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The rapid development of a new generation of information technology and its widespread application in colleges and universities
have promoted profound changes in campus informatization. On the one hand, wireless campus networks as the main
infrastructure of digital campuses are gradually popularized in domestic colleges and universities, expanding the campus
information network coverage. This article is aimed at studying the addition of intelligent algorithms to wireless network
communications to optimize and build autonomous mobile learning for cloud education. In order for children to communicate
with teachers face to face, no matter where they are, this article proposes how to reduce the energy loss in wireless
communication and find the best intelligent algorithm to realize the cloud education mobile learning platform. Experimental
results show that the transmission delay of the wireless communication system of this method is significantly shorter than that of
the other two methods, close to 5%, which speeds up the data transmission speed of the wireless communication system. It can
be implemented under time-sensitive conditions and has high practical application value. The wireless network communication
system of this method has a low packet loss rate and less wireless network data transmission errors, which is nearly 10% lower
than the other two methods, thereby improving the data transmission power of the wireless communication network.

1. Introduction

1.1. Background. The applications of mobile learning and
cloud education have been applied to the education of major
foreign universities. MU Elementary School, using Simon’s
cloud service, can obtain students’ computer information
through Weibo and provide students with services to com-
municate and complete teaching tasks. Through the imple-
mentation of the “Classroom 2000” (c2k) project in
Northern Ireland, more than 350,000 teachers and students
in 1,200 primary schools can access the first “cloud” in
Europe through wifi network services. Student education
provides schools with high-quality online resources; teachers
and student education can access and download various
resources through mobile terminals and computers. In the
context of cloud computing technology, a “cloud” super-
computer group has emerged, and service providers provide
services to users based on this group; it is a safe and fast

information storage method that allows users to quickly
process information in a secure network environment. The
application of mobile learning technology in the field of
education and learning has given birth to a new learning
method under the background of cloud computing-mobile
learning. The American National Institute of Standards
and Technology is a standardization organization in the
United States. It defines cloud computing as a new Internet
computing method. It builds a resource pool through the
Internet to provide users with real-time updates, flexible
expansion, and virtualized resources, mainly based on infra-
structure as a service platform and as a service and software,
and other service models are presented. Our country has
been trying hard to try mobile learning applications. The
first is applied research in various studies. In 2001, the
Department of Higher Education of the Ministry of Educa-
tion proposed a pilot project for the construction of a mobile
learning platform and organized experts to carry out a
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scientific research project on “Mobile Education Theory and
Practice.” In 2002, some domestic schools began to build a
wireless school campus network. Students from Hong
Kong’s Pui Ching Middle School can use their mobile
phones to answer teacher’s questions in real time in the
classroom, improving the interactivity of learning. It is an
inevitable product of cloud computing: one is the integration
of cloud computing memory, which provides a platform for
integrating massive learning resources, and two is cloud
computing technology can effectively solve the problem of
“information omission, insufficient storage, and limitations”
of mobile learning media. Taiwan will also promote the
development of mobile learning. With the continuous
advancement of Internet technology, mobile learning can
not only meet people’s needs at any time. The demand for
local autonomous learning and abundant educational
resources will significantly reduce people’s learning costs.
With the rapid development of wireless network communi-
cation, we will find that our learning will become more
convenient and effective.

1.2. Significance. Mobile learning activities in the cloud edu-
cation platform can not only complete a series of actions in a
sequence and make them a continuous flow of activities but
also expand the field of activities and eliminate interference
factors, thereby significantly improving learning efficiency.
The development of information technology, especially the
continuous development and progress of sensor technology
and computer technology, and the continuous enhancement
and improvement of various sensor functions and the con-
tinuous expansion of application fields make the working
system more energy-efficient, more efficient, smaller in size,
and lower in cost. Node location information and collected
data will lose some practical use value of network balance.
With the continuous advancement of sensor network tech-
nology, routing protocols based on location information
and various monitoring applications can be better developed
and improved.

