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Abstract. Aiming at the problem of server resource allocation in Mobile Edge Computing (MEC) 
task migration, considering the limitation and heterogeneity of server resources, a resource 
allocation model aiming at minimizing the system server energy consumption is constructed. And 
proposed a Dynamic Weighted Grey Wolf Optimization (DWGWO) algorithm to solve the optimal 
resource allocation scheme. The initialization, convergence factor and update strategy of Gray Wolf 
Optimization (GWO) algorithm are improved to improve the convergence performance of the 
algorithm and avoid the algorithm falling into local optimum. Simulation results show that DWGWO 
algorithm can find the optimal solution of resource allocation scheme quickly, reduce the energy 
consumption of server operation, and is superior to Random strategy, Genetic algorithm and GWO 
in convergence and stability.
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In tro d u c tio n

M obile Edge Computing (MEC) is a new type o f  wireless network architecture that deploys edge 
servers close to users to provide task m igration services [1]. Due to the limited resources o f  edge servers, 
a reasonable resource allocation scheme is the key to improving task  migration effectiveness and 
effectively reducing task execution delay and energy consumption [2-3].

Aiming at the resource allocation problem, Yu et al. proposed an optimization problem aiming at 
m inimizing the execution delay o f  all mobile devices and the weighted sum o f  UAV  energy consumption, 
and solved the problem based on an effective algorithm o f  continuous convex approximation [4]. In 
order to minimize energy consumption, You et al. transform ed the server resource allocation problem 
into an optimal scheduling sequence problem, and conducted jo in t optimization o f  data partitioning and 
time division [5]. Mao et al. modeled the resource allocation problem under multiple users as a stochastic 
optimization problem and proposed an online algorithm to solve the problem [6 ]. In order to maximize 
the total revenue o f  the system, Kim et al. m odeled the resource allocation problem as a single-leader - 
m ulti-user Stackelberg game model to achieve a balance between mobile users and server utility [7]. 
However, the above researches focus on optimizing the execution delay and energy consumption o f  task 
migration, and do not consider the heterogeneity o f  edge servers, such as the computing, storage and 
communication capabilities o f  M EC.

To solve the above problems, this paper first considers the heterogeneity o f  server resources, and 
constructs a server task migration resource allocation model. Then, the Dynamic W eighted Grey W olf 
Optimization (DW GW O ) algorithm is proposed to solve the optimal server resource allocation scheme, 
utilize the effective resources o f  the server effectively, and minimize the server energy consumption. 
DWGWO  algorithm makes the following improvements to Grey W olf Optimization (GWO) algorithm: 
Use Tent chaotic mapping initialization instead o f  random initialization to ensure the diversity o f  initial 
resource allocation schemes. And cosine change is used to replace the convergence factor o f linear 
change. In the iterative updating process, the dynamic w eight method is used to improve the linear 
convergence factor o f  GWO  algorithm to change with the cosine o f  the num ber o f  iterations, so as to fit 
the trend o f  resource allocation scheme first global search and then fast convergence. In order to avoid
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GWO  algorithm falling into local optimal solution, dynamic update weights are set to increase the 
randomness o f  update.

S erver resource allocation m odel

Each edge server provides services to each mobile device, and each mobile device has one and only 
one task. Edge servers are heterogeneous with different computing resources.

The base station collects the M E C  system information (including the task information on the device 
side and the server resource information on the server side). In the case o f  limited server resources, 
considering the delay constraints o f  the task, the resource allocation scheme is optimized, and the server 
resources are reasonably allocated to users to complete the task.

Let /  — j / n \n — 1,2, ■ • •, A/} denotes the set o f  tasks in the M E C  network. And I n =  {Bn, Dn, Z n}. 

where I n denotes the task o f  the mobile device n , B n denotes the size o f  task, D n denotes the amount 

o f  computation required to complete the task, and Z n denotes the delay limit o f  the task. Let 

E  = \Em\m = \,2,---,M } denotes represent the set o f  edge servers, where server m  is represented by 

Em = {Bm, Sm, Vm, Rm, Cm } , Bm is the maximum communication bandwidth, Sm is the maximum storage 

space, Vm is the num ber o f  virtual machine included (representing the computing capacity o f  the server), 

