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Recently, Cyber-Physical-Social Systems (CPSS) have been introduced as a new information physics system, which enables
personnel organizations to control physical entities in a reliable, real-time, secure, and collaborative manner through cyberspace.
Moreover, with the maturity of edge computing technology, the data generated by physical entities in CPSS are usually sent to edge
computing nodes for effective processing. Nevertheless, it remains a challenge to ensure that edge nodes maintain load balance
while minimizing the completion time in the event of the edge node outage. Given these problems, a Unique Task Offloading
Method (UTOM) for CPSS is designed in this paper. Technically, the system model is constructed firstly and then a multi-
objective problem is defined. Afterward, Improving the Strength Pareto Evolutionary Algorithm (SPEA2) is utilized to generate
the feasible solutions of the above problem, whose aims are optimizing the propagation time and achieving load balance.
Furthermore, the normalization method has been leveraged to produce standard data and select the global optimal solution.
Finally, several necessary experiments of UTOM are introduced in detail.

1. Introduction

For the past few years, with the perpetual progress of Big
Data, Cloud Computing, Internet of things (IoT), and other
technologies, traditional physical systems and new infor-
mation resources are further integrated, thus forming
complex systems that incorporate machines, information,
and human, namely, CPSS. +ey enable the physical system
to have the functions of computation, communication, re-
mote cooperation, etc., and make full use of social infor-
mation and computing resources to carefully coordinate the
physical system. CPSSmake the machine more intelligent, as
well as the personnel organization operating the physical
entity in a more reliable, real-time, and security manner
through the cyberspace. +is also makes the development of
the IoT more rapid and a variety of intelligent scene ap-
plications are broader [1, 2].

Nevertheless, with the increasing development of mobile
devices, IoT devices, and multiple intelligent scenes (e.g.,
intelligent transportation, intelligent home, and intelligent
cities), an increasing number of people have higher stan-
dards for applications in these scenarios [3]. When the
physical system combines network information and social
information, the mass data transmission characterized by
multiple types and high speed also puts forward higher
requirements for network communication (i.e., higher
bandwidth and lower delay).+is case conflicts with people’s
higher requirements for high-quality, low latency, and real-
time network services.+us, academia and industry urgently
need to solve the problem of how to systematically and
efficiently process the data, i.e., the historical data and the
local real-time data, in CPSS. However, it makes little sense
to consider the service outside the context of network
performance. +e 5G network with the purpose of

Hindawi
Security and Communication Networks
Volume 2020, Article ID 8867094, 9 pages
https://doi.org/10.1155/2020/8867094

mailto:qfnulsj@163.com
https://orcid.org/0000-0002-4460-1559
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2020/8867094


accelerating the evolution of smart applications scene can
not only enhance the data delivery rates and lessen the la-
tency but also advance the amounts of infrastructures in
intelligent applications.

Technically, the implementation of the 5G network
needs the support of edge computing technique [4]. Edge
computing is an inevitable development in the evolution of
base stations combined with IT as well as mobile network
[5]. +e most intuitive benefit that edge computing brings is
the ability to improve the quality of experience through high
bandwidth and instant response [6]. At the same time,
quality of experience is becoming more prominent among
the booming new services, which have become an essential
part of mobile social and entertainment [7, 8].

To offer immediate and efficient feedback for the users in
CPSS, there is no doubt that edge computing, a significant
paradigm, with abundant computing resources, needs to be
adequately taken advantage of for users to experience a high
quality of service applications in real time [9]. It makes the
user close to the nodes geographically where the resource is
being processed, thus significantly reducing the delay of
offloading tasks. Specifically, in CPSS, the base stations are
evolved into edge nodes to service the task requests and data
from the users who are covered in these nodes. In addition to
its advantages in offloading tasks, edge computing shortens
the distance between people and processing nodes, making
the traditional interception of information much less likely
to cause harm to users, thus improving the user’s security
[10].

However, in the hybrid CPSS scenario, where multiple
systems are involved, offloading tasks to reasonable nodes is
a complex problem [11]. +us, how to determine the off-
loading node of the computing tasks is a challenge in the
CPSS scenario [12]. Also, since the number of nodes is
limited and each node has restricted computing resources,
resource utilization needs to be taken into consideration and
to be promoted as much as possible [13, 14]. Under the
premise of improving performance as much as possible, load
balance, as a critical indicator, should be taken into account
to ensure the stability of each node, because it reflects the
overall efficiency and performance of the system [15, 16].

