstly,
a multi-user multi-MEC computing oﬄoading and resource allocation model is designed,
which manages a large number of devices by multiple base stations and multiple MEC
partitions, and models the system including computing model and task model. Then, a
prediction method of MEC server waiting time is proposed according to the task queue
in base stations. The task processing sequence, time and frequency are arranged to improve the calculation eﬃciency of this algorithm, which makes rational use of computing
resources for devices and MEC. Finally, the problem of multi-user and multi-MEC computing oﬄoading and resource allocation is transformed into a multi-user game problem,
and it is concluded that there is always a Nash equilibrium in this game problem. Furthermore, the optimal solution of this problem, that is, the optimal device computing
oﬄoading and resource allocation scheme, is obtained when the system is in Nash equilibrium state. The simulation results based on MATLAB platform show that our proposed
algorithm is eﬀective compared with other algorithms. It can converge reliably and has
obvious optimization in energy consumption and time delay; besides the performance of
this algorithm is improved.
Keywords: Mobile edge computing, Game theory, Computing oﬄoading, Resource allocation, IoT device, Nash equilibrium

1. Introduction. With the development of mobile Internet and the popularization of
intelligent terminals, various new applications, such as Augmented Reality (AR), virtual
reality and natural language processing, are constantly emerging. These applications usually have resource-intensive characteristics, and they need to consume a lot of computing
resources and storage resources when they run. Besides, the requirements for Quality
of Service (QoS) are extremely high [1]. Although the performance of intelligent terminal processors continues to increase, it is still diﬃcult to meet the needs of processing
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high-performance applications in a short time, which seriously aﬀects users’ Quality of
Experience (QoE) [2]. Therefore, how to expand intelligent terminal resources to meet
the high-performance task execution demands is currently an urgent problem to be solved
[3].
MEC provides a feasible solution for the eﬀective resolution of above problems. The
MEC technology allows terminal devices to oﬄoad computationally intensive tasks to
MEC servers for execution. With the help of high computing performance MEC servers,
the task execution delay is reduced [4]. At the same time, since the terminal oﬄoads its
own computing tasks, the energy consumption required to perform tasks can be significantly reduced. Therefore, MEC can eﬀectively alleviate the outstanding contradiction
between the limited resource of intelligent terminals and the demand for high-performance
task processing.
In order to solve the contradiction between terminal resource limitation and application task processing high-performance requirements, a solution based on Mobile Cloud
Computing (MCC) technology can be adopted [5]. In MCC system, intelligent terminals
can access remote cloud servers located in the core network. They oﬄoad applications or
tasks to cloud servers and use their powerful computing and storage resources to eﬃciently execute tasks or services. However, traditional MCC models that rely on centralized
cloud servers have certain limitations [6]. For example, the deployment location of cloud
servers is usually far from smart terminals. Transmitting a large amount of task data to
cloud servers located in Core Network (CN) not only consumes a lot of network resources,
but also increases the backhaul link load, which in turn leads to network congestion and
other problems [7].
In response to the shortcomings of MCC, researchers proposed an edge cloud solution
to move the powerful cloud computing capabilities closer to the source of task data [8]. As
a computing model with great potential, the edge cloud implements the marginalization
of user task processing by conﬁguring computing and storage capabilities for network
edge nodes. This eﬀectively reduces the cloud computing load and reduces the network
bandwidth overhead while providing users with faster response times for computing tasks.
In recent years, with the in-depth development of cloud computing and mobile Internet
industries, researchers have proposed a variety of similar solutions, such as MEC, microcloud and fog computing, combining cloud computing models and edge cloud concepts
[9].
Since the nodes performing edge computing are located close to end users, the peak
traﬃc is alleviated, which not only reduces the load pressure of core network, but also reduces user’s transmission delay and delay jitter during the task oﬄoading process.
Therefore, the distributed computing nodes deployed on the edge realize the distribution
of cloud traﬃc and computing pressure. At the same time, the response time of IoT applications is also faster than the corresponding cloud computing services. In addition, edge
computing migrates computing and communication overhead from user terminal nodes
with limited battery or power supply to edge nodes with relatively rich resources [10]. In
this way, the energy consumption of nodes is reduced, and its survival time is extended,
thereby increasing the life of entire IoT network.
However, the computing and storage resources of edge computing servers are extremely
limited compared to cloud data centers, and the arrival of computing workload in edge
networks may be highly dynamic and heterogeneous [11]. Therefore, it is diﬃcult for
a single edge service to provide users with satisfactory computing services in all time
periods. That is, within a certain period of time, there may be a surge in the amount of
user upload tasks received by some edge servers (the increase in the number of connected
terminal devices or the occurrence of large amounts of data in the area under jurisdiction),
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resulting in energy consumption of edge servers too fast or tasks wait too long. This will
cause a load imbalance in the network and reduce the overall performance of network [12].
Thus, how to eﬀectively allocate computing resources in the “edge” to “support” servers
with too many tasks has become a new challenge.
2. Related Research. For the task oﬄoading and resource allocation in edge computing, [13] proposed a virtual cloud solution. By interconnecting terminals, they can
accomplish computing tasks collaboratively. This solved the problem that mobile terminals cannot communicate with cloud data center steadily or transfer tasks to cloud data
center when the network conditions are not good. [14] designed a veriﬁcation platform for
facial recognition, which migrated the facial recognition application originally deployed
in cloud data center to the edge of network, which greatly reduced the original response
time. [15] used MEC or fog computing infrastructure components to create mobile clouds.
It provided users with necessary computing and storage resources at the edge of network,
and on this basis, a safe, reliable and adaptable programming model and framework are
designed. Due to the rapid growth of terminal devices in IoT, [16] proposed a distributed
architecture whose scope extends from the edge of network to edge servers, and is mainly
used to process massive amounts of IoT data. In view of the service development of heterogeneous devices in IoT and the deployment of edge computing services, [17] proposed a
scalable dynamic intermediate infrastructure SECS (Scalable Edge Computing Services),
which facility meets the network’s future needs for scalability and reliability. By combining the above documents, we can ﬁnd that “the edge of network” is not clearly deﬁned,
and the devices expected to participate in edge computing may also diﬀer depending on
the application scenario. In terms of users oﬄoading tasks to edge devices, algorithms
