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Abstract. In order to promote the digital development of the smart
grid, power data needs to be analyzed and processed in real time, but
because the number of power grid terminal devices is vast, the massive
amount of data generated will incur additional network latency and com-
munication costs if processed directly by cloud servers, and there is also
a risk of data leakage. Therefore, power data is considered to be placed
on edge servers for processing to overcome many problems in the current
cloud computing paradigm for power systems, such as the inability to
fully realize the requirements of high bandwidth and low latency. This
paper thus proposes a multitask assignment strategy (MPA) for smart
grid terminals based on edge computing. The method first classifies grid
end tasks into different classes based on the size of data, security level,
and computational workload; it then selects a suitable edge server for
the smart grid terminal tasks using the particle swarm algorithm. The
simulation results show the effectiveness of the method in this paper.
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1 Introduction

The Internet of Things (IoT) [1] and artificial intelligence [2] are two cutting-
edge information technologies that combine to create the smart grid, a modern
grid system that plays an essential role in the energy infrastructure. To collect
and upload various power data in real-time, massive terminal devices need to
be deployed for the smart grid. The development of technologies such as cloud
computing [3] and artificial intelligence has created favorable conditions for the
intelligence of grid terminal devices. Efficient analysis and process of the tasks
generated by these terminals are one of the challenges facing the smart grid.
Cloud computing, a technology that provides on-demand computing resources,
can be a solution. However, for end devices, cloud servers are usually in a rela-
tively centralized location. Transferring tasks to cloud servers consumes a lot of
bandwidth and other resources, resulting in high communication costs. In addi-
tion, in extreme cases, it will lead to serious delay and congestion, and even cause
data loss and slow processing efficiency, which will not only bring losses to the
power grid company, but also reduce system QoS [4]. In order to solve the above
problems, the concept of edge computing [5] has been introduced in smart grids.

Edge computing is an open platform that integrates core functions such as
networking, computing, storage, and applications at the network edge near the
source or data source. It can also provide nearby edge intelligence services to
meet critical needs of industry digitization such as agile connectivity, real-time
business, data optimization, application intelligence, security, and privacy pro-
tection. Edge computing differs from cloud computing in that edge computing
allows users to offload the deployment of computing tasks to servers at the
edge of the network, localizing the service, significantly reducing the amount of
remote data transmission, lowering network transmission latency, decreasing the
cost of equipment consumed during the transmission of computing tasks, and
abating placement costs. This paper selects appropriate edge servers for grid end
tasks through an edge computing-based multi-task assignment strategy (MPA)
in order to process tasks from grid end devices efficiently and with almost no
delay, which not only saves the transmission time of massive data to and from
the cloud but also improves data transportation efficiency and ensures real-time
data processing while reducing the possibility of network congestion.

The remaining chapters of this paper are organized as follows. In Sect. 2,
related work on smart grids, edge computing, and particle swarm algorithms are
introduced. In Sect. 3, the system model is introduced. In Sect. 4, the effectiveness
of the proposed strategy is verified by simulation experiments. In Sect.5, the
paper is summarized and the future research directions are discussed.

2 Related Work

The problem of task allocation is widely discussed in edge computing, which
enables resource-constrained edge servers to provide satisfactory services to end
devices by solving the problem of how computational tasks generated by end
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applications are distributed among edge servers [6]. It also reduces computational
latency and bandwidth consumption, balances the load [7], and improves network
QoS. In addition, how to introduce the edge computing paradigm into the smart
power grid domain has also become a focus of research. A distributed computing
architecture for smart grid IoT devices based on edge computing is proposed
in the reference [8]. The architecture introduces an edge node coordinator to
achieve collaborative work among smart grid edge nodes. Reference [9] proposes
the security and confidentiality of communication information when users access
cloud resources, combined with application security to ensure legitimate user
permission to operate.

