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Abstract 

Raspiberry pi is an important edge device in edge computing, with some data storage 
and data analysis computing capabilities, providing user terminals with resources for 
edge computing, but compared to cloud storage and computing power, computing 
resources on are extremely limited. At the same time, due to the randomness of the 
amount of tasks received by the user upload, it is possible that some devices carry a large 
amount of tasks, while some devices carry fewer tasks, which can cause the problem of 
uneven load between charging piles. Therefore, we need to take advantage of the 
collaborative approach to the sharing of computing resources. In this context, this paper 
introduces a game theory-based edge computing resource allocation algorithm, which 
achieves the lowest "cost" of each LAN, and makes it meet the energy consumption 
constraints in the long-term optimization process, and finally achieves load balancing 
within the network. 
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1. Introduction 

With the rapid development of the world economy, the continuous improvement of scientific research 

capacity, energy problems and environmental problems have gradually become a stumbling block to 

development, automobile as a daily use of people's means of transport, its energy for fossil energy 

oil, cars in bringing convenience to people at the same time consume a large amount of fossil energy, 

but the non-renewable characteristics of fossil energy is doomed to rely on oil-fueled vehicles can not 

be used for long, and fossil energy after combustion of a large amount of carbon dioxide damage to 

the environment is irreversible. The development of electric vehicles can effectively alleviate the 

crisis brought about by fossil energy consumption, but at the same time, a large number of charging 

pile access and electric vehicle matching has become an urgent problem to be solved[1]. 

With the rapid development of Internet of Things technology, sensor technology and artificial 

intelligence technology, the era of the Internet of Everything (Internet of Things, IoE) has arrived, 

ranging from an industrial park to a set of charging pile systems that generate hundreds of millions 

of dollars of data all the time, and if all the data is transferred to the cloud at the same time, the cloud 

server is under too much pressure, and the redundant data thrown away will take up more resources. 

This puts higher demands on the storage and computing power of the device, on the other hand, the 

user's demand for the product experience is higher and higher, low latency, high service type becomes 

a higher pursuit. However, edge computing proximity, low latency, and high availability can 

effectively address these issues. 

Because edge device coverage is generally small and storage and computing power is smaller than 

cloud hubs, there is still uneven storage and computing power in the network. Therefore, this paper 

builds an edge coordination system for a certain range of charging piles to achieve performance 
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optimization, energy consumption optimization, the research includes: for performance optimization, 

energy consumption optimization introduced game theory-based edge computing resource allocation 

algorithm, in the framework of edge computing to solve the charging column for a certain area of the 

charging column in the process of stand-alone tasks and collaborative tasks, edge end A to determine 

whether they have extra resources to carry out collaborative tasks, and then according to the price of 

whether to give a solution, If A has excess resources and the price is right, B will carry out B's 

collaborative task, B as a follower can only wait for the A decision maker to make a choice before 

choosing, in line with the Starkberg game master from the game model. In the scenario of charging 

pile edge calculation, a new model is applied to reduce the cost of each charging pile node 

1.1 Network scenario analysis 

This paper makes the assumption that N RPIs with computing power are deployed within a certain 

range of network scenarios, The frequency of the CPU is used to represent the real-time computing 

power of the cpu, assuming that the maximum unloading task received in the time slot t is 𝜔𝑖
𝑚𝑎𝑥  , At 

the same time, the total number of tasks that end users uninstall to at the time slot is classified 

according to the situation of time t. In there, 𝛼𝑖 > 0 ≜ 𝜔𝑖
𝑚𝑎𝑥  − 𝜆𝑖𝑝𝑗𝑝 = (𝑝1, 𝑝2, … 𝑝𝑚)𝑑 =

(𝑑1, 𝑑2, … 𝑑𝑛)𝑑 
∗, If 𝛼𝑖 < 0, which means that there are idle computing resources, can help other co-

computing with requirements, i.e. resource supply points, take its collection 𝑅𝑃𝐼𝑠= {𝑅𝑃𝐼s1, 𝑅𝑃𝐼s2,…, 

𝑅𝑃𝐼sm }. If 𝛼𝑖 > 0, indicates that additional assistance is required to complete the calculation, that 

is, the resource demand point, take its collection of 𝑅𝑃𝐼𝑅 ={𝑅𝑃𝐼𝑅1 , 𝑅𝑃𝐼𝑅2 ,…,𝑅𝑃𝐼𝑅𝑛 }. Because 

demand points need to make their own decisions based on supply point decisions, resource demand 

points are followers and supply points are leaders[2]. 