are divided into two categories based on diﬀerent optimization goals.
(1) Algorithms based on objective function optimization. [18] studied the oﬄoading
problem of small cellular network computing based on MEC. In this paper, considering
the forward link and backward link, an oﬄoading model for computing tasks based on
energy eﬃciency optimization is designed. Moreover, an optimization objective function
is proposed according to the mathematical models of communication resources and computing resources. [19] optimized the application’s selection of local, edge and cloud when
task oﬄoading, time delay and energy consumption were modeled and normalized to the
system loss respectively. Based on this, a heuristic algorithm with minimum delay and
energy consumption as the goal was proposed. This algorithm was an approximate optimal algorithm, which eﬀectively reduces the loss in the system. [20] designed a mobile
oﬄoading computing framework based on MEC and UDN (COMED) based on ultradense network. The framework implemented eﬃcient computing oﬄoading, base station
sleep scheduling and user-base station association. On this basis, authors took the minimization of overall energy consumption of devices and base stations as the optimization
goal, and proposed a task oﬄoading algorithm based on Lyapunov optimization theory.
[21] took the oﬄoading decision, resource allocation and content caching strategy in MEC
as optimization problems, and transformed the original non-convex problems into convex
problems. In order to eﬀectively solve this problem, a distributed solution based on alternating direction multipliers was proposed. [22] innovatively introduced the deep learning
of IoT into the edge computing environment. Through the training of deep learning network on cloud server, they divided the learning network into a lower layer deployed on
edge server close to the input data and a higher layer deployed in the cloud for oﬄoading processing. Besides, they also designed an eﬀective algorithm to optimize the service
capability of edge computing model.
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However, in many cases, the oﬄoading schemes among users aﬀect each other, and it
is impossible to individually optimize individual users. Therefore, an algorithm based on
game theory was proposed. In this type of algorithm, it can be divided into two categories
due to diﬀerent optimization goals. One of them is to maximize utility. [23] constructed
an MEC-based oﬄoading framework for the problem of searching for service nodes when
vehicle oﬄoading request tasks are performed in vehicle-mounted network. The framework
took account of the problems of limited resources, heterogeneity and diversity of tasks,
and the framework was modeled as a matching mode for combinatorial auctions. On
this basis, a multi-round sequential combined auction mechanism was proposed, which
equates the matching problem to a multi-dimensional grouping knapsack problem and
uses dynamic programming to obtain the optimal matching. [24] studied the problem
of maximizing the overall network throughput based on the fairness of user resource
allocation in MEC. In this paper, Nash bargaining game was used to analyze this problem,
and a user priority determination algorithm considering delay constraints was proposed.
[25] studied edge computing services supporting mobile Blockchain. In order to eﬀectively
allocate computing resources on the edge, authors proposed a market auction model
composed of Blockchain owners, edge computing service providers, miners and maximized
social welfare.
(2) Algorithms based on overall performance optimization. [26] designed an oﬄoading algorithm based on potential games in a small cellular network with multiple users
and multiple MEC nodes. In this algorithm, users selected access conditions based on
the interference generated when they are connected to each other, and ﬁnally optimized
the energy consumption and delay of each mobile device. [27] studied the algorithm of
cloud and wireless resource joint allocation based on evolutionary game in MEC environment. This algorithm combined the choice of service provider with the allocation of
resources to minimize energy consumption, time delay and economic cost of mobile terminals, and used replication factor dynamics method to verify the balance of evolutionary
games. [28] researched resource allocation of multi-user MEC oﬄoading system based
on Time-Division Multiple Access (TDMA) and Orthogonal Frequency-Division Multiple
Access (OFDMA). For TDMA MEC oﬄoading systems with unlimited or limited cloud
computing capabilities, they transformed the optimal resource allocation into a convex
optimization problem to minimize the weighted sum of mobile energy consumption under the constraints of computing latency. Experimental results proved that the optimal
strategy has better overall performance than the derived oﬄoading priority function.
Secondly, since the resources and coverage of edge devices are limited, edge devices
in the network will have an uneven load among devices due to the distribution of users
or the amount of oﬄoaded tasks. In response to this problem, [29] established an MEC
collaborative architecture. Under this architecture, a node-based task scheduling optimization algorithm was proposed. The algorithm achieved the full utilization of computing resources in the network by the scheme of dynamic task redistribution between task
overload nodes and nearby nodes. Due to the limited computing resources of single Small
Base Stations (SBSs), in order to better guarantee the quality of service, [30] proposed
an “SBSs alliance” formation algorithm based on game theory. And on this basis, an
incentive mechanism based on proportional payment was proposed and a security risk
management based on social trust was constructed, which enables collaborative computing among SBSs and improves resource utilization. In addition, [31] constructed a new
peer-to-peer oﬄoading framework OPEN and described the optimal peer-to-peer oﬄoading scheme. Then, in this framework, two ways of coordinated peer-to-peer oﬄoading
were considered, and a new peer-to-peer oﬄoading game was proposed using variational
inequality to prove Nash equilibrium.
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Since small base stations are purely distributed management, and purpose is to minimize the cost of each small base station. Therefore, the process of resource allocation
is a process of game between edge devices. Thus, a game resource allocation algorithm
based on game theory for MEC is proposed. The innovation of our proposed method is
as follows.
1) A multi-user multi-MEC computing oﬄoading and resource allocation model is designed according to the characteristics of IoT devices. This model manages a large number
of devices by multiple base stations and multiple MEC partitions, and models the system
including computing model and task model to comprehensively manage the computing
resources of devices and MEC.
2) Since existing methods do not consider the service waiting time of MEC, our proposed algorithm proposes a prediction method for the waiting time of MEC server, which
arranges the task processing sequence, time and processing frequency according to the
task queue in base stations. In addition, it improves the calculation eﬃciency of this
algorithm and reasonably uses the computing resources of devices and MEC.
3) In order to minimize the energy consumption of computing oﬄoading and resource
allocation algorithms and to shorten time delay, the problem of multi-user multi-MEC
computing oﬄoading and resource allocation is transformed into a multi-user game problem. It is concluded that there is always a Nash equilibrium in this game problem. When
the system is in Nash equilibrium state, the optimal solution of this problem is obtained,
that is, the optimal devices computing oﬄoading and resource allocation scheme.
3. Problem Description and System Modeling.
3.1. Network scenario analysis. The layered edge computing network architecture is