Edge computing is a technology developed in the context of high-bandwidth
and time-sensitive IoT integration, where the energy consumption and latency
of edge computing migration are essential metrics to measure migration deci-
sions. Reference [10] considered the singularity of optimized resource strategies
in mobile edge computing and proposed a multiple resource computing migration
energy consumption model based on particle swarm task scheduling algorithm to
ensure sufficient reduction of edge device energy consumption under delay con-
straints. Reference [11] proposed an efficient asynchronous federated learning
mechanism for edge network computing, which compresses the redundant com-
munication between nodes and parameter servers during the training process
according to an adaptive threshold. Reference [12] for a multi-user serial task
offloading problem with latency and energy consumption as the optimization
objectives, following the first-come, first-served principle, to make a near-optimal
offloading decision for users. Reference [13] constructs an objective function for
joint optimization of the average offload delay and resource allocation balance
in the context of 3GPP long-term evolution technology application to effectively
reduce the average offload delay of multiple users while balancing the work-
load of each mobile edge computing server. Reference [14] proposed a strategy
integrating abundant computing resources of Mobile Cloud Computing (MCC)
and the low transmission delay of MEC to formulate computing offloading deci-
sions, and it provided an Iterative Heuristic MEC Resource Allocation (IHRA)
scheme. The scheme extends the single-user offloading problem to multi-user
offloading while integrating resource constraints and interference among multi-
ple users to achieve collaborative execution of tasks at the edge and in the cloud
and reduce task execution latency. Reference [15] presents a one-to-many task
assignment problem and designs a task assignment optimization algorithm based
on the Lagrange multiplier method. Reference [16] propose a novel stochas-tic
approach that jointly optimizes the usage of transmission resources (e.g., band-
width), and transcoding resources (e.g., CPU) in CLS systems that leverage the
cooperation of Cloud, Edge, and Crowd technologies.

The swarm intelligence algorithm, which simulates the collaborative group
search in nature, is widely used with its robust global search and optimization
capability, less computational cost, and faster convergence speed. The particle
swarm optimization algorithm is the first choice for solving some practical engi-
neering problems because of its fast convergence and low setting parameters. The
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formula for calculating the inertia coefficient of the particle swarm algorithm was
improved in reference [17] and reference [18] by dynamically changing the inertia
coefficient according to the fitness value of the particles. The second category
combines particle swarm algorithms with other evolutionary algorithms. Refer-
ence [19] combined particle swarm algorithm with genetic algorithm to solve
the decision problem of offloading the middle layer of deep networks. The third
one uses particle swarm algorithms to solve subproblems in the task unloading
problem. As in reference [20], to solve the computational offloading problem in
ultra-dense heterogeneous networks, a coarse-grained search using a genetic algo-
rithm is followed by a fine-grained search using particle a swarm algorithm to
derive the optimal computational offloading decision. Reference [21] proposed a
combined particle swarm and genetic algorithm for the migration decision prob-
lem of large deep neural networks and proposed a layer merging upload algorithm
to solve the upload problem. Reference [22], on the other hand, decomposes the
probabilistic task unloading problem into multiple unconstrained subproblems
and uses a particle swarm algorithm to solve each subproblem to obtain an
optimal solution to the probabilistic task unloading problem.

This paper focuses on overcoming the current problems of large data volume
and complicated task processing in power systems and selecting suitable edge
servers for different levels of smart grid terminal tasks for processing. A new edge
computing-based multitasking strategy for smart grid terminals is proposed in
this paper, which optimizes the distance of data transmission to the edge server,
the cost, matching constraints, and load rate.

3 System Model

The system model scenario in this paper is an application scenario with multiple
terminal devices and multiple edge servers, as shown in Fig. 1, where the terminal
device is a smart meter belonging to the edge device level node [23], which can
meet the real-time terminal requirements.

Suppose there are N end devices with M edge servers, and each edge server is
connected through a wireless communication link. In this paper, we assume that
each end-device can offload its computation of the execution task, and the task
can only be offloaded to one MEC server for computation when offloading, and
each end-device is within the range of the wireless connection. However, every
MEC server has limited computing power and cannot accept offload requests
from every endpoint at the same time, assuming that the maximum number of
load tasks per edge server is h. The set of end devices is U = {uy, us,us ... u,},
The set of edge servers is S = {51, 82,83 ... 8m}.

3.1 Task Model

Smart grid terminal devices generate different types of tasks randomly. In order
to solve the problem of task assignment in smart grid [24], this paper classifies
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Fig. 1. System model

smart grid terminal task types into four different types according to computa-
tional workload, security level and data size, which are general tasks, predictive
tasks, statisticaltasks, and top-secret tasks, and selects suitable edge servers
according to different levels of smart grid terminal tasks.

Consider a set of tasks T = {t1,t2,...,tn}, where n is the total number
of input tasks in the edge computing system. FEach task is denoted by t; =
{D;, Wi, 6i,Si}, where D; denotes the computational workload of task t¢;, W;
denotes the security level of the data generated by task t¢;, §; denotes the data
size of task t;, and S; denotes the task level.

