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Abstract. Recently, cyber-physical-social systems (CPSS), an advanced
information system, have been introduced to promote the development of
the smart society. It makes the control of machines in all walks of life more
intelligent in an efficient, convenient, and stable way. Besides, with the
maturity of edge computing, the task requests emitted byusers inCPSSare
tent to be transmitted edge servers for immediate processing.Nevertheless,
some problems, i.e., high latency and low utilization, exist in current net-
work placement. It leads to the problem that users in the CPSS are unable
to enjoy instant and efficient processing. Given these problems, this paper
designs an edge server placement method (ESPM) to alleviate this situ-
ation. To be specific, a system model designed according to this scenario
is presented firstly. Then, the multi-objective evolutionary algorithm, i.e.,
improving the strength pareto evolutionary algorithm (SPEA2), is applied
in this paper to optimize the access delay and load balance variance with
the propose of enhancing the service experience of users. Furthermore, the
normalization methods, i.e., the technique for order preference by simi-
larity to an ideal solution (TOPSIS) and multi-criteria decision-making
(MCDM) are selected to produce the standard data and optimal strategy.
Finally, the experimental results show the effectiveness of ESPM.

Keywords: CPSS · Server placement · Evolutionary algorithm · Edge
computing

1 Introduction

Business innovation and industrial intelligence pave the way for intelligent soci-
ety, smart machines and networking in the future. Also, the persistent improve-
ment of big data, cloud computing, Internet of things (IoT) and so on in
recent years has promoted the further integration of traditional physical sys-
tems and advanced information technologies as well as the maturity of cyber-
physical-social systems (CPSS) [1]. CPSS cover embedded environment percep-
tion, dynamic analysis of personnel organization behavior, network communica-
tion and network control, which makes the physical system have the functions of
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calculation, communication, precise control and remote cooperation [2]. CPSS
will be applied in many fields, such as intelligent enterprise, intelligent trans-
portation, intelligent home, intelligent medical treatment and so on [3]. CPSS
enable the physical system to have efficient computing, instant communication
and other functions. This makes machine system more evolved and human orga-
nizations operate machines more stably and immediately through cyberspace.
Besides, CPSS also lead to the rapid development of IoT technology and the
more widespread utilization in a variety of intelligent scenarios [4].

However, it is precise because handheld devices, IoT devices and various intel-
ligent scenarios are becoming more and more intelligent, more users have higher
standards and stricter requirements for these application scenarios [5]. Besides,
when the physical system combines network information and social information,
the mass data transmission also puts forward higher requirements for network
communication (i.e., bandwidth and speed) [6]. This also reflects people’s inabil-
ity to enjoy high-quality and low latency network services. Therefore, how to deal
with these massive data in CPSS timely and effectively is an urgent problem to
be solved [7]. There is no doubt that it is meaningless to consider the quality
of service outside the network performance which signifies the basis of the qual-
ity of service [8]. The introduction of 5G network to accelerate the evolution of
intelligent application scenarios can not only improve the data transmission rate
and reduce the delay but also make the intelligent scenarios more advanced [9].

To provide timely and efficient feedback for users in CPSS, it is undoubtedly
necessary to make full use of edge computing, so that users are able to experience
high-quality service applications in real-time [10]. Technically, edge computing
has rich computing resources. It could effectively reduce the task offloading delay
by placing the execution task on the computing node close to the terminal device.
It enables users to be geographically close to the servers that are processing
resources, thus reducing the delay of offloading tasks and obtaining a higher
quality of service [11]. Specifically, in CPSS, base stations are processed to evolve
into edge computing nodes for serving users covered by them. In addition to the
advantages of edge computing in offloading tasks, the proximity of distance also
reduces the possibility of the harm to users caused by traditional information
interception, thus increasing the security of users’ privacy.

In general, placing edge server is an infrastructure requirement for edge com-
puting. Unfortunately, most of today’s researches on edge computing are only for
theory, and there are few studies on practical applications such as edge server
placement. In this paper, we focus on the edge server placement in a mobile
edge computing environment that provides wireless internet coverage for mobile
users.

In the edge server (ES) placement strategy, each ES node has limited comput-
ing resources. Most of them cannot handle the massive tasks at the same time
[12]. This will lead to produce some services delay in the calculation process,
affect service execution and reduce service efficiency. It is unacceptable for users
in the 5G scenarios. Therefore, we need to significantly reduce the overall delay.
Besides, we need to consider how to improve the resource utilization as much as
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possible owing to the limited computing resources of each node. In addition, we
need to trade-off all nodes to ensure the stability of each node for performance
maximization.

Given these facts, achieving a reasonable ES placement strategy by reducing
transmission latency and ensuring load balance to improve overall performance
is a huge challenge. In this paper, an edge server placement method, namely
ESPM, is designed for the placement of edge devices in 5G network.