shown in Figure 1. The following assumptions are made about the network scenario: N
Base Stations (BS) (BSi ∈ {BS1 , BS2 , . . . , BSN }) are deployed within a certain range.
These devices have a certain amount of computing power, which is presented by CPU
frequency (that is, the number of machine cycles completed in 1 second), that is, the
computing power of each BS can be expressed by frequency set f = {fi }i∈N . In the edge
computing layer, BSs communicate with each other through optical ﬁbers to form a Local
Area Network (LAN). In addition, there are M user terminals (m = {1, . . . , M }) in this
scenario. They are randomly deployed around BS, and each BS has a certain number of
user terminals Mi ⊆ M , i ∈ N . These user terminals can upload their computing tasks
to the corresponding BS for processing by wireless communication.
Since the number of user terminals under the jurisdiction of BSs is diﬀerent or the
task volume uploaded by user terminals under the jurisdiction is diﬀerent, the total task
volume received by each BS may be diﬀerent in the same time period. In order to make
full use of resources in the network, this paper analyzes the cost of completing tasks from
the perspective of energy consumption, time delay and transmission risk required by BSs
to complete tasks. In the case where each BS has limited long-term energy consumption,
its own cost is minimized.
In order to facilitate the introduction of subsequent algorithm design steps, the necessary basic concepts are explained.
Deﬁnition 3.1. If small base station BSi can only handle part of workload locally, the
rest needs to be oﬄoaded to other BSs for processing. Such small base stations are called
“hot spots” (BS1 in the ﬁgure), and “hot spots” are represented by set H.
Deﬁnition 3.2. If small base station BSi can complete all workload locally, the small
base station is called “autonomous point” (BS2 , BS3 in the ﬁgure). The “autonomous
point” is represented by set I.
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Figure 1. Multi-user and multi-MEC server system model
Deﬁnition 3.3. If small base station BSj does not communicate with small base station
BSi during the entire resource allocation process. This type of small base station is called
an “unrelated point” with small base station BSi (as shown in the ﬁgure, BS3 is the
“unrelated point” of BS1 ). The “don’t care” of BSi is represented by set Ci .
Deﬁnition 3.4. If small base station BSj provides computing resources for small base
station BSi in the entire resource allocation project. The small base station BSj is called
the “assist point” of small base station BSi (BS2 is the “assist point” of BS1 in the
ﬁgure), and the “assist point” of BSi is represented by set Ai .
3.2. System modeling. In order to facilitate the research of this problem, IoT device
computing oﬄoading and resource allocation models in the MEC are constructed, including the task model and computing model.
3.2.1. Task model.
(1) Upload task
In order to facilitate the peer-to-peer oﬄoading decision, the continuous time is divided
into multiple equal time slots (for example, 5 minutes). In each unit time slot, in order to
be closer to the actual situation, it is assumed that user terminal m task uploads follow
Poisson distribution. And the average task upload rate of user terminal m in time slot t
t
(that is, the number of task uploads in a unit time slot, randomly selected within
is πm
the [0,∑πmax ] range). Therefore, in time slot t, the average arrival rate of tasks on BSi is
t
. In addition, because the user terminal may generate diﬀerent types of
ϕti = m∈Mi πm
service requests, in order to simplify model, only the amount of tasks required to complete
tasks and the number of CPU clock cycles required to complete tasks are considered. Thus,
a single task is deﬁned as an = (L, K), where L represents the data size of tasks (in bits)
and K represents the number of CPU clock cycles required to complete tasks. Since the
proposed algorithm only studies the resource allocation between BSs, it only considers
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the interaction of task data between user terminals and BSs, and does not consider energy
consumption and delay generated during the speciﬁc upload and reception processes.
(2) Peer-to-peer oﬄoad task
Due to the diﬀerent amount of tasks reaching each BS, the workload between BSs is
often uneven. In order to make full use of the resources in network, BS adopts a peer-topeer way to perform computing oﬄoading to improve the eﬃciency of entire system and
balance energy consumption [32]. In the process of performing peer-to-peer oﬄoading, it
is assumed that tasks can only be oﬄoaded once. That is, when tasks are oﬄoaded from
BSi to BSj , in order to avoid repeated oﬄoading aﬀecting transmission delay, it will only
be processed on BSj . Since BSi may oﬄoad multiple tasks to one or{more
} small base
t
stations, the oﬄoading scheme of BSi in time slot t is deﬁned as βi•
= βijt j∈N . Among
them, βijt represents the average oﬄoad tasks from BSi to BSj in time slot t (that is,
the amount of tasks that are oﬄoaded peer-to-peer per second), and βiit can represent the
amount of tasks that are still being executed in BSi . Therefore, the oﬄoading scheme
t
t
of each BS in the time slot t can be represented as β t = {βi•
}i∈N , where {βi•
}i∈N can
be used to represent all feasible{schemes
of BSi . In addition, tasks received by BSi from
}
t
t
other BSs are deﬁned as β•i
= βji
.
From this, the total amount of tasks that need
j∈N
∑
t
t ∼
t
to be processed on BSi is ωi (β ) = j∈N βji
. To sum up, the oﬄoading program needs
to meet the following conditions:
t
1) Non-negative: βji
≥ 0, ∀i, j ∈ N ; that is, the oﬄoading amount of BSi cannot be
less than zero.
∑N t
t
2) Conservation:
j=1 βij = ϕi , ∀i ∈ N ; that is, all tasks of BSi should be equal to
the amount of tasks reached.
3) Stability: ωit (β t ) ≤ fi /K, ∀i ∈ N ; that is, the amount of tasks that BSi needs to
process cannot exceed the speed of services it can provide.
3.2.2. Computing model. It can be seen from the task model that BS task computing
methods can be divided into two types. The ﬁrst is that tasks are calculated locally
in BSi . In this case, only the current state of BSi is considered, and there is no need
to consider the communication between BSs [33]. The second is to distribute tasks to
other suitable BSs for calculation. At this time, the time delay caused by the inter-BS
communication needs to be considered. The two cases are modeled separately below.
(1) Local computing
1) Computing energy consumption: It is assumed that the BSi energy consumption is
linearly related to workload, so the local energy consumption can be expressed as:
( )
Eilt = e · ωit β t , e > 0
(1)
where e is the energy consumption of k CPU cycles.
2) Computational delay: Due to the limited computing power of BSs, the workload
needs to be processed in order. Thus, in addition to considering CPU processing time,
server scheduling queuing delay should also be considered. At the same time, the task
generation time is independent of each other, and the number of task generations in disjoint interval is independent of each other. Therefore, in order to facilitate the calculation,
the average waiting delay required to complete the computing task is modeled based on
M/M/1 queuing system. Since the number of CPU cycles required to complete a task
varies depending on the type of tasks, and in order to better apply to M/M/1 queuing
system, it is assumed that the number of CPU cycles required by the task follows an exponential distribution. Since the processing speed is constant, the time to complete tasks
also follows an exponential distribution. Since the arrival rate of computing tasks follows
Poisson distribution, BS can model the calculation delay by M/M/1 queuing system.
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Therefore, the average calculation delay of a task completed on BSi is
( )
1
dti β t =
ui − ωit (β t )