Table 1. provides a detailed breakdown of the types of tasks randomly generated by
the smart grid terminals

Task Type Calculating workload | Security Level | Data Size | Task Level
General tasks 1 1 1 1
Predictive tasks |3 2 2 2
Statistical tasks |2 2 3 3
Top-Secret Tasks | 4 3 2 4

General tasks refer to the collection of power data, which is less computa-
tionally intensive and generally does not have security issues; however, the direct
delivery of power data to the cloud center will lead to congestion in the commu-
nication channel, and standard edge servers can be selected for distribution to
reduce costs. Predictive tasks are slightly more computationally intensive and
have a higher security level than regular tasks. Generally, predictive tasks are
based onhistorical electricity consumption data to predict future electricity con-
sumption at a specific time. A statistical task is usually to count a large amount
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of electricity data and find the electricity consumption pattern, which can be
used for abnormal data detection, such as electricity theft analysis. The statisti-
cal task is not heightened in computational power but very large in data volume,
so selecting an edge server that can receive a large amount of data is necessary.
Top-secret tasks generally involve power data critical military institutions and
state-owned enterprises.

After determining the level of tasks generated by the smart grid terminals,
the security level of the edge servers also needs to be considered. If the task
level is smaller than the edge server’s encryption level, the data security is at
risk, and if the task level is higher than the encryption level of the edge server,
it will cause additional resource waste because that a higher encryption level
means more computational power, storage capacity, and bandwidth capacity is
required to encrypt and decrypt the original data. Based on this, a more suitable
edge server needs to be matched to suit the level of the task. The security level
corresponding to task t of edge server number m is selected and noted as safe,;,
the target constraint for the overall security level is expressed as follows.

M h
Max (Ogafe ) = Z Z safejn (1)

j=1n=1

s.t. 0 < safej, (2)

3.2 Load Model

The edge server needs to consider four aspects in its operating state:
processor utilization, disk read/write rate, memory utilization, and band-
width occupancy. The server state is evaluated by combining these four
factors, representing the busy level of the server CPU, the through-
put of data operations, the system operating state, and the amount of
received data, respectively. The set of edge servers is known to be S =
{$1,82,85...5m}, and the overall performance of its servers is denoted as

CSm = (CS’” com, CSm C’ki:;d), where CSm O  CSm C]f;’;d denote

cpu’ 1/()? mem’ cpu’ 1/07 mem?
the maximum processor utilization, disk read/write rate, memory utilization,
and bandwidth occupancy that edge server m can carry, respectively. The load

state of the edge server m is Load = (Loaudsm Load?®™, Load™ Loadg;”ﬁd>,

cpu’ 1/0 I mem’

where LoadCSI;’,‘J,Loadf/’g ,Loadi{gm,Loandg;rl q denote the current processor utiliza-

tion, disk read/write rate, memory utilization, and bandwidth usage of server m,

respectively. Fc%ﬁ, Fi;”, F3m . Fti’gd denote the percentages of the four metrics

of processor utilization, disk read /write rate, memory utilization, and bandwidth
occupancy of server m, respectively. Then:

Loadff)”’{1 = FC%(; C’ij’& (3)
Loadjy = Fjr Cn ()
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Sm _ Sm (5m
Loadnl/'gm - FIIleIIl CIIlenl (5)
Sw  _ 2Sm
Loady 7y = Fiiha Coana (6)

The total load can be expressed as:

57; +0mem Load? ™ +apana Loadgghd (7)

Loadann = ctepu Load>™ +aj/, Load

cpu

Qcpu + ai/o + Qmem + Qband = 1 (8)

Among them, acpy ,04 /os0mem and apang denote the weights occupied by
each index of processor utilization, disk read/write rate, memory utilization,
and bandwidth occupancy, respectively, and higher values indicate that the pro-
portion of corresponding resources is more significant and more dependent.

The edge server can maintain stable service support when the total load is
low enough during the overall task migration. When the load on a single edge
server exceeds 1, tasks may not be completed as scheduled, negatively impacting
user perception. By denoting Load;,_; the load generated when the smart grid
terminal distributes task n to the jth edge server for processing, then the target
constraint for the total load can be expressed as:

M h
Min (Opoad ) = »_ > _ Load;n_; (9)

i=1n=1

h
s.t. 0 < Z Load,,, ; < Loaday (10)

n=1

3.3 Communication Distance Model

Smart grid end devices allocate their computing tasks to edge servers with more
abundant computing resources to reduce task execution latency and save cost
and energy. Smart grid end devices are connected to the edge server via a wireless
channel, and the transmission rates are as follows:

Gu,sPu,s
Ru,s = W10g2 (1 =+ 0'2> (11)
st.0.< Py, < PO (12)

G, s denotes the channel gain between a grid terminal device u and an edge
server s [25] in dB;W denotes the bandwidth of the link; o denotes Gaussian
white noise; P, , is the transmission power between a grid terminal device u and
an edge server s, and defines the maximum transmission power of device m as
Pe*. The communication transmission distance is as follows:

DZ‘Su‘S = Ru,stu,s (13)
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ty,s is the transmission time between the grid terminal device u and a certain
edge server s.