Based on the above discussion and questions, a unique
task offload method in CPSS based on the technique of edge
computing, namely, UTOM, is presented in this paper to
optimize the offloading strategy to get the minimum delay
and achieve load balance.

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

(i) Few studies research on the offloading methods to
pursue the minimum completion time and load
balance variance with the consideration of the
particular CPSS scenario. So a unique task offload
method in CPSS based on the technique of edge
computing is presented in this paper.

(ii) +e evolutionary algorithm, Improving the Strength
Pareto Evolutionary Algorithm (SPEA2), and nor-
malization method, Technique for Order Preference
by Similarity to an Ideal Solution (TOPSIS), are

deployed to obtain the feasible offloading strategies
and select the optimal strategy.

(iii) Sufficient experimental comparisons and assess-
ment analysis with traditional methods confirmed
the effectiveness of UTOM.

+e rest of our paper is presented as follows: Section 2
shows the related work of our paper. Section 3 presents the
system model based on the CPSS combined with 5G-
envisioned edge computing.+e process of UTOM based on
the MOEA with edge is elaborated in Section 4. Section 5
shows the evaluations of UTOM and demonstrates the ef-
fectiveness of this method. Conclusion and future work are
presented in Section 6.

2. Related Work

+e characteristics of edge computing, i.e., sufficient
memory capacity and higher computing power, are prom-
inent in CPSS [17].+e related researches about CPSS and its
prominent advantages have been extensively studied in some
previous pieces of literature.

CPSS has many applications due to its real time, di-
versity, high reliability, and other advantages. In [18], Wang
systematically described how CPS is translated into CPSS,
the definition and classification as well as applications of
CPSS, the contribution and significance of CPSS, and how
CPSS connects and functions with different entity worlds.
Relevant work has been carried out in the Internet field
combining scenes such as the IoT. Han et al. proposed to
introduce dynamic and manifold human behaviour into the
vehicle network to make it become a CPSS system and
protocoled it as a parallel vehicle network, to achieve more
stable and high-efficiency traffic state and ultra-low data
communication delay between vehicles [19]. Wang et al. put
forward a new unified method of CPSS framework based on
cloud parallel driving, which aims at collaborative online
automatic driving, and developed parallel testing, learning,
and reinforcement learning for this framework [20].

Given the large amount of “4V” data in the CPSS sce-
nario, it is difficult to effectively and timely solve the demand
for these data traditionally [21]. +us, we combine the edge
computing with CPSS to address and solve the mentioned
problems [22, 23]. Edge computing brings the advantages of
cloud computing into various application scenarios of CPSS
and provides efficient services similar to cloud services on
the edge of the CPSS network [24].

+e offloading strategies have become more efficient and
adaptive by utilizing edge computing. Mach and Becvar
presented a survey, in which they divide the research of
computing load into three key areas: decision-making of
computing load, allocation of computing resources in MEC,
and mobile management, and this survey provides relevant
research direction [25]. Advanced algorithms are proposed
to solve offloading problems in some literatures. A low
complexity online algorithm is developed by Mao et al.,
which only depends on the instantaneous side information
and does not need to calculate the task request distribution
information, and the algorithm determines the decision of
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unloading as well as the calculation of the transmission
power of unloading [26]. Wang et al. proposed an innovative
framework, which is developed to improve edge computing
performance, and an optimal resource unloading scheme,
which is designed to minimize the overall energy con-
sumption of access nodes [27]. Wang et al. got the optimal
solution based on transforming the energy consumption
minimization problem into a convex problem and proposed
a single variable search local optimal algorithm for the non-
convex as well as non-smooth problem of delay minimi-
zation to obtain the optimal results [28]. Some unique so-
lutions are also proposed to solve the problems in the
offloading strategy. Chen and Hao reduced the task off-
loading problem to NP-hard problem and designed an ef-
ficient scheme to solve the task placement and resource
allocation sub-problems [29].

However, most of existing studies only focus on one
point in CPSS scenario and offloading method without
considering them together. Indeed, compared with the
previous works, this paper designed a CPSS-based offloading
strategy named UTOM, whose purpose is offloading the
tasks from the users in the condition of minimum time
consumption and load balance variance.