(2)

where ωit (β t ) is the amount of tasks that need to be processed on BSi per unit time when
the system oﬄoading scheme is β t . ui is the expected task completion rate, that is, the
amount of tasks that can be completed per second.
(2) Oﬄoading computing
Due to the limited bandwidth of local area network, peer-to-peer oﬄoading between
BSs can also cause additional delays due to network congestion. At the same time, due to
the low energy consumption of wired transmission, the transmission and reception energy
consumption of BS is not considered, and only the transmission delay is considered. The
transmission delay is∑
only related to total traﬃc in∑
LAN. Therefore, ﬁrst deﬁne the total
traﬃc as: λt (β t ) = i∈N λti (β t ), where λti (β t ) = j∈N \{i} βji = ϕti − βiit represents the
amount of tasks oﬄoaded from BSi to other BSs. In order to facilitate calculation, it is
assumed that the data volume of the computing task is exponentially distributed. Due to
the constant bandwidth transmission speed, the transmission service time also follows an
exponential distribution. The average transmission delay can be obtained by modeling
the M/M/1 queuing system:
( )
1
1
τ
dT t β t = 1
, λt <
(3)
=
t
t
t
t
1 − τ λ (β )
τ
− λ (β )
τ
where τ is the service time of a task under non-congested conditions for network broadband. The reciprocal τ1 represents the system service rate.
In summary, in each time slot t, the delay generated by tasks on BSi performing
oﬄoad computing is the sum of delay transmitted by BSi to BSj and the delay that BSj
completes tasks:
( )
( ) ∑
( )
Dit β t = λti dT t β t +
βijt dtj β t
(4)
j∈N