 

 

Figure 1. Task flow chart 
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Where the bid is 𝑝𝑗, take the strategic vector 𝑝 = (𝑝1, 𝑝2, … 𝑝𝑚) of its point of supply. Then assume 

𝑑𝑖𝑗 represents the amount of tasks that the current request is co-processed, defined as 𝑑𝑖 = (𝑑𝑖𝑗 , 𝑑−𝑖𝑗 ) 

the total number of co-computing tasks requested from the request, which 𝑑−𝑖𝑗 represents the amount 

of tasks requested for co-computing from a supply point other than. 𝑑 = (𝑑1, 𝑑2, … 𝑑𝑛)  that 

represents all requests in the network that are co-calculated. 

1.2 System modeling 

As shown in Figure 1. First, the load model is established, all the tasks received are analyzed, then 

the calculation model is established, the local calculation of the specific task is determined according 

to the delay and energy consumption, or the co-calculation, and finally the way the task is completed 

is selected by establishing the marginal cost model, and then this paper introduces the above model 

in detail[3]. 

2. Task modeling 

2.1 The resource demand point model 

The task calculation of a resource demand point is divided into two types of tasks, one on-premises 

and one on other edge devices that provide resources. In the first case, you only need to consider the 

current situation, regardless of the other. In the second case, communication and computational delays 

need to be considered[4]. Two different task processing patterns are modeled below 

2.1.1 Local calculation 

Calculating delay: 

Based on the queuing system's average waiting experiment modeling of tasks completed locally, it is 

assumed that the number of CPU cycles required for the task is subject to an exponential distribution. 

The arrival rate of a calculated task is subject to the Poisson distribution, so the average calculation 

delay for a task completed on is: 

𝑡𝑖
𝐵,𝑙 =

1

𝑓𝑖
𝐵−𝜔𝑖

𝐵                                (1) 

in there, 𝜔𝑖
𝐵 represents the size of the workload being processed, 𝜔𝑖

𝐵 = 𝜆𝑖
𝑏 − ∑ 𝑑𝑖𝑗

𝑚
𝑗=1 . 

Energy consumption: 

The computational energy consumption for each task is proportional to the square of CPU speed, 

expressed as: 

𝑒𝑖
𝐵,𝑙 = 𝜅(𝑓𝑖

𝐵)2                               (2) 

In there, 𝜅 represents a constant, depending on the CPU schema. 

Calculated overhead: 

𝐶𝑖
𝐵,𝑙 = 𝛽𝑖

𝐵(𝑒𝑖
𝐵,𝑙 + 𝑣𝑡𝑖

𝐵,𝑙)                            (3) 

In there, 𝛽𝑖
𝐵 is overload task volume, 𝛽𝑖

𝐵 = (𝛼𝑖
𝐵 − ∑ 𝑑𝑖𝑗

𝑚
𝑗=1 ), v is the normalization factor of delay 

cost and energy consumption cost. 

2.1.2 Co-computing 

The cost of the collaborative computing process is divided into two parts, one is the transmission 

delay and transmission energy consumption from the data to , in this scenario because all the data has 

been shared to the network through Zigbee, so there is no transmission delay and transmission energy 

consumption[5]. 

The second is the calculation delay on , which is still modeled according to the queuing system for 

the completion of the collaborative task, and the average calculation delay formula for the 

collaborative task is as follows: 

𝑡𝑖𝑗
𝑆,𝑙 =

1

𝑓𝑗
𝑠−𝜔𝑗

𝑠                                (4) 
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In there, 𝜔𝑗
𝑠 is the sum of the total task quantity on, 𝜔𝑗

𝑠 = 𝜆𝑗
𝑠 + ∑ 𝑑𝑖𝑗

𝑛
𝑖=1  and ∑ 𝑑𝑖𝑗

𝑛
𝑖=1  is bnm the 

amount of collaborative tasks. 