3. System Model

Firstly, the framework of the task offloading model based on
CPSS in 5G scene is presented in Figure 1. Secondly, the
propagation delay model and load balance model for off-
loading strategies are designed. +irdly, the task offloading
problem has been defined as a multi-objective problem.
Table 1 shows some key terms and their descriptions.

3.1. Task Offloading ResourceModel. In a 5G scene based on
CPSS, base stations are arranged to offer efficient services for
task requesters. In general, the coverage of base stations
includes somemicro base stations with the aim of improving
access speed and service efficiency. +e micro base stations
receive service or data request tasks from mobile handheld
devices by using wireless signals.

As shown in Figure 1, the diagram briefly describes two
scenarios: the online social scenario and the actual com-
muting scenario. In online social scenario, social contact
data, app data, and IoTdevice data will be generated. Traffic
data, motion data, trajectory data, and so on will be gen-
erated in the actual commuting scenario. In these scenarios,
there exist a huge number of users around the base station to
receive data. +e purpose of this paper is to study how to
offload the service data to the appropriate edge server with
the purpose of minimizing the delay and keeping the load
balance of the server.

It is assumed that there are quantifiable servers in the
framework of task offloading in this section. Denote the task
requester collections as R � r1, r2, . . . , rM , where M rep-
resents that there are M hypothetical task requesters in this
scene. +e scene assumes that each requester has only one
computing task waiting to be processed. Denote the base
station collection as MB � mb1, mb2, . . . , mbN , where N

represents the number of base stations. Each base station
only accepts task requests within its coverage. +en, the base
station transfers its received tasks to the edge server to which
it belongs. +e edge server collection is denoted as
ES � es1, es2, . . . , esK , where K represents that there are K

edge servers in this framework.

3.2. Propagation Delay Model. +is paper assumes that the
overall propagation delay consists of four parts in all. VBn

k is
defined to judge whether the n-th (n � 1, 2, . . . , N) base
station mbn is combined with the k-th (k � 1, 2, . . . , K) edge
server esk.

VB
n
k �
∗20c1, if mbn combinewith esk,

0, otherwise.
 (1)

+e first part of overall propagation delay is propagation
time for transferring task from the base station to the target
edge server, which is calculated by

PTn(X) � 1 − VB
k
n 

STn · λn

TR
, (2)

where STn represents the size of the task request coming
from the base stationmbn in the coverage of edge servers esk .
Besides, λn signifies the number of the passing base stations
in the process of task propagation, and TR denotes the
propagation rate between base stations.

+e second part is execution time for coping with the
task requests coming from mbn, which is defined as

CTn(X) �
STn

AVn · PV
, (3)

where AVn represents the resource units VMs demanded by
the task of mbn and PV represents the processing power of
each unit in VM.

+e third part is average wait time of the task request in
edge server, which is calculated by

ATn(X) �
WL

AR
, (4)

where AR represents the arrival rate of task and WL rep-
resents average wait length of the task request.

+e fourth part is the return time of processing result
coming from esk, which is obtained by

RTn(X) �
STn
′

AV
, (5)

where STn
′ signifies the task size of the results offloaded from

mbn.
+e total propagation delay for responding to one certain

task request is defined as

OTn(X) � PTn(X) + CTn(X) + ATn(X) + RTn(X). (6)

+e average delay for responding to all the task requests
is calculated by

AVE �
1
N



N

n�1
OTn(X). (7)
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3.3. Load Balance Model. +is paper aims to investigate
which edge server is the best node to offload. During the
process of searching offloading strategies, the load balance is
an important factor which assesses the reliability of the
designed model. By utilizing of virtualized technique, the
usage of virtual machine (VM) instances could be leveraged
to obtain the load balance variance for all the edge servers in
the offloading strategy.

SBk is defined to estimate whether esk has been occupied,
which is acquired by

SBk �
1, if esk has been occupied,

0, otherwise.
 (8)

Besides, MBk
n is defined to estimate whether the task in

mbn has been offloaded to esk. It is acquired by

MB
n
k �

1, if mbn offloads the task to esk,

0, otherwise.
 (9)

+us, the number of running edge servers is defined as

As � 
N

n�1
MB

n
k. (10)

+e corresponding resource utilization of esk is calcu-
lated by the utilization number of VM, which is defined as

Rk �
1

Cvm



N

n�1
MB

n
k · εn, (11)

where εn represents the number of VMs required by the task
requests in mbn.