Specifically, the pivotal motivations and contributions of this paper are shown
below:

– Few studies research on the edge server placement method while pursuing
the minimum access delay and load balance variance in CPSS scenario. So a
unique task offload method in CPSS based on edge computing is designed in
this paper.

– The evolutionary algorithm and normalization method are collectively
deployed in this paper to obtain the feasible offloading strategies and select
the optimal strategy.

2 Related Work

The characteristics of edge computing, such as large storage capacity and strong
computing power, are particularly prominent in CPSS. In the previous literature,
CPSS and its outstanding advantages have been studied in depth.

CPSS have the advantages of high immediacy, efficiency, reliability and so
on. It is widely used in various aspects. Wang et al. fully described how CPSS
is transformed into CPSS, and also introduced the definition, classification and
application of CPSS, the contribution and significance of CPSS [13]. Han et al.
proposed to introduce dynamic and diverse human behaviors into the vehicle
network to make it become a CPSS system and evolve it into a parallel vehi-
cle network to achieve efficient traffic state and low data communication delay
between vehicles [2]. Wang et al. proposed a new unified method of CPSS frame-
work based on cloud parallel driving with the purpose of realizing collaborative
online automatic driving and carried out parallel testing, learning and reinforce-
ment learning for the framework [14].

Given the massive data in the CPSS scene, it is difficult for traditional meth-
ods to deal with these data effectively and timely. Therefore, we apply edge
computing to CPSS to solve the above problems. Edge computing introduces
the advantages of cloud computing to the network edge cloud in various scenes
close to CPSS to provide efficient services [15].

Wang et al. studied the edge server layout in the mobile edge computing envi-
ronment of smart cities, which is described as a multi-objective (i.e., minimizing
the access delay and achieving the load balance) constrained optimization prob-
lem [16]. Li et al. studied the energy-aware edge server layout problem, tried to
find a more efficient and low-energy layout scheme, and designed an energy-aware
edge server layout algorithm based on particle swarm optimization to find the
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optimal solution [17]. Zeng et al. studied how to efficient and economic deploy-
ment in the wireless metropolitan area network edge server problem, and put
forward a kind of based on greedy algorithm as well as a simulated annealing
based global optimization method to solve the problem [18].

It is undeniable that there are indeed many achievements and developments
in edge computing. However, as far as we know that there is little research have
investigated the ES placement strategies. Most studies of this respect have focus
on the traffic prediction, load balancing and minimum latency under the con-
ditions of determining certain placement strategy. Compared with the previous
works, this paper first presents a task offloading framework based on CPSS.
Then server placement method based on CPSS, whose purpose is offering better
experience for users in the condition of minimum time consumption and load
balance variance, has been designed accordingly. At last, the proof experiments
are given in the paper to prove the effectiveness of our method.

3 System Model

Fig. 1. An edge server placement framework based on CPSS with edge.

The framework in Fig. 1 is composed of user layer, base station layer and the
service layer. Three typical scenes are presented in user layer, include smart
factory, city and traffic. These scenes tend to generate lots of data which require
low latency and high reliability. Such high requirements are difficult to realize
in traditional 4G environments. For example, automatic driving in IoV scenario
requires time response to reach millisecond level. Thus, the gradual maturation
of 5G technology provides a good opportunity for these requirements. All task
requests are defined as different tasks which are denoted as T = {t1, t2, ..., tNum}.

Base station layer is divided into micro base station layer and macro base
station layer. The former usually receive the data of users and send them to
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macro base station in real time. The collection of macro base stations is denoted
as BS = {bs1, bs2, ..., bsN}, and micro base stations collection is defined as
BSi = {bsi1, bs

i
2, ..., bs

i
O}. In 5G scene, the tasks produced from users will trans-

mit to the nearest micro base station, then to macro base station. At last, the
tasks will be coped with edge server. Besides, we define that an edge server ei
covers K macro base stations in any location. All the stations are denoted as a
collection Bm

cb = {be
m

1 , be
m

2 , ..., be
m

K }.
The ES collection is denoted as E = {e1, e2, ..., eM}. This paper is studying

the placement strategies of ES, so a unique collection PS = {ps1, ps2, ..., psU}
is defined to store different placement methods. In edge servers, the computing
resources are measured by virtual machines (VMs) which are denoted as V =
{V 1

m, V 2
m, ..., V D

m }. The collection means that the m-th edge server has D VMs.

3.1 Delay Model

This paper assumes that the access delay includes three segments in all. ABn
m is

defined to judge whether the n-th (n = 1, 2, ..., N) base station bsn is combined
with the m-th (i = 1, 2, ...,M) edge server esm. N and M represent the largest
number of base stations placed and edge servers placed respectively.