Rm is the computing speed o f the virtual machine, and Cm is the power consumption per unit o f  the 

virtual machine. The paper optimizes the resource allocation scheme to minimize the energy
M  N

consumption o f  edge servers. The problem can be expressed as Ctotal = ^ ^ x nmCmt snmv indicates
m=1 n=1

whether task I n selects a server E m . x nm = 1 indicates that task I  is executed on server E m , x nm = 0 

indicates that no server E m is selected. The task completion delay includes task upload delay t snm t , task

B L  t s =  B i
’ nm, p t-j

r  Rn nm

channel upload rate, and R„m indicates the computing speed o f  the server m  selected by mobile device.
According to the above objective functions and constraints, this paper designs a resource allocation 

scheme based on dynamic weighted Gray W olf Optimization (DWGWO). The Grey W olf optimization 
algorithm (GWO) is applied to the design o f  resource allocation scheme, so that the optimal solution o f 
resource allocation scheme can be found quickly and the energy consumption o f  server can be reduced.

Design of resource allocation schem e based  on D ynam ic W eight G rey  W olf O ptim ization

Grey W olf Optimization (GWO) algorithm compares the solution space o f  the problem to the 
hunting space o f  wolves based on the hunting behavior o f  wolves [8 ]. Each w o lf as a search individual 
to represent the search for target food, and the optimal solution required for optimization is the prey to 
be sought by wolves. It has the advantages o f  simple structure, few parameters to be adjusted, easy 
implementation, and good performance in terms o f  problem solving accuracy and convergence speed 
[9]. The GWO  algorithm divides resource allocation schemes into four levels: a , b , c and d , where 
a  is the leader, which denotes the optimal allocation scheme for the current iteration. b  denotes the 
second best choice, c denotes the third best choice. The rest are defined as d  , and they are guided and 
updated by a  , b , c in the iterative process. As shown in equation

X i =  Xa -  A  • Da

X 2 = X b - A  •D b , (1)

X 3  =  Xc -  A3  • Dc

calculation delay t snm . Specific as follows t snm t = —n , t snmp , where rn indicates the wireless
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where X a, X b, X c respectively denote the current position o f  a , b , c . And D a , D b , D c as show in 
equation

' D  = |C ,X a -  X |

■Db = |C 2  X b -  X | , (2)

D  = C X c  -  X |

where D a , D b , D c respectively denote the distance between d  and a  , b and c . In which, X  denotes 

the position d  . A  and C  is the vector o f  cooperation coefficient, calculated by the following equation

1fcT
<NII (3)

„ 2 te = 2 ------, (4)
T

(NIIu

(5)

where e  is the convergence factor, decreasing linearly from 2 to 0 as the num ber o f iterations. T  is 
the maximum num ber o f  iterations. r  and r2  are random numbers between 0  to 1 .

A lgorithm  Im provem en t

The quality o f  the initial population can affect the convergence speed o f  the algorithm and the 
quality o f  the solution. In GWO  algorithm, the initial population is generated randomly, and population 
diversity cannot be guaranteed. In the optimization process o f  resource allocation scheme, the algorithm 
should conduct sufficient global search in the early stage and accelerate the convergence in the later 
stage, but the linear change o f  GWO  algorithm convergence factor cannot fit this trend. M oreover, GWO  
algorithm is easy to fall into local optimal solution during the updating process.

Based on the above analysis, on the basis o f  GWO, Tent chaotic mapping is used to initialize the 
population to ensure the diversity o f  the initial population. The convergence factor value changes 
dynamically with the cosine o f  the num ber o f  iterations to better fit the trend o f  fast convergence after 
global exploration. By setting dynamic update weights, can increase the randomness o f  update and avoid 
the situation o f  unfair resource allocation.

Tent mapping is used to initialize the population to improve the ergodicity and diversity o f  the 
population. The chaotic sequence generation formula for Tent mapping is as follows

J  2y , 0 <  y , < 0,5
y '" [2(1 - y ,) 0,5 < y , < 1 . ( )

In this section, formula ( 6 ) is improved by setting cosine factor cosine change, expressed as

e = 2 •cos
^3 ,1 4  t

2 T
(7)

In order to enhance the flexibility and adaptability o f  the algorithm, the key elem ent o f  randomness 
is introduced into the updating process

X  + ( F  I F  ) X ,  +  (F  I F  ) X  
X ( t  + 1) =  1 V al b) 2  ( a' c) 3  , ( 8 )

where a denotes the fitness value o f  a  , denotes the fitness value o f  b  , and c denotes the 

fitness value o f c  .
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Simulation experiment

In order to verify the performance o f  DW GW O  algorithm, it is compared with Random strategy, 
Genetic algorithm and GWO  algorithm. All experimental results are the average o f  30 times running o f 
the algorithm.