M h
Min (Ogs) = Z Z Disjn_dis (14)
j=1n=1
s.t. 0 < Disjn_dis < Dismaz (15)

3.4 Cost Model

Grid terminal tasks incur costs when computed on the edge server side, and
grid companies prefer to choose edge service nodes with lower costs per unit as
offload targets to reduce costs. Assume that each edge server has a different price
and that each edge server has a standby cost (As long as there is a successful
migration of services and standard calculation will incur standby costs, this
cost will only be calculated once). Set the standby cost as Cost_Standby, The
collection of service prices is as follows:

Costs = {costs1, costga, costss . .., costs} (16)

Record the active status of the edge server as ac:

acy, =1
1
{acm =0 (17)
Among them, ac,, = 1 means that edge server m is active;ac,, = 0 means that
edge server m is inactive. The set of its state is Activate = {acy, acq,acs ..., ack},

the task security level is Tsafe ,,, which is denoted as the security level of the
nth task of the jth base station, and the set of security levels for edge servers is
as follows:

Bsafe = { Bsafe 1, Bsafe 5, Bsafe 3..., Bsafe ,,,} (18)

vjn is the task cost multiplier, and the individual task cost is calculated as
follows:

1, Tsafe ; < Bsafe
Yin = { 1= (19)

Bsafe ; — Tsafe n + 1, Tsafe ; > Bsafe ,

TaskCost(j,n) = cost; * (Load -+ Loads ™ 4 Loadsm, + Loadbg;ld) * Yjn

cpu mem
(20)
The formula for calculating the total service cost is as follows:
M
Cost = Z Z TaskCost(j,n) + Zac] % Cost_Standby (21)

j=1n=1 j=1
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The target constraint for the total service cost is expressed as follows:

Min (Ocost ) Z Z Ccost; * Z Z Load;,_; + Z ac; * Cost_Standby (22)

j=1n=1 j=1n=1

s.t. 0 < costs; (23)

3.5 Multi-objective Constraint Conversion

In the computing situation mentioned in this paper, multiple task offload
requests are issued by grid end devices simultaneously. Due to the limited
resources of the edge server, there is no guarantee that the task will be assigned
to the most appropriate edge server under any circumstance. In this case, it is
necessary to consider the optimal overall benefit and enable the grid end devices
to utilize the edge end resources equitably and maximally [26]. Based on this,
the four influencing factors of consumption cost, communication distance, edge
server load factor, and security level are combined and defined as the combined
cost to evaluate whether the task allocation can maximize the use of the edge
server resources. A joint optimization model is established, and the normalized
transformation function of the cost is obtained using the min-max normalization
process [27] as follows:

N cost; j — coStmin
cost; j =

(24)
COStmax — COStmin

COStimax and costy,i, are the maximum and minimum values of the consump-
tion cost, respectively, and cost; ; is the normalized consumption cost. The com-
munication distance is normalized to obtain the following:

Eﬁj _ C?isi,j - di'smin (25)
diSmax — diSmin
where dis pax and dis pin are the maximum and minimum values of the com-
munication distance, respectively, and dis; ; is the normalized communication
distance value. In order to minimize the cost, transmission distance, and load
factor, it is only needed to minimize the cost affiliation function value, transmis-
sion distance function value, and load factor function value, where the security
level of the task corresponding to the base station should be as high as possible,

and the specific transformation process is expressed as follows:
Min(O) = p1 MinOgost +pe MinOg;s +ps MinOjoaq 104 Max Ogafe (26)

where: Min(O) is the minimum expected objective, p1 is the cost weight, us is
the distance weight, ps is the load weight, p4 is the matching restriction weight,
and the following equation is satisfied:

,ZM =1 (27)

For different needs, it can be satisfied by changing the values of w1, uo, us
and fug4.
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4 Particle Swarm Algorithm

The particle swarm optimization (PSO) algorithm is a swarm intelligence algo-
rithm proposed by Dr. Eberhart and Dr. Kennedy by studying the predatory
behavior of birds [28]. Bird flock search for food is based on information sharing
and collaborative cooperation among individual members of the flock. The PSO
algorithm is relatively simple to implement and does not require many parame-
ters to be tuned. It has been widely used for solving optimization problems and
training neural networks [29)].