ABn
m =

{
1, if bsn combines with esm,
0, otherwise. (1)

The first segment is transmission delay for transmitting task from the base
station to the target edge server, which is defined by

TTn(X) = (1 − ABn
m) · tsn

tr
· apn, (2)

where tsn represents the size of tn coming from bsn in the coverage of esm.
Besides, apn signifies the amount of the passing base stations in the process of
task propagation, and tr on behalf of the propagation rate between base stations.

The second segment is processing time for executing tsn coming from bsn,
which is calculated by

TPn(X) =
tsn

NVn · λ
, (3)

where NVn represents the amount of resource units demanded by the task of
tsn, and λ represents the executing power of the unit in VM.

The third segment is the feedback time of processed result coming from esm,
which is calculated by

TFn(X) =
ts′

n

tr
, (4)

where ts′
n represents the task size of the results unloaded from bsn.

The total access delay for answering tn is calculated by

ODn(X) = TTn(X) + TPn(X) + TFn(X). (5)
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The average access delay for overall ES placement strategy is calculated by

AAD =
1

Num
·
Num∑
n=1

ODn(X). (6)

3.2 Load Balance Model

In the load balance model, we define the data forwarded by the base station as the
tasks that the edge server needs to process [19]. In this section, we assume that
each edge server covers the same number of base stations. The task collection in
one certain edge server is defined by

T i
e =

K∑
k=1

tk, (7)

where tk represent the task number of k-th station covered by i-th server.
The capacity of ES and the computing resource requirement of data are

measured by the VMs number. In this scene, the number of VMs required for a
certain server is calculated by

V Mi =
T i
e

R
, (8)

where R represents a coefficient calculated jointly by N and M .
The usage of the computing resources in the m-th edge server em is measured

by

Um
cal =

7∑
r=1

V Mr

C
, (9)

where C on behalf of the capacity of each edge server.
The average usage of the computing resources in ES is calculated by

Uave =

M∑
i=1

U i
cal

M
. (10)

The average load balance variance for the whole ES is calculated by

Ubal =

M∑
i=1

(
U i
cal − Uave

)2

M
. (11)

3.3 Problems Formulation

The aim in this paper is to achieve the minimum delay and to realize the load
balance when placing ES around base stations. The multi-objective optimization
problem is given as {

min Dave,
min Ubal.

(12)
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A few constrains are formalized as follows for acquiring better results by

s.t. M ≤ N, (13)

N∑
i=1

tbsi ≤ C × M. (14)

The constraint (13) means that the number of the ES is less than the number
of edge servers. The constraint (14) represents that each active base station has
its own server which responsible for handling forwarded tasks, and the sum of
the processing power of all servers is greater than the tasks need to be processed.

4 The Design of ESPM

In this section, the elaborative process of designing ESPM is fully presented.
Firstly, the process of selecting placement strategies with SPEA2 is designed.
Then, the process of identifying placement strategy by TOPSIS and MCDM is
presented. Finally, the overview of how to design ESPM is summarized in the
last.

4.1 Generating Optimal Placement Strategy

There exists a fact that evolutionary algorithms are widely applied in multi-
objective problem. And different algorithms are suitable for different multi-
objective scenes. SPEA2 adopts a reasonable fitness allocation strategy and
integrates the nearest neighbor density estimation technology, which makes the
search process more accurate. In view of this, SPEA2 is used to solve the
above problems. This process consists of four stages, i.e., encoding the relevant
objective function, transforming the objective function into fitness function and
adding constraints, using selection, crossover, mutation and other operators to
mutate the algorithm, and finally, generating all the solutions.

Encoding. The objective functions, i.e., to minimize the access delay and load
balance variance, to be optimized needs to be mapped into a mathematical
problem. Coding is to transform the objective functions into different forms.
The purpose of coding is that genetic algorithm can operate the functions easily.
There are many ways of coding, different ways determine the efficiency of genetic
evolution. In this method, binary coding method is proposed, which is easy to
code and decode, and its crossover, mutation and other genetic operations are
easy to realize.
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Fitness Functions and Constraints. The fitness function is also called the
evaluation function, which is a criterion for distinguishing the good or bad of
individuals in a group according to the objective function. The specific process
includes three processes, i.e., obtain the individual’s phenotype according to the
processing of the coding part, calculate the objective function value of the indi-
vidual through the individual’s phenotype, obtain the individual’s fitness from
the objective function value according to the principle of minimization. Besides,
the constraint functions are set to constrain the algorithm to a reasonable range.
Specific constraints have been shown in (13) and (14).

Selection Operator. Selection operation is utilized to determine how to select
those individuals from the parent population in a certain way so as to inherit
them to the next generation population. The selection operation is used to deter-
mine the recombination or cross individuals, and how many offspring will be
generated by the selected individuals. In this method, the expectation selection
operator is selected, and the random selection operation is performed according
to the survival expectation of each individual in the next generation group.