The total energy consumption of BSi is
( )
Eil β t = Eilt

(5)

In order to be more practical, it is assumed that the energy consumption of BSs is
limited. However, in order to make the optimization of system more ﬂexible, long-term
online optimization of energy consumption of BSs was selected. That is, BS does not need
to strictly abide by energy consumption constraints in each time slot, but only needs to
make its average energy consumption meet energy consumption constraints in the longterm online optimization process [34]. The peer-to-peer oﬄoading scheme will aﬀect each
other between diﬀerent time slots due to energy consumption. If the current time slot
consumes too much energy, the energy available in the future will decrease. In addition
to this, BS summarizes and analyzes the lack of computing and storage resources in the
past. At the same time, there is no eﬀective model to predict future situations. Thus,
Lyapunov drift plus penalty theory is used to optimize the energy consumption constraint
problem. First, an energy consumption limit queue is deﬁned, in which the initialization
state is Q(t) = {qi (t)}i∈N and the initialization state is qi (1) = 0, ∀i ∈ N . On this basis,
the evolution process of energy consumption limit queue of each BS between time slots is
{
( )
}
qi (t + 1) = max qi (t) + Eit β t − Ēi , 0
(6)
where qi (t) is the deviation of current energy consumption and long-term energy consumption constraints; Ēi is the amount of long-term energy consumption constraints.
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At the same time, because energy consumption and delay are important factors that
aﬀect whether the task chooses local computing or oﬄoading computing, the energy consumption and delay are normalized, and BSi running overhead is
( )
( )
( )
Ci β t = Dit β t + qi (t)Eit β t
(7)
In order to facilitate analysis, the unit is uniﬁed, that is, the operating cost Ci (β t )
multiplied by the parameter is converted into operating cost, as shown below:
( )
[ ( )
( )]
Ψ′i = ζc Ψi β t = ζc Dit β t + qi (t)Eit β t
(8)
where ζc is the parameter corresponding to the conversion of delay and energy cost into
value cost.
3.3. Waiting time prediction of MEC server. When base stations receive task fragments from other base stations, if there are other task fragments being processed on base
stations, the base station puts task fragments just received into the task queue. After
the current task processing on base station ends, if a new task segment is assigned to
base stations, base stations will rearrange the task processing order, processing time and
processing frequency in the task queue [35].
As shown in Figure 2, assume that there are m task fragments in task queue of base
station BS1 , and these m task fragments have diﬀerent processing time requirements.
The task shards in task queue are sorted from front to back according to task processing
time. The task shard is denoted as γ̄1 , γ̄2 , . . . , γ̄m , and the corresponding data volume is
denoted as D̄1 , D̄2 , . . . , D̄m . Suppose that base station BS1 rearranges the task sharding
processing in base stations at time Tr , and the cut-oﬀ time points of these task slicing
processes are {T1 , T2 , . . . , Tm } respectively.