1.3. Related Work. Cloud education is to use the concept of
cloud computing to realize distributed management and
joint application of teaching resources based on cloud com-
puting technology to meet the needs of teachers for reform-
ing teaching methods and realizing teaching resources. In
personalized learning now, as long as you have a mobile
device, you can realize online interactive learning and inter-
active learning. In Wang et al.’s research, in order to prevent
sensor nodes from being easily captured, destroyed, or
attacked in an open environment, which leads to the security
and accuracy of data transmission, they proposed a trust-
based perception model. The ant colony optimization algo-
rithm for secure routing in wireless sensor networks can
effectively identify and stay away from malicious nodes. In
their research, although some problems have been solved,
the research considerations are not very comprehensive,
and there are still certain deficiencies. I hope that they can
be better improved in future life [1]. Lin et al. deal with
WSN security from the adversarial perspective and study
low-cost and efficient algorithms to identify sensors in

WSN in the shortest time and at the lowest cost. It is recom-
mended to convert the problem to a set covering problem
and develop a greedy minimum cost node capture attack
algorithm (MCA) to reduce the cost of the attack. Extensive
simulations have been implemented to evaluate the perfor-
mance of MCA and compare it with several related scenar-
ios. The results showed that MCA reduced the cost of
destroying WSN by 20%. Although the research has great
practical value and broad prospects, there are technical
barriers and great challenges [2]. Tang et al. improved the
Low-Energy Adaptive Clustering Hierarchy (LEACH)
protocol, making it suitable for energy harvesting wireless
sensor networks. However, there are still some problems in
the experimental part of the study, and it does not take into
account that there is a certain loss of energy [3]. Muhammad
proposed a novel intelligent positioning algorithm that uses
variable distance beacon signals generated by changing the
transmission power of beacon nodes. The algorithm does
not use any additional hardware resources for ranging and
estimates the location by passively listening to beacon signals
using only radio connections [4]. After summarizing its
characteristics, it analyzes the possibility of combining it
with mobile education, proposes a new model of mobile
education based on cloud computing, and conducts explor-
atory research on the development of mobile education.
Although the research is very forward-looking, there is still
a problem of insufficient technology [4]. Sengottuvelan and
Prasath pointed out that a wireless sensor network (WSN)
consists of a large number of independent nodes with sen-
sors, wireless interfaces for communication, and limited pro-
cessing and energy resources [5]. Research is very practical,
but the framework constructed in this way requires a lot of
cost [5]. Alam and Saiyeda propose a solution that combines
cloud technology and learning to obtain an optimized learn-
ing system that will help students conduct self-assessment
and will use the cloud to provide their services. However,
the experimental and analytical aspects are relatively simple
and not detailed enough [6]. Kati and Khan pointed out that
during the period of the new coronavirus, many countries
have adopted online classes in order not to delay students
from attending classes. Although online teaching is widely
used, there are many challenges and security issues especially
when using education clouds for educational dissemination.
There is no guarantee that students are listening carefully
when they are studying online, and there are also related
mobile device delays and technical problems. These are huge
problems. He can only increase the children’s learning con-
centration by increasing the questions in the classroom.
Although their research is very forward-looking, there is still
no good experimental data to support [7].

1.4. Innovation. With the widespread construction of cam-
pus wireless networks and the increasing popularity of
mobile terminals, mobile learning has become one of the
most important learning methods for teachers and students,
and they can learn anytime, anywhere. It does not meet the
needs of space-time mobile phones, massive resource
exchange, and differentiated terminal support, which creates
obstacles for teachers to use. Based on the basic idea of cloud
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computing, cloud training transmits all the information
from the client and realizes integrated management and
resource planning. Based on the intelligent algorithm of
wireless network communication, it realizes the purpose of
autonomous mobile learning of cloud training model, which
is more and more convenient and more suitable for us. The
optimization of wireless networks and intelligent algorithms
strengthens the communication between teachers and
students, thereby improving children’s learning efficiency.
Through the combination of wireless network communica-
tion and intelligent algorithms, intelligent algorithms can
reduce energy consumption during signal propagation. At
the technical level, by optimizing the signal of wireless net-
work communication equipment, by helping to reduce the
energy consumption in the signal propagation process,
ensuring that it can be transmitted farther and longer, a
series of updates are made to this by using new materials
and technologies developed. Wireless network communica-
tion realizes the communication in different spaces but will
lose a lot of energy in the connection, but the emergence
of intelligent algorithms perfectly fits wireless network
communication. With the combination of wireless network
communication and intelligent algorithms, cloud education
autonomous mobile learning will produce brilliant sparks
in the education industry.