The PSO algorithm designs a flock of massless particles to simulate the
behavior of a flock of birds, and each particle has two essential properties, namely,
position X and velocity V, where the position of the particle represents a fea-
sible solution to the problem to be solved in the search space, and the velocity
of the particle represents the rate and orientation of the particle to be flown.
Each particle adjusts its position according to the individual extremum pbest
and the global extremum gbest, thus approaching the optimal position in the
search space, where pbest is the best position found so far for the particle itself
and gbest is the best position found so far for the particle population. In addi-
tion, each particle calculates the corresponding fitness value based on its current
position and uses this value to evaluate the individual extremum pbest and the
global extremum gbest. Iterative operation on particle swarm (the primary pur-
pose is to calculate the velocity and position of the particle, update the two
poles), finally, all particles will converge to the optimal position, thus finding
the optimal solution of the problem to be solved.

The PSO algorithm is inspired by the flock of birds foraging in nature. When
a bird is foraging for food, in addition to following its target flight, it has to refer
to the flight path of other birds in the flock, especially the one close to the food.

In particle swarm algorithms, each particle is a candidate solution, and each
particle has N dimensions, which depend on the particular research problem. In
our research problem, N is the task to be assigned, and assigning N tasks to M
data centers minimizes the processing time, transmission time, processing cost,
and transmission cost. Each particle is iteratively updated until the desired result
is obtained or the iterative set-point is reached. The process of implementing
PSO is shown in Algorithm 1.

1. Initialize a population array of particles with random positions and velocities
on D dimensions in the search space.

2. loop.

3. For each particle, evaluate the desired optimization fitness function in D vari-
ables.

4. Compare the particle’s fitness evaluation with its pbesti.

5. Identify the particle in the neighborhood with the best success, and assign
its index to the variable g.
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6. Change the velocity and position of the particle according to the following
equation:

o =t e (0! ") +

2R (gb(t) - xgt)> (28)
x§t+1) :xl(_t) n U§t+1)
7. If a criterion is met (usually a sufficiently good fitness or a maximum number
of iterations), exit loop.
8. end loop

where v} and xl@ denote the velocity and position of the particle,pbgt) denotes
the individual historical optimum of the ith particle, gb(t) denotes the global
optimum of the whole population, r and R are random values within [0,1], respec-
tively, and w, c1, and co are the weight values.

5 Experiments

5.1 Parameter Setting

To verify the effectiveness of the MPA algorithm, the authors of this paper
compare five algorithms and simulate the randomly generated tasks of electricity
meters as data sets for simulation experiments. The four aspects, namely cost,
communication distance, edge server load factor, and matching constraint, are
analyzed respectively.

Most of the code is implemented in Python 3.8, and the experiments were
conducted on a server with a 3.8 GHZ AMD CPU and 32 G of RAM.

5.2 Comparison of Algorithms and Metrics

Table 2 shows the algorithms considering combined factors and multiple algo-
rithms considering single factors.

The proposed algorithms are tested and compared using the following four
evaluation metrics.

1. Cost: represents consumption; the lower the indicator, the lower the cost.

2. Communication Distance: represents the communication distance metric, and
the lower the metric, the closer the edge server selected for the task.

3. Load Rate: represents the edge server load factor; the lower the metric, the
more stable the edge server is.

4. Matching Constraints: represents the matching constraints metric of tasks
and edge servers; the lower the metric, the more edge servers the task can
choose.
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Table 2. Task classification

Algorithm | Specific description

MPA The algorithm proposed in this paper considers a
combination of factors cost, communication distance, load
factor, and matching restriction parameters to select a
suitable edge server to handle the grid terminal device tasks.

MLA A greedy algorithm that prioritizes edge server load factor to
select edge servers

MDA A greedy algorithm that prioritizes communication distance
to select edge servers.

MCA A greedy algorithm that prioritizes consumption costs to
select edge servers.

MRA Randomly select edge servers for tasks.

MTA Consider both communication distance and consumption cost

(Reference [15]).