+en, the overall average resource utilization of the edge
servers is obtained by

AUR �
1

As



K

k�1
Rk. (12)

According to the different resource utilization in each
edge server, the load balance variance of esk is calculated by

BVave � Rk − AUR( 
2
. (13)

At last, the overall load balance variance of the occupied
edge servers in the offloading scene is calculated by

LB �
1

As



K

k

SBk · BVave. (14)

3.4. Problem Formulation. +e objective functions of this
system model have been presented in (7) and (14), which is
expected to improve the overall effectiveness in the task
offloading scenario. +e objective problems are formulated
as follows:

minLB, (15)

minAVE, (16)

s.t. AVn ≤Cvm(n ∈ 1, 2, . . . , N{ }). (17)

Mobile-phone 
data

Traffic data
Video data

IC card data 
Communication 

data

Motion data 
Trajectory data

Social APP IoT devices
Social contact

Cloud center

Social data Physical data

Upload Upload

Service
recommendation

Download

Figure 1: A task offloading framework based on CPSS with edge.

Table 1: Key terms and relevant descriptions.

Key terms Relevant descriptions
ES Edge server set, ES � es1, es2, . . . , esK 

MB Base station set, MB � mb1, mb2, . . . , mbN 

R A set of task requesters, R � r1, r2, . . . , rM 

K +e size of the edge servers
N +e size of the base stations
M +e size of the task requesters
PV +e processing power of each unit in VM
Cvm +e number of the VMs in edge servers
TR +e propagation rate between base stations
AR +e arrival rate of task requests
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+e constraint that the number of VMs requested in any
task must be less than the number of VMs in the edge server
has been defined in (17).

4. The Tasks Offloading Method

As shown in (7) and (14), in this segment, a unique task
offloading means based on the MOEA with CPSS, called
UTOM, is designed with the aim of minimizing the prop-
agation delay and the load balance variance. +e process of
UTOM, i.e., searching the feasible solutions, normalizing the
solutions, and selecting the optimal strategy, is presented in
detail.

4.1. Offloading Strategy Option by SPEA2. +e multi-ob-
jective offloading model based on SPEA2 is presented in
problem formulation. SPEA2 utilizes an advanced fitness
allocation strategy, which takes into account the number of
individuals controlled by each individual [30]. Besides, it
integrates the nearest neighbour density estimation tech-
nology, allowing more accurate guidance in the search
process. Given these advantages, SPEA2 is utilized to be
adopted in this method to figure out the double-objective
optimization problems. +e related fitness functions and
constraints are encoded first in this process. +en, the se-
lection process including environment selection and pairing
selection is applied. Finally, the advanced evolutionary
operators are performed to generate solutions.

(1) Encoding: First of all, we need to map the problem to
be solved, i.e., minimizing the time consummation in
(7) and the load balance variance in (14), into a
mathematical problem. +e solution of the problem
is represented by a coded string of numbers, and the
genetic operators operate on the string directly.
+ere are many coding ways, and here floating-point
coding is selected. Because we have high precision
requirements for the results to be generated, the
solution space will increase dramatically when uti-
lizing integer coding. In addition, the floating-point
coding method is easy to deal with the complex
constraints of decision variables, which have been
presented in the model part.

(2) Fitness functions and constraints: In the genetic
algorithm, fitness function plays the role of selecting
excellent individuals. According to the fitness value
of the individual, it selects the individuals to be
inherited to the next generation. In this method, the
fitness function is transformed according to the
objective functions (7) and (14). +e practical con-
straint has been shown in (17), which represents that
the number of VMs requested for any task must be
less than the number of VMs in the edge servers.

(3) Selection operator: Selection refers to the operation
of selecting excellent individuals from the group and
eliminating the inferior ones. It is based on the
evaluation of fitness. +e larger the fitness, the
greater the possibility of being selected, the number

of his “offspring” in the next generation, and the
selected individuals will be put into the matching
database. +is method selects a roulette operator,
which ensures the individuals whose fitness function
is better would be selected into the next generation as
far as possible while ensuring that all individuals are
likely to be selected.

(4) Crossover and mutation operators: +e purpose of
the crossover is to improve the searchability of the
genetic algorithm of leap in the next generation of
the new individual through the crossover operation.
Crossing is an important method of genetic algo-
rithm to obtain excellent individuals. +e probability
of crossover operation is in accordance with the
random selection of two individuals in the library,
and the cross-location is random. Indeed, single-
point crossover is applied in UTOM.