2. Methods and Related Concepts

2.1. Wireless Network Communication. In modern times,
with the rapid development of science and engineering tech-
nology, in the face of a large amount of data and information
rushing to us, collection, transmission, monitoring, analysis,
wireless sensors, and their composed wireless sensor net-
works have entered people’s field of vision and gained rapid
development and attention. The wireless sensor network
integrates microsmart sensor technology, embedded com-
puting technology, wireless communication technology,
and distributed information processing technology, real-
time sensing and collecting information about the environ-
ment or objects in the monitoring area. The development
in the past two decades is mainly reflected in the continuous
upgrading of hardware technology and the continuous
maturity of various network-related technologies, and good
research theoretical results and technical application results
have been achieved. The function has attracted widespread
attention. The following shows the research proportions of
various directions in the number of publications in the data-
base this year, and we can more intuitively observe the main
research directions of wireless network communication, as
shown in Figure 1.

From Figure 1(a), we can see that there was more
research on new energy 15 years ago. Energy consumption
is an important issue that we need to solve before. It is the
basis for the development of other technologies, then net-
work routing technology, and as can be seen from Figure
1(b), for key technical issues such as positioning, in contin-
uous practice, more and more problems follow one after
another. At present, people are increasingly aware of the
importance of security and mobility issues. The intelligent

era based on the Internet of Things has come, and the devel-
opment of science and technology continues to spread to the
field of life and production. As one of the key technologies,
wireless sensor networks have received extensive attention.
In response to the needs of the development of the times,
some domestic scientific research institutes and university-
related laboratories have carried out researches on the theory
and application of wireless sensor networks. The laborato-
ries of many universities and other units across the country
have carried out research on wireless sensor networks from
different angles, and the results of academic and practical
applications have increased sharply, which has led to a cli-
max of research [8]. In the monitoring area, a large number
of sensor nodes are deployed to sense, collect, and monitor
information in the designated area, and then, a certain route
was used to transmit to the collection node, then through the
Internet or satellite media, and through wired or wireless
transmission, and finally, the host computer of the monitor-
ing system arrived. User-issued tasks are fed back to each
node in the opposite transmission mode. In the entire data
transmission process, each sensor node must not only com-
plete the task of collecting and forwarding data but also has
the ability to connect to each other and communicate and
locate. The architecture of wireless network communication
is shown in Figure 2 [9].

2.2. Cloud Education Autonomous Mobile Learning Model.
As an important support for mobile learning, cloud educa-
tion has irreplaceable advantages over Moodle, Bio, and
other network platforms. These unique advantages provide
favorable conditions for the development of mobile learning
and fully demonstrate the charm of mobile learning. Stu-
dents’ learning interest and strong learning interest make
learning more active. The virtual learning environment pro-
vided by cloud education can separate teachers and students
in time and space. Students can choose the time, place, and
content of learning according to their needs. Based on the
advantages of the cloud learning platform, we have built a
stand-alone machine based on the cloud learning platform;
the mobile learning model is shown in Figure 3 [10].

The process model of mobile learning activities based on
the cloud education platform mainly includes three stages.
The first is the initial analysis stage of mobile learning activ-
ities. This is a very important stage of mobile learning
design. According to the analyzed learning content and stu-
dent characteristics, determine whether the mobile learning
mode is suitable for development. The second is the mobile
learning activity design stage under cloud education. This
stage includes the planning of mobile learning activity tasks,
the establishment of its organizational form, and the design
of activity processes and activity criteria and activity evalua-
tion design. The third stage is the mobile learning environ-
ment design stage under the cloud education platform.
This part of the work mainly includes related cloud hard-
ware and cloud software ecological design and cloud
humanistic ecological design.