Figure 1 shows the convergence trend o f  the four algorithms with the num ber o f iterations when 
the num ber o f servers is 6 , the num ber o f  tasks is 30, and the size o f  tasks is 30. As is shown in the 
picture. In the 300 iterations o f  the Random strategy, the result does not show any regularities, and the 
total energy consum ption o f  the server obtained by the obtained resource allocation strategy is basically 
higher than that o f the strategy sought by the algorithm. The DW GW O  algorithm converges rapidly in 
the first 50 iterations, and becomes basically stable when the iteration reaches 200. Compared with 
Genetic algorithm and GWO, the convergence is faster in the first 100 iterations, and it also tends to  be 
stable in the 200 iterations. And in terms o f  convergence accuracy, DW GW O  can obtain lower total 
server energy consumption.
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Figure 1. Convergence trend of the four algorithms with the number of iterations

Genetic algorithm, GWO  algorithm and DW GW O  algorithm are all population-based heuristic 
algorithms, and the num ber o f  o f  the three algorithms under different population numbers was tested. 
Figure 2 shows the population has a direct im pact on the performance o f  the algorithm. Therefore, the 
comparison o f  energy consum ption parison o f  convergence results o f the three algorithms under 
different populations when the num ber o f  tasks is set to 30, the num ber o f  servers is set to 6 , the size o f 
tasks is set to 30, and the iteration period is set to 300.
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Figure 2. Convergence results of the three algorithms under different population numbers

As can be seen from the figure, when the population size is 30, 50 and 100, the DW GW O  algorithm 
can obtain lower server energy consumption. W hen the population size is 30, the energy consumption 
obtained by DWGWO  algorithm is reduced by 0,1031 compared with Genetic algorithm and 0,07
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compared with GWO. W hen the population size is 50, the energy consumption obtained by DW GW O  is 
reduced by 0,1287 compared with Genetic algorithm and 0,075 compared with GWO. W hen the 
population is 100, the energy consumption o f  DW GW O  algorithm is 0,1435 less than that o f  Genetic 
algorithm and 0,0927 less than that o f  GWO.

Under the condition that the num ber o f  servers is 6 , the num ber o f  tasks is 30, and the size o f  tasks 
is 30. The three algorithms were simulated for 30 times, and the optimal solution, the w orst solution, the 
average solution and the variance o f  the obtained total server energy consumption are compared. As can 
be seen from Table 1, the convergence accuracy o f  Genetic algorithm is the worst, but the variance is 
small. That is, the algorithm has good stability. The convergence accuracy and stability o f  ray w olf 
optimization algorithm are general. DW GW O  algorithm is superior to GWO  in convergence accuracy 
and stability. Stability is slightly worse than genetic algorithm. It can be seen that when DWGWO  
algorithm solves the problem o f  m ulti-user resource allocation, its convergence speed and convergence 
accuracy are higher than the other three algorithms, and it also has good algorithm stability.

Table 1. Stability comparison of  the three algorithms

Methods Genetic algorithm GWO DWGWO
Worst solution 140,5796 134,3470 123,3593

Optimal solution 122,6979 115,6979 106,3851
Mean value 133,8140 126,0505 116,5948

Variance 17,26039 23,75953 18,53467

C onclusion

Aiming at the problem o f  resource allocation in mobile edge computing, this paper proposes a 
resource allocation scheme based on DWGWO. Tent chaotic mapping is used to initialize the population 
to ensure the diversity o f  initial resource allocation schemes. Secondly, the adjustment value changes 
dynamically with the cosine o f  the num ber o f  iterations to better fit the trend o f resource allocation first 
global exploration and then rapid convergence. Finally, the randomness o f  the update is increased by 
assigning different weights to the fitness values. The simulation results show that the resource allocation 
scheme based on DW GW O  can quickly find the optimal allocation solution and reduce the energy 
consumption o f  the server.
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