+e basic process of mutation operation is as follows:
generate a random number ran d between 0 and 1 and
mutation probability pm. If ran d>pm, the mutation op-
eration would be performed. Mutation operator itself is a
kind of local random search, and it has the ability to avoid
some of the permanent loss of information due to selection
and crossover operators together with the selection and
crossover operators. It makes the genetic algorithmmaintain
the population diversity, while avoiding premature con-
vergence. In mutation operation, the probability of mutation
should not be too large. If pm> 0.5, the genetic algorithm
will degenerate into random search.

4.2. Optimal Strategy Selection by TOPSIS. Figure 2 shows
how to utilize TOPSIS to derive the optimal strategy based
on the strategies generated by SPEA2. TOPSIS generates
results which accurately reflect the gap between the evalu-
ation schemes [31]. +en, the best result could be gained by
comparing these gaps. +e symbols utilized in the flowchart
are described as follows [32].

+e initial strategies produced by SPEA2 are represented
by P, and these strategies form two sets, i.e., propagation
time strategies T and load balance variance strategies L,
where T � T1, T2, . . . , TP  and L � L1, L2, . . . , LP .

+e standardized values of propagation time and load
balance variance are defined as CTp(X) and CLp(X). Two
weights of the indicators are defined as μT and μL. +en, the
standardized weight decision values are presented as WTp

and WLp. Afterwards, the degree of closeness between al-
ternatives and the best solution as well as the worst solution
are measured as OSp and WSp. Next, the comprehensive
evaluation value of the best solution and the worst solution is
presented as Cr. At last, the best solution Sidea would be
obtained from all the strategies.

4.3.:eOverview ofUTOM. +e purpose of UTOMmethod
is realizing the optimization of the objective functions
presented in the system model. +e overview of our UTOM
is presented in Algorithm 1. In this algorithm, the scale of
the population is I, the maximum amount of inheritance is J,
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and the exportation of UTOM is the best strategy BS. Firstly,
the initial strategies are produced randomly and presented as
P. +en, feasible solutions are generated after J iterations by
SPEA2 through fitness functions. Finally, TOPSIS is applied
to calculate standardized values and select optimal value.

5. Experimental Evaluation

Our paper utilizes the MECHREVO-Ti2 as the experimental
station. +e computer parameters are as follows: the CPU is
Intel i7-6700H @ 2.6GHz, the RAM is 8GB, and the hard
disk is 1T. Some experimental parameters and their values
used in this section are shown in Table 2. To prove the
effectiveness of this method, some traditional methods, i.e.,

Benchmark, First Fit Decreasing-based task offloading with
time-saving and resource utilization optimization (FFD),
and Best Fit Decreasing-based task offloading with time
saving and resource utilization optimization (BFD), are
utilized in this section. Benchmark supposes that the VM in

Generate a set of
solutions by SPEA2

Calculate standardized
values CTP and CLP

Select two sets 
L and T

Define two
Indicators
µT and µL

Calculate weight decision
values WTP and WLP

Define optimal and
worst solution

WTOS and WTWS

Calculate the degree of
closeness OSp and WSp

If µT + µL = 1

Calculate the evaluation
value Cr

Select optimal
solution Sidea

from CrYesNo

Figure 2: +e flowchart of utilizing TOPSIS to derive the optimal strategy.

Require J, I Ensure BS
Obtain tasks from task requesters
Initialize strategies P

For (j � 1, 2, . . . , J)
i � 1
While (i< � I}
Execute the crossover, selection, and mutation operators to produce offspring
For (individuals in population)
Obtain total propagation time from (7)
Obtain load balance variance from (14)

End For
Execute environmental selection operator
i � i + 1

End While
Acquire the utility values by TOPSIS
Obtain the best solution BS

End For
Return BS

ALGORITHM 1: Obtaining the best strategy by utilizing UTOM.

Table 2: Experimental variable setting.
Experimental variable Value
+e scale of tasks {50, 100, 150, 200, 250}
+e size of edge services [0.5, 0.8]
+e scale of running VMs [1, 6]
TR 620MB/s
AR 120MB/s
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the initial edge node falls short with regard to the re-
quirement of task; the certain task would not be coped with
the other node. FFD gives the required amount of the VM in
the task, and the tasks will be ranked in an order. +en, the
initial task will be offloaded to the initial node. BFD will sort
all the tasks by descending order. Afterwards, the initial task
will be offloaded to the initial node. Benchmark, FFD, and
BFD will be uniformly referred to as the “three classical
methods.”