Our model provides students with learning planning
before, during, and after class. Before class, students can
log in to the system to obtain the corresponding learning
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Figure 1: (a) Distribution map of wireless network research before 2015. (b) Distribution map of current wireless network research directions.
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materials and make sufficient preclass preparations. We can
also choose according to our hobbies. In curriculum, interest
is the child’s first teacher and will also provide children with
some news at home and abroad, so that children can learn
about real-time news [11]. In the classroom, children do
not need to carry heavy schoolbags to school. They can
obtain the corresponding information based on mobile
devices. When they encounter problems, they can ask
teachers and classmates for help online at any time, which
can help children online. For Q&A, after class, children no
longer have to worry about homework and forgetting the
trouble. Our homework can be submitted anywhere. The
premise is that there is a network. Some homework can be
controlled by the teacher through the system. Students
answer and fill in online, and this can provide timely feed-
back on the evaluation results to students and teachers, so
that they can recognize their shortcomings and strengths
in a timely manner and deepen their impression of the learn-
ing content. Educational classes provided by cloud education
learning game of the game allow students to increase their
knowledge and improve their learning skills in the game.
The most important thing is that they can learn happily.
Mobile learning must have three characteristics. The first
important thing is to have digital teaching content, and the
second is to use mobile media as learning tools, such as
mobile phones, tablets, computers, and TVs, and teachers
and students must be on a separated status; this is the crite-
rion for mobile learning, as shown in Figure 4 [12].

For the application of future wireless network communi-
cation intelligent algorithms in the autonomous mobile
learning model of cloud education, they will bring more
intelligence and speed to our learning environment and con-
sume less energy, and there will be less energy consumption
between students and teachers. Communication is not
limited to space. In this era of communication, no matter
where we are, we can always pick up mobile devices to com-
municate with our teachers or students.

2.3. Intelligent Algorithm. The swarm intelligence algorithm
is created by researchers based on the self-organizing behav-
ior of social organisms, mathematically modeling swarm
intelligence, and reconstructing this model with computers
[13]. The collective foraging process of ant colonies and bird
colonies reflects the limited ability of individuals [14]. How-
ever, complex tasks can be completed through cooperation
and division of labor by grouping into groups [15]. So
inspired by this, it provides new ideas for solving complex
optimization problems. According to the behavior of ant
colonies and bird colonies, the researchers, respectively,
proposed an ant colony optimization algorithm and another
representative particle swarm optimization algorithm
through simulation analysis. The continuous in-depth devel-
opment of the two has laid a good foundation for the future
development of swarm intelligence, the basis of [16]. Apply-
ing it to cloud education, autonomous mobile learning will
give people a completely new feeling, and the actual changes
are shown in Figure 5 [17]. The advantage of intelligent
algorithms and other algorithms is that they can help this
cloud education learning model to perform a certain optimi-

zation process, help to make the wireless network transmis-
sion process faster, and reduce certain network delays.

Under the cloud education mobile autonomous learning
model of wireless network communication, we can not only
learn some courses in school, if we do not hear clearly, we
can also watch related videos according to the courses we
have learned after returning home. There are also some
video teachings and so on that we are interested in. We
can come into contact with anything we are interested in,
and we can learn by looking for related teaching videos,
which not only deepens our learning content but also
improves our skill strengthening.

PSO is an evolutionary computing technology based on
swarm intelligence, which solves the global optimal solution
of iterative optimization problems. It finds the global opti-
mum by following the optimal value currently searched.
This algorithm has attracted the attention of academia due
to its advantages such as easy implementation, high accu-
racy, and fast convergence and has demonstrated its superi-
ority in solving practical problems. The algorithm principle
is simple. Compared with genetic algorithms, there are no
complex functions such as hybridization and mutation. They
are just particles looking for the best particles in the solution
space. Compared with other evolutionary algorithms, they
have the advantage of being easy to apply and do not require
complex models to solve optimization problems [18]. Since
the field of evolutionary computing was proposed. As shown
in Table 1, according to the number of commonly used
search libraries, it can be seen that a large number of librar-
ies and research results have emerged in a short period of
more than ten years.