Therefore, the co-computing overhead is: 

𝐶𝑖
𝐵,𝑡𝑟 = ∑ [𝑣𝑡𝑖𝑗

𝑠,𝑙𝜔𝑗
𝑠]𝑛

𝑖=1                             (5) 

2.1.3 Utility functions 

Assuming a demand point exists, its utility function is defined as 𝐹𝑖
𝐵(𝑝, 𝑑𝑖 , 𝑑−𝑖), which can be 

expressed as 

𝐹𝑖
𝐵(𝑝, 𝑑𝑖 , 𝑑−𝑖) = (𝐶𝑖

𝐵,𝑡𝑟 + 𝐶𝑖
𝐵,𝑙 + 𝑆𝑖

𝐵)                      (6) 

Each demand point adjusts its own strategy based on the current price strategy p, and ultimately 

achieves the optimal utility function, , where and indicate that the other participants in the game have 

each chosen the optimal price strategy and the co-calculation strategy. 

2.2 The resource supply point model 

The supply point utility function is the revenue function of the resource supply point, 𝐺𝑗(𝑝𝑗, 𝑞) 

𝐺𝑗(𝑝𝑗 , 𝑞) = 𝑄𝑗𝑝𝑗                               (7) 

In there, 𝑄𝑗 = ∑ 𝑑𝑖𝑗
𝑛
𝑖=1 . 

"Assuming that the optimal price strategy is 𝑝𝑗
∗, the maximum benefit is 𝑚𝑎𝑥{𝐺𝑗(𝑝𝑗 , 𝑝−𝑗

∗ , 𝑑)}, where 

and means that the other participants in the game have chosen price strategies and co-calculation 

strategies that make themselves work best." 

2.3 Nash equilibrium in a non-cooperative game 

The task co-computing policy for any demand point, di, {di}is a bounded closed set in euclidean 

space. In addition, the user's utility function Fi is continuous in its policy space. The utility function 

of any demand point is derived from first-order bias 

𝑓𝑖(𝑑ij) =
∂𝐹𝑖

𝐵(𝑝,𝑑𝑖,𝑑−𝑖)

∂𝑑𝑖𝑗
= [

𝑓𝑗
𝑠−2𝜔𝑗

𝑠

(𝑓𝑗
𝑠−𝜔𝑗

𝑠)2 − (𝑒𝑖
𝑅,𝑙 + 𝑣𝑡𝑖

𝑅,𝑙) − 𝛽𝑖
𝑅𝑣𝑡𝑖

𝑅,𝑙 + 𝑝𝑗]         (8) 

For (8) the second-order bias derivative is obtained: 

∂𝐹𝑖
2(𝑝,𝑑𝑖 ,𝑑−𝑖)

∂𝑑𝑖𝑗
2 = 𝑣 (−

2𝜔𝑗
𝑠

(𝑓𝑗
𝑠−𝜔𝑗

𝑠)
3 −

1

(𝑓𝑖
𝑅−𝜔𝑖

𝑅)
2 −

1

(𝑓𝑖
𝑅−𝜔𝑖

𝑅)
4 −

2𝛽𝑖
𝑅

(𝑓𝑖
𝑅−𝜔𝑖

𝑅)
3) < 0        (9) 

In there, 𝛽𝑖
𝑅>0, 𝑓𝑗

𝑠>0, v>0, The function is a convex function, and Nash equilibrium exists. 

2.4 Stark game problem solving 

This paper uses a circular iteration method to solve the Nash equilibrium of the Stackelberg game. 