5.1. Comparison of Experimental Results on the Employed
Number of Edge Servers. +e number of the employed edge
servers by Benchmark, FFD, BFD, and UTOM is presented
in Figure 3. It is obvious that the number of the employed
edge servers is smaller than that of the other three methods.
When the number of the evaluated tasks equals 100, the gap
between the four methods is relatively little. +e difference
between the four means it begins to increase with the in-
creasing of the task amount. It means that the UTOM has a
better performance in higher number of tasks. +ese data
show that the performance of our UTOM is the best in the
comparison, while the performance of Benchmark is the
worst.

5.2. Comparison of Experimental Results on the Average
Propagation Time of Tasks. +e average time equals the
entire time divided by the number of tasks. Correspond-
ingly, the average propagation time of tasks is calculated.+e
average propagation time keeps increasing with the en-
larging of the task amount. +e time calculated by UTOM is
lower than the other three methods. +e average propaga-
tion time of UTOM in different scale of tasks is 0.13, 0.22,
0.37, 0.48, and 0.59 (s) when the number of the tasks equals
50, 100, 150, 200, and 250. Besides, the difference of the three
classical methods between UTOM is shown in Figure 4.

5.3. Comparison of Experimental Results on the Overall
Propagation Time of Tasks. +e entire time consists of four
parts, which are the propagation time, the wait time, the
execution time, and the return time. +e total time repre-
sents the satisfaction of the users. It is conducted that the
total time obtained by our UTOM is lower than the other
methods by analysing Figure 5. +e total time of UTOM is
6.49, 22.00, 56.10, 95.50, and 147.94 (s) when the number of
the tasks equals 50, 100, 150, 200, and 250.

5.4. Comparison of Experimental Results on the Average Re-
sourceUtilization. +e average resource utilization is not the
objective function in our paper, while this index is another
crucial evaluation parameter in the experimental compari-
son. +is index represents the employed amount of the VM
in the edge servers and is expected to get a high value in the
experiment. Figure 6 presents the performance comparison
of average resource utilization by utilizing of UTOM and
three classical methods severally. +e Benchmark performs
worst in the comparison, and UTOM performs better than
the other two means.

5.5. Comparison of Experimental Results on the Load Balance
Variance. +e load balance variance is the objective value in
this experiment. It is summarized that the variance begins to
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Figure 3: Experimental results on the employed scale of edge
servers by UTOM and three classical methods.
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Figure 4: Experimental results on the average propagation time of
tasks by UTOM and three classical methods.
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Figure 5: Experimental results on the entire propagation time of
tasks by UTOM and three classical methods.
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enlarge with the increasing of the amount of the tasks by
analysing Figure 7. +e lower value represents the better
offloading strategy which the method obtained. +e load
balance variance of UTOM is 0.14, 0.35, 0.47, 0.59, and 0.70
when the number of the tasks equals 50, 100, 150, 200, and
250.

5.6.:e Analysis of Experimental Results on the Utility Value.
+e different utility values of all the strategies are obtained
by TOPSIS method. +e certain strategy with the maximum
value among the entire strategies is our best strategy. It is
shown that the optimal utility value in different amount will
reduce with the decreasing of the task scale by analysing
Figure 8. From Figure 8, we intuitively deduce that UTOM
obtains lower utility value with the improvement of task
number. After the detailed statistics, the utility value of
UTOM is 0.73, 0.78, 0.81, 0.83, and 0.86 when the number of
the tasks equals 50, 100, 150, 200, and 250.

6. Conclusions

We devote ourselves to the problem of task offloading based
on CPSS, in which edge computing technology is reasonably
combined. +e offloading problem is defined as an opti-
mization problem of the minimizing of the propagation
consumption and load balance variance. Furthermore, a
method named UTOM is presented in this paper to optimize
the offload strategy to get the minimum propagation delay
and load balance variance. Besides, the normalization
technique named TOPSIS is also utilized in combination to
obtain standardized data.+e experimental results show that
the UTOM method has sufficient effectiveness and cor-
rectness. We intend to apply this method to real datasets
based on CPSS to discuss the applicability in practice in
future work.
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