Figure 2. Task queue
}
{
Let F = f¯1 , f¯2 , . . . , f¯n denote the processing frequency adopted by base station BS1
when processing m task fragments. The processing frequency F of base stations processing
task fragment satisﬁes:
fmin ≤ f¯i ≤ fmax
(9)
Let δ = {t̄1 , t̄2 , . . . , t̄m } be the actual length of processing time for task slice {γ̄1 , γ̄2 , . . .,
γ̄m }. The processing time and processing frequency of the same task shard satisfy:
αD̄i
= f¯i
t̄i

(10)

1904

J. XU, Z. HU AND J. ZOU

where α is the number of CPU operation rounds required to calculate each byte of data.
Suppose task slice {γ̄1 , γ̄2 , . . . , γ̄m } starts to be processed at time point {B1 , B2 , . . . , Bm },
so the processing time of tasks should satisfy
Bi + t̄i < Ti

(i ∈ {1, 2, . . . , M })

(11)

The energy consumption of all tasks in the task queue of base station processing is
expressed as:
n
∑
2
Eq (F ) = kσ α
D̄i f¯i2
(12)
i=1
2

where σ is the background noise density.
4. Computing Oﬄoading Algorithm Based on Game Theory.
4.1. Energy consumption constraint optimization. Out of the elastic constraints on
BS’s long-term energy consumption, according to the Lyapunov drift penalty technique,
an energy deﬁcit queue is established for each BS. The energy consumption of BS is
coupled with time, so that BS can meet the energy consumption constraint in the longterm optimization process. The speciﬁc content is shown in Figure 3.
In the long-term optimization process, each BS uses clock synchronization to trigger this
part. The optimal oﬄoading scheme is solved in each time slot. According to oﬄoading

Figure 3. Process of energy consumption constraint optimization
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scheme, the energy consumed by each BS in current time slot for local computing can
be obtained. Substitute it into Equation (12) to update respective energy consumption
queues in order to control their own energy consumption in the next time slot [37]. In
addition, because the oﬄoading scheme of BSs will aﬀect the trust relationship between
BSs in the next time slot, the trust relationship between BSs will be updated after the
energy consumption deﬁcit queue is updated.
4.2. Construction of multi-user game model. Next, we build a multi-user game
model. Let β−n = (β1 , . . . , βn−1 , βn+1 , . . . , βN ) denote the oﬄoading decision of all users
except user n. If user n gets decision result β−n of everyone else, user n needs to make
an oﬄoading decision based on existing information. Or execute it on the local CPU
(βn = −1), then select a channel for task oﬄoading (βn ≥ 0). The basis for decisions is
as follows:
min
Zn (βn , β−n ), ∀n ∈ N
(13)
βn ∈An {−1,0,1,...,M }

where Zn (βn , β−n ) represents the load function of user n, which is deﬁned as follows:
{ m
Kn ,
βn = −1,
Zn (βn , β−n ) =
(14)
Kns (β), βn ≥ 0.
In this way, the oﬄoading decision game of multi-user computing tasks can be constructed. Γ = (N, {An }n∈N , {Zn }n∈N ), where N is the user set, An is the policy set, and
Zn is the minimum computing load for each user. Next, we introduce Nash equilibrium
in this game.
Deﬁnition 4.1. Decision set A∗ = (β1∗ , . . . , βn∗ ) is a Nash equilibrium in the oﬄoading
decision game of multi-user computing tasks. If in the case of decision result set A∗ , no
user can reduce his computing load by changing his decision results, which is
(
)
∗
∗
Zn βn∗ , β−n
≤ Zn (βn , β−n
), ∀βn ∈ An , n ∈ N
(15)
According to the existing research, it can be concluded that there is a Nash equilibrium in oﬄoading decision game of multi-user computing tasks. At the same time, Nash
equilibrium state can be reached by a limited number of iterations.
4.3. Task oﬄoading algorithm. Next, a two-stage task oﬄoading algorithm for solving
Nash equilibrium is given.
The design of this algorithm is equivalent to a centralized distributed task. First, the
base station in the system center has a time synchronization function. Therefore, the
operation of all mobile devices can be synchronized by the time of base stations [38,39].
In each time slot, all mobile devices try to update their decision results to reduce the
computational load. However, not all update requests can obtain the permission of central
base station, so that in each time slot, there will be three steps to update the decision
results.
Step 1: wireless interference measurement
In this stage, each mobile device will get the basic information of all channels from base
stations. The mobile device can use this information to calculate channel interference. All
mobile devices (that is an (t) ≥ 0) that choose to oﬄoad at this time will send a ﬂag signal
to base stations. The ﬂag signal may be channel ID selected by mobile devices. After
receiving all sign signals, base stations can calculate the received power of each channel
by the following formula:
∑
qi gi,s , m ∈ M
(16)
pm (a(t)) ∼
=
i∈N {n}:ai =an
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Figure 4. The process of task oﬄoading algorithm
The base station then sends this information to all mobile devices. In this way, each
mobile device n can calculate interference by the following formula:
{
pm (a(t)) − qn gn,s , an (t) = m,
µn (m, a−n (t)) =
(17)
pm (a(t)),
an (t) ̸= m.
In other words, for channel an (t) selected by mobile device n, the resulting interference
is equal to the total received power of channel minus the power of mobile device n. For
other channels, interference is the received power of that channel.
Step 2: waiting time prediction of MEC
At this stage, MEC server needs to predict average waiting time. When service requirements are met, waiting time Dn = 0. When service requirements are not met, it is
necessary to make predictions according to Formula (10) and send this data to the mobile
device along with wireless interference in step one.
Step 3: oﬄoading decision update
Each mobile device obtained the interference of each channel in phase one, and the
waiting delay at MEC server in phase two. At this stage, each mobile device uses the
above data to calculate optimal response set according to the following formula:
{
}
∆n (t) ∼
(18)
= ã : ã = arg min Zn (an , a−n ) and Zn (ã, a−n (t)) < Zn (an (t), a−n (t))
a∈An