Assuming that the price strategy of the supply point is p(t) at t, the demand point adjusts the co-

calculation strategy based on the current price to achieve Nash equilibrium. Then there is 

ddij

𝑑𝜏
= 𝑑𝑖𝑗

∼

=
∂𝐹𝑖(𝑝.𝑑𝑖 ,𝑑−𝑖)

∂𝑑𝑖𝑗
                          (10) 

τ is a time variable. The characteristics of the utility function concave function ensure that the iterative 

algorithm can converge to the Nash equilibrium point of the game, so there are: 

𝑑𝑖𝑗(𝜏 + 1) = 𝑑𝑖𝑗(𝜏) + 𝜉𝑖𝑑𝑖𝑗

∼

                        (11) 

𝜉𝑖 > 0 indicates that the uninstall task adjusts the step. 

The price iteration equation for any resource supply point is: 

𝑝𝑗(𝑡 + 1) = 𝑝𝑗(𝑡) + 𝜓𝑗 (
∂𝐺𝑗(𝑝(𝑡),𝑑(𝑡)

∂𝑝𝑗(𝑡)
)                    (12) 

𝜓𝑗 indicates the price strategy adjustment step of the point of supply. 
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(
∂𝐺𝑗(𝑝(𝑡),𝑑(𝑡)

∂𝑝𝑗(𝑡)
) ≈ [𝐺𝑗(⋯ , 𝑝𝑗(𝑡) + 𝜀, ⋯ ) − 𝐺𝑗(⋯ , 𝑝𝑗(𝑡) − 𝜀, ⋯ )](2𝜀)−1       (13) 

So the supply points are price iterations within multiple ts according to formula (12) and formula (13), 

and the time series of the algorithm is shown in Figure 3, 

 

 

Figure 2. Time Series Diagram 

 

 

Figure 3. Algorithm flowchart 
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3. Experimental simulation and analysis 

This article selects the Matlab 2014a simulation platform for experimentation to assist with Origin 

9.0 and Office 2010 drawings. 

3.1 Parameter setting 

This section sets the parameters of the simulation system, as shown in Table 1. Ten isomorphic 

charging piles were deployed in the simulation environment, each receiving an end-user unloading 

task arrival rate (in units/s) of i ∈ (0,300). 

 

Table 1. Parameter setting diagram 

Argument name value 

Initial price strategy 0.1 

Resource supply point policy step 1 

Resource demand point policy step 1 

The coefficient of normalization of energy consumption overhead to latency overhead 1 

𝑅𝑃𝐼𝑠 CPU frequency/GHz 1 

 

3.2 Results analysis 

First, as Fig. 4shows, as the number of iterations increases, the utility function of the demand point 

decreases and then increases, then stabilizes in the process of convergence, and finally, after the Nash 

equilibrium point, the revenue is basically stable; Because in the process of going to Nash equilibrium, 

each node is changing its strategy to maximize its own benefits, but after Nash equilibrium, neither 

party can change its decision to make the utility function value better. 

 

0 10 20 30 40 50 60

0

2

4

6

8

10

U
ti
lit

y
 f

u
n
c
ti
o

n
s

The number of iterations

 Utility functions

 Uninstall computational overhead

 Incentive overhead

 The cost of local calculations

 

Figure 4. Chart of expenses 



 

 

282 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 7, 2021 

DOI: 10.6919/ICJE.202107_7(7).0042 

0.1 0.2 0.3 0.4 0.5

1

2

3

4

5

6

7

8

9

R
e
s
o
u
rc

e
 s

u
p
p
ly

 p
o
in

t 
g
a
in

s

A

 

Figure 5. Utility function curve 

 

As can be seen from Figure 5, in the process of increasing the price from 0.1, the utility function of 

the resource supply point increases first and then decreases, reaching the maximum value around 0.38. 

Because in the process of price competition, the price will affect the overall utility function, the price 

is too high, the demand point will choose other lower price supply point to complete the collaborative 

calculation. 

4. Conclusions 

This paper studies collaborative computing in edge environments, taking into account both demand 

point and supply point utility function optimization. The interaction between the two is analyzed 

through the Stackelberg game a method of edge co-computing is proposed. And through the 

simulation experiment Proving that the method of loop iterations allows it to achieve Nash 

equilibrium, can make each one The utility function of the node is maximized, and the resources of 

the network are also provided utilization rate. The next step in this article is to work on complex tasks 

Analysis, in addition to calculating the resource provision point utility also need to run overhead 

consider 
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