5.3 Analysis
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Fig. 2. Cost

Comparative Cost Analysis: A particular cost is consumed in assigning grid
terminal tasks to the appropriate servers. Figure 2 indicates that algorithm MLA
consumes the highest cost, while algorithm MCA consumes the lowest cost and
accounts fTor only 58.28% of the cost generated by the MLA algorithm. Because
that the MLA algorithm gives preference to edge servers with a lower load,
which incur relatively higher costs, while the MCA algorithm focuses on selecting
the edge servers with the lowest selection cost. Algorithm MTA considers both
distance and cost, so the consumed cost is between the range of cost consumed
by algorithm MCA and MDA. In contrast, MDA, MPA, and MRA, all three
algorithms consume relatively high costs because they consider only one factor.
The cost of the MPA algorithm proposed in this paper accounts for 90.39% of
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the cost of the MLA algorithm. This is because the MPA algorithm takes into
account the cost and also integrates other factors, and finally selects an edge
server with moderate cost.

C ication Distance
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Fig. 3. Communication Distance

Comparative Analysis of Communication Distance: As shown in Fig. 3,
the MLA algorithm prioritizes the edge server load, in assigning the grid terminal
tasks to the appropriate servers. The distance of the selected edge server is not
the first factor to be considered by the algorithm, resulting in a long distance.
In contrast the MDA algorithm prioritizes the distance of the edge server and
selects the closest edge server for the terminal tasks, with a distance of only
38.82% of the distance selected by the MLA algorithm. The MTA algorithm
considers the cost as well as the distance, and the distance accounts for 53.23%
of the distance selected by the MLA algorithm. The MPA algorithm proposed
in this paper, after considering comprehensive factors, selects an edge server
distance for the end task that is farther than the distance selected by the MDA
algorithm but closer than the MCA, MLA, MTA and MRA algorithms which is
a moderate distance.

Comparative Load Rate Analysis: The lower the edge server load ratio,
the more stable the edge server runs, so when assigning edge servers to grid
terminal tasks, the load ratio must be considered so that some nodes do not
stop responding because of excessive load or remain idle and cause a waste of
resources. Figure4 reveals that the edge server selected by the MCA algorithm
is overloaded, which is because the MCA algorithm only considers the cost, and
the lower the cost, the higher the load rate; the MLA algorithm gives priority to
the server with lower load, which only accounts for 33.36% of the load rate of the
edge server selected by the MCA algorithm. After considering the comprehensive
factors, the load rate of the edge server selected by the MPA algorithm proposed
in this paper only accounts for 38.02% of the load rate of the edge servers selected
by the MCA algorithm, which is in a moderate range.
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Load Rate
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Fig. 5. Matching Constraints

Comparative Analysis of Matching Constraints: The tasks generated by
the smart grid terminal have a certain security level. When assigning tasks to
appropriate edge servers, the security level of tasks cannot be higher than the
security level of edge servers, and tasks with a low-security level can be offloaded
to high-security level servers. In contrast, tasks with high security levels cannot
be offloaded to low-security level servers. Otherwise, the data will have security
risks. The lower the matching constraint parameter, the more edge servers the
task can be assigned to. As shown in Fig.5, the matching constraints of the
proposed MPA algorithm in this paper is the lowest among all experimental

algorithms, indicating that the grid end tasks can choose to offload more edge
servers.

6 Conclusion and Outlook

With the development of the IoT industry, the data from grid terminals has
increased dramatically. When transferring data to cloud servers for computing,
there are problems such as increased transmission costs, network delays, and
data loss or distortion, and edge computing technology can effectively solve these
problems. Selecting the appropriate edge server for grid terminal tasks becomes



210 H. Zhao et al.

a challenge. The authors propose an edge-computing-based smart grid terminal
multitasking assignment strategy (MPA) to solve this problem. Compared with
traditional task assignment methods, the MPA algorithm divides smart grid ter-
minal tasks into different classes. It selects appropriate edge servers for tasks
by considering a combination of factors such as cost, communication distance,
server load, and matching constraints so that the total energy consumed by all
terminal devices and edge servers is minimum. In order to verify the performance
of the algorithm MPA, the authors conducted simulation experiments, and the
experimental results show that the MPA algorithm proposed in this paper can
effectively select the appropriate edge server for different levels of grid termi-
nal tasks, reduce the network transmission delay, and reduce the various costs
consumed in the process of task transmission.

Nevertheless, the MAP algorithm proposed in this paper still has some lim-
itations. In the task allocation scenario considered in this paper, although the
edge server acts as the main resource provider for task computing, the computing
resources are still limited, and for tasks with more data volume and computa-
tion and lower latency, the MPA algorithm in this paper can be considered to
be integrated with cloud computing architecture in the future.
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