Crossover Operator. Cross operation refers to the exchange of some genes
between two paired chromosomes in a certain way, so as to form two new indi-
viduals. In this method, we choose the uniform crossover mode, which can make
the genes on each locus of two matched individuals exchange with the same
crossover probability, thus forming two new individuals.

Mutation Operator. Mutation operation refers to the replacement of gene
values at some points in the coding string of individual chromosomes with other
alleles at that point, so as to form a new individual. In this method, the mutation
operation is performed on a bit or bits in the individual coding string which are
randomly assigned by the mutation probability only because of the value on the
seat.

Selecting Optimal Strategy by TOPSIS and MCAM. After generating
placement strategies, the TOPSIS and MCAM owing to be selected to generate
the optimal strategy. By detecting the distance between the evaluation object
and the optimal solution as well as the worst solution, if the evaluation object
is the closest to the optimal solution while the farthest from the worst solution,
it is the best. Otherwise, it is not the best. Each index value of the optimal
solution reaches the optimal value of each evaluation index. Each index value of
the worst solution reaches the worst value of each evaluation index.

4.2 The Overview of ESPM

ESPM aims to realize the optimization of the objective functions (6) and (11).
The overview of ESPM has showed in Algorithm 1. In this algorithm, the num-
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ber of the population is A, the maximum amount of inheritance is B, and the
exportation of ESPM is the optimal strategy OS.

Algorithm 1. Obtaining the best strategy by utilizing ESPM
Require: R
Ensure: OS
1: for a = 1 to A do
2: b = 1
3: while b <= B do
4: for individuals in population do
5: Calculate access dalay time by (6)
6: Calculate load balance variance by (11)
7: Execute the selection, crossover and mutation operators to gengrate bet-

ter offspring
8: end for
9: b = b + 1

10: end while
11: Obtain the optimal solution by TOPSIS and MCDM
12: end for
13: return OS

5 Experimental Analysis

In this section, we will compare Benchmark, FFD, BFD and ESPM in the same
experimental environment to verify the effectiveness of our method.

5.1 Performance Evaluations on ESPM

Experimental Results on the Average Access Delay. Correspondingly,
the average access delay of tasks is calculated. As is shown in the Fig. 2, the
average access delay keeps growing as the number of tasks increases. The picture
describes that the delay calculated by ESPM is lower than Benchmark, FFD and
BFD visually. The average access delay of ESPM are 0.15, 0.25, 0.43, 0.55 and
0.70 (s) when the scale of the tasks are set to 50, 100, 150, 200 and 250.

Experimental Results on the Average Resource Utilization. The aver-
age resource utilization, an important indicator, reflects the overall utilization
of the system. This indicator directly represents the degree of usage of cells in
the virtual machine, and expects to be a high degree. We can see that the Fig. 3
shows the average resource utilization calculated by ESPM and the other three
classical methods intuitively. The average resource utilization are 0.74, 0.80, 0.85,
0.88 and 0.92 (s) when the scale of the tasks equal 50, 100, 150, 200 and 250.



136 X. Zhang et al.

Fig. 2. Experimental results on the average access delay.

Fig. 3. Experimental results on the average resource utilization.

Experimental Results on the Load Balance Variance. Load balance vari-
ance is our main objective function in our paper. Figure 4 shows that the variance
calculated by ESPM is lower than the other methods and the variance keeps
growing as the number of tasks increases. Besides, the performance of ESPM
keeps better than the other methods no matter the number of the tasks. After
the detailed statistics, the load balance variance of ESPM are 0.09, 0.31, 0.43,
0.55, and 0.69 when the amount of the tasks are 50, 100, 150, 200 and 250.
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Fig. 4. Experimental results on the load balance variance.

Fig. 5. Experimental results on the utility value.

Experimental Results on the Utility Value. Among all the unload strate-
gies, the one with the highest utility value is the optimal strategy we want to
obtain. Figure 5 shows that the highest utility value in different scale will decrease
with the increasing of the task scale. Besides, when the scale of the tasks equals
50, the utility value achieves the highest value in all the solutions. The utility
value of ESPM are 0.89, 0.85, 0.83, 0.80 and 0.79 when the amount of the tasks
are set to 50, 100, 150, 200 and 250.
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6 Conclusion

We focus on the problem of edge server placement based on CPSS, where edge
computing technique has been applied in it. The placement problem is addressed
as an optimization problem with the purpose of minimizing access delay and
achieving load balance. Then, the process of designing ESPM is showed in this
paper. Besides, the normalization techniques, i.e., TOPSIS and MCDM, are also
combined to acquire standardized data. The comparison of experimental results
on different dimensions shows the high efficiency of ESPM. For our future work,
we intend to use ESPM to compare with the other method in the other literatures
to discuss the applicability in practice.
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