If calculated ∆n (t) is not empty, it means that the mobile device has not reached Nash
equilibrium state, and computing load can be reduced by updating decisions. Then the
mobile device will select a decision result to send RTU signal to base stations. After
receiving all RTU signals, the base station randomly selects one or more mobile devices
that do not aﬀect each other to allow decision updates. Other mobile devices that have
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not received UA signal will not update their decision in the next time slot. At the same
time, for the users who need to wait, the second stage decision is made. Then after a
limited number of iterations, all mobile devices will reach Nash equilibrium state. In other
words, no mobile device can reduce its computing load by updating its own decisions. In
this way, the algorithm solves the oﬄoading decision problem of computing tasks in a
multi-user scenario.
5. Experimental Scheme Veriﬁcation and Analysis. In order to verify the edge
computing resource allocation algorithm based on game theory, this paper uses MATLAB
to simulate it, where the size of simulation area is 1000m∗1000m, users and small base
stations are randomly distributed in it. The relevant parameters used in the simulation
are shown in Table 1.
Table 1. Simulation parameters
Parameter
Value
Parameter
Value
number of base stations
10
number of users
20
maximum number of users
that base stations
3∼5
base station broadband
10∼15MHz
can access
noise power
−75dBm computing power of MEC 10∼15Gcycles/s
maximum number of users
that can be served
3∼5
computing power of users 1∼2Gcycles/s
by MEC
task input data volume 1∼2Mbits task generation speed
[0, 4]/s
energy consumption
task expected
8.2nJ
100ms
per CPU cycle
transmission delay
5.1. Iterative analysis. The number of iterations required for this system to reach Nash
equilibrium state is shown in Figure 5 under the condition of diﬀerent number of users.

Figure 5. The number of iterations needed for the system to reach Nash equilibrium
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It can be seen from the ﬁgure that as the number of users increases, the number
of iterations required for this system to reach Nash equilibrium also increases with a
linear trend. This shows that our proposed computing oﬄoading and resource allocation
algorithm for IoT device has very good performance.
At the same time, the relationship between task execution energy consumption and
algorithm iteration times of the proposed algorithm and the two baseline algorithms is
shown in Figure 6.

Figure 6. The relationship between task execution energy consumption
and iteration times of algorithm
It can be seen from the ﬁgure that as the number of iterations of this algorithm increases,
the energy consumption of task execution tends to converge in a smaller number of times.
Comparing the task execution energy consumption under diﬀerent channel noises, it can
be seen that the task execution energy consumption decreases as channel noise decreases.
The reason is that reduction in channel noise leads to an increase in user’s transmission
rate, which in turn leads to a delay in task execution and a reduction in task execution
energy consumption. Both the non-computing oﬄoading algorithm and random oﬄoading
algorithm are non-iterative algorithms, their task execution energy consumption does not
change with the number of iterations.
5.2. Parameter discussion. In order to analyze how parameter ζc for the conversion of
time delay and energy cost into value cost aﬀects the energy consumption of distributed
computing oﬄoading algorithm, energy cost is compared by changing the value of conversion parameter. The results are shown in Figure 7 comparing the situation of 10 users
to 50 users respectively, and assuming that the amount of computing task data for each
mobile device is the same. The external environment is consistent, and this paper only
changes the conversion parameter value.
It can be seen from the ﬁgure that as conversion parameter ζc increases, the energy
consumption of distributed task oﬄoading algorithm also increases accordingly. The larger conversion parameter ζc , the greater time delay and energy consumption. In actual
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Figure 7. The relationship between execution time of recommendation
algorithm and the size of datasets

Figure 8. The average value of system delay
applications, it is necessary to adjust ζc according to the user’s diﬀerent computing tolerances for delay and energy consumption. In the case of meeting user’s minimum delay
requirements, it reduces the system energy consumption as much as possible.
5.3. Average value of time delay. In the time period of 0-200s, the average value of
this system delay was compared and analyzed, and the results are shown in Figure 8.
[20] adopted a non-equivalent oﬄoading algorithm, and each BS handles all tasks ofﬂoaded by end users under its jurisdiction. The amount of task arrivals shows spatiotemporal variability, which makes some BSs need to process more tasks, so it will take longer
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to complete all tasks. Therefore, the average delay time of this system in each time period
is longer. [22] and [28] used the energy consumption limit algorithm per unit time, which
does not limit peer-to-peer oﬄoading between BSs. However, [22] had strict energy consumption control in each time period, which is extremely inﬂexible. [28] needed to oﬄoad
all remaining tasks to other BSs after calculating energy consumption to reach the limit.
This will cause a large congestion delay in the network, making oﬄoading computing delay
likely to be greater than local computing delay. Our proposed algorithm comprehensively
considers the eﬀects of energy consumption and time delay; thus the system delay time
of this algorithm is smaller compared to other algorithms. At the same time, it can be
seen from the ﬁgure that the oﬄoading scheme of each BS reaches Nash equilibrium by
non-cooperative game.
5.4. The relationship between task execution cost and the number of requested users. Comparing our proposed algorithm with [28], [22] and [20], the relationship
between task execution cost and the number of requested users is shown in Figure 9.

Figure 9. The relationship between task execution cost and the number
of requested users
As can be seen from the ﬁgure, as the number of users increases, the task execution
overhead increases. Compared with other algorithms, the task execution cost of our
proposed algorithm is the lowest, and the performance gap of each algorithm increases
as the number of users increases. The reason is that when the number of users increases,
resource competition at MEC server will cause the system performance to degrade.
5.5. Comparison of task execution energy consumption obtained by diﬀerent
algorithms in diﬀerent situations. In diﬀerent situations, the energy consumption
of task execution by diﬀerent algorithms is shown in Figure 10. Two extreme cases are
considered, the best case is that MEC and devices have suﬃcient computing resources
and the channel is not congested. The worst case is insuﬃcient computing resources and
a lot of communication data.
As can be seen from the ﬁgure, the task execution energy consumption of algorithms in
[20] under the best and worst cases is the highest among the four algorithms. The optimal
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Figure 10. Comparison of the energy consumption of each algorithm in
diﬀerent situations
energy consumption of random task oﬄoading algorithm in [22] is lower than that in [20],
which can reﬂect to a certain extent that task oﬄoading has the advantage of saving
devices energy consumption. However, due to its failure to determine a joint strategy
based on the channel gain between users and small cells and the load of MEC server, the
worst case task execution energy consumption is close to the oﬄoading algorithm in [20].
In addition, the task execution energy consumption obtained in [28] is lower than the
energy consumption obtained by our proposed algorithm in the best case. However, the
energy consumption diﬀerence of the proposed algorithm in the two cases is small, and
its fairness is good. This is because [28] optimizes task oﬄoading and resource allocation
strategies for system task execution energy consumption and goal, and fails to take account
of user fairness, which leads to higher energy consumption for user task execution in a
worse situation than our proposed algorithm.
6. Conclusion. With the continuous maturity of technologies such as 5G communications and new storage systems, the widespread popularity of terminal devices that carry
smart chips, the era of smart IoT has arrived. As an emerging technology, MEC reduces
the pressure on core network by shifting computing load from core cloud data center to
edge devices. This makes the network transmission cost lower and more eﬃcient, and application complexity is not limited by terminals. Thus, this paper proposes a computing
oﬄoading and resource allocation algorithm using game theory for IoT device in MEC to
solve the problem in oﬄoading strategy and network resource allocation optimization in
MEC system. Based on our proposed multi-user multi-MEC computing oﬄoading and resource allocation system, the problem is modeled and a prediction method for waiting time
of MEC server is designed to arrange the task processing sequence, time and processing
frequency according to task queue in base stations. It improves the calculation eﬃciency
of this algorithm and rationally uses the computing resources of devices and MEC. Furthermore, multi-user multi-MEC computing oﬄoading and resource allocation problem is
transformed into a multi-user game problem. When the system is in Nash equilibrium
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state, the optimal solution to this problem is obtained, that is, the optimal device computing oﬄoading and resource allocation scheme. Finally, simulation experiments based
on MATLAB platform show that our proposed algorithm can reliably converge compared
with other algorithms. Besides, the system energy consumption is small and time delay
is short, and it can maintain good system performance in more extreme situations.
In a multi-user scenario, only one MEC server is considered. When multiple MEC
servers are connected to a central cloud server at the same time, task oﬄoading strategies may change diﬀerently. In addition, considering users’ mobility, the task oﬄoading
strategy needs to involve communication switching and MEC server transfer. These are
issues that need in-depth study in the future.
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