The particle swarm algorithm was first proposed by two
American scientists based on the process of flocking birds to
find the best foraging area. As an intelligent algorithm, PSO
simulates the process of optimal decision-making. Similar to
the human decision-making process, before you make a
choice, will you be affected by your own experience (local
optimal) and the experience of people around you (global
optimal)? In the same way, the initial position of each bird
is random during the foraging process of a group of birds.
Of course, it is not known where the best foraging point is,
and the flight direction of each bird is also random. It can
be considered that in the early stage of foraging, the trajec-
tory of the bird flock is chaotic. Over time, the birds in ran-
dom positions learn from each other and share foraging
information in the flock, combining his own experience
and the information sent by his companions in the process
of foraging to estimate the value of the food at the current
location. Based on this search method, particle swarm opti-
mization (PSO) came into being.

When the wireless signal propagates in free space and
has an unobstructed straight path, the following formula
can be used to calculate the distance R between the transmit-
ting node and the receiving node after the measurement data
is obtained.

p rð Þ = pkGKβ
2

4πð Þ2r2 : ð1Þ
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For the description of some parameters in the above for-
mula, PK is the power of the transmitter,pr is the received
power at the distance r, r is the distance, β is the wavelength,
and the units are all meters; Gt and Gr are the transmitting
antenna and the receiving antenna, respectively. With this,

we can calculate the distance between the transmitting point
and the receiving point through a certain calculation.

The PSO algorithm has been widely used but there are
also many problems. In order to solve these problems and
in order to strengthen the search ability and convergence
of PSO, some predecessors have introduced ω in the for-
mula. The research shows that when ω is small, it narrows
the network search range of the algorithm, and the powerful
local search ability can improve the search accuracy. Balan-
cing search accuracy and convergence speed is the focus of
particle swarm optimization. The types of linearly decreas-
ing inertia weights are

v = vmax‐
vmax‐vmin

tmax
× t: ð2Þ

In the above formula, vmax is the maximum value of iner-
tia weight, vmin is the minimum value of inertia weight, tmax
is the maximum number of iterations, and t is the current
number of iterations. The linear inertia weight is globally
optimized in the early stage of the particle swarm, and after
finding the approximate position of the optimal solution, a
local search is performed, which effectively improves the
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Figure 4: Judgment criteria for mobile learning.
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Table 1: Data statistics of particle swarm optimization algorithm in
the literature library.

Publication year Records Percentage

2008 300 3.20%

2009 400 6.20%

2010 445 7.10%

2011 523 7.50%

2012 625 8.60%

2013 800 9%

2014 654 9.50%

2015 911 10.23%

2016 240 15.66%

2017 1318 18.66%

2018 1097 19.60%
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convergence speed and accuracy at the same time [19].
However, when the linearly decreasing weight solves com-
plex problems, it is easy to ignore the population character-
istics, the convergence speed slows down, and the optimal
solution cannot be found, and it is easy to fall into the local
optimum. Therefore, in order to balance the global search
and the local search and solve the local optimal problem, this
paper proposes a nonlinear adaptive inertia weight formula:

v kð Þ =
vmax −

vmax − 1/2ð Þvmin
1/2ð Þtmax

⋅ k,

1
2 vmax − vmin

� �
⋅ e− k− 1/2ð Þtmaxð Þ + vmin, 

8>>><
>>>:

k ≤
1
2 tmax,

k > 1
2 tmax:

ð3Þ

In the above formula, vmax is the maximum value of iner-
tia weight, vmin is the minimum value of inertia weight, and
tmax is the maximum number of iterations, which is the cur-
rent number of iterations. In the algorithm search process,
the inertia weight of the particle swarm decreases linearly
in the early stage ðk ≤ ð1/2ÞtmaxÞ, and the particle swarm
can often find the approximate position of the optimal solu-
tion quickly, which can prevent the particle swarm from fall-
ing into the local optimum in the early stage; in the late stage
of the particle swarm ðk > ð1/2ÞtmaxÞ, the inertia weight
decreases exponentially, which improves the search accuracy
of the particle swarm to find the optimal solution more accu-
rately. The improved inertia weight can adaptively change
nonlinearly during the optimization process of the particle
swarm. The high-speed optimization of the particle swarm
in the early stage improves the convergence speed and at
the same time improves the search accuracy of the network
in the later stage and avoids the particle swarm from falling
into the local optimum.

In the process of algorithm optimization, the initial stage
should focus on global optimization, focusing on self-
learning ability; in the later stage, the particle optimization
range should be narrowed to quickly approach the global
optimal, focusing on social learning ability [20]. The value
of the learning factor c1 first becomes larger and then
smaller, and the value of the learning factor c2 first becomes
smaller and then larger. Based on this improved method to
search for the global optimum of the network, improve the
convergence speed of the algorithm, prevent the algorithm
from falling into local freedom, and use the cosine algorithm
to improve the learning factor.

c1 = j1 − j2ð Þ ∗ cos π

2
t

tmax

� �� �
+ j2,

c2 = j3‐j4ð Þ ∗ cos π

2
t

tmax

� �� �
+ j4:

ð4Þ

In the above formula, j1, j2, j3, and j4 are the starting
value and final value of c1 and c2, respectively. After many
experiments, we get j1 = 3:5, j2 = 0:5, j3 = 2:5, and j4 = 0:5.
When the algorithm is used, do it right.

2.4. Optimal Number of Cluster Heads. In the algorithm per-
formance comparison of wireless sensor networks, clustering
can effectively reduce network energy consumption and
improve performance. Assuming that there are g nodes in
an m ×m network, the number of cluster heads is b, so the
probability of a node being elected as a cluster head is g/b,
the number of nodes distributed in each cluster is ðg/bÞ‐1,
and the number of nodes in each cluster is JJ. In the calcula-
tion, the energy consumed by the base station during signal
transmission is

E = g
b
− 1

� �
× eel × l + g

b
× EDA × l + Eel × l + ηam × r4to × l

� �
:

ð5Þ

In the above formula, rto is the distance from the cluster
head to the base station. When a node transmits data to the
cluster head, it consumes a certain amount of energy.

Eme = l × Eel + l × ηf × r2to: ð6Þ

In the above formula, rto is the distance from the node to
the cluster head. Assuming that each node is pðx, yÞ, its
expectation is

E r2to
� 	

=∬ x2 + y2
� �

p x, yð Þdxdy =∬ x2 + y2
� � b

m2 dxdy =
m2

2bπ :

ð7Þ

The total energy consumed is

Eto = bECH = l × 2g − bð Þ × Eel +
m2

2bπ g‐bð Þηf + edag + bηamr4to

 �

:

ð8Þ

Solve the first derivative of E with respect to b, and make
it equal to zero, so that we can get

ηam × r4to‐ηf ×
g
2π × m2

b2
= 0: ð9Þ

Solve the above equation to get

b =
ffiffiffiffiffiffiffi
ηf
ηam

r
⋅

ffiffiffiffiffiffi
g
2π

r
⋅
m
r2to

: ð10Þ

The decision factor f1 is based on the network energy
consumption, the decision factor f2 is based on the remain-
ing energy of the cluster head, the decision factor f3 is based
on the distance between the cluster head and the nodes in
the cluster, and the decision factor f4 is based on the distance
between the cluster head and the base station. According to
the previous energy consumption model, we can get the total
energy consumption of network communication as
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Eto = 〠
g

g=1
l × 2 cbj j − 1ð Þ × Eel + r2to cbj j − 1ð Þηf + cbj jeda + ηamr

4
to

� 	
:

ð11Þ

Then, we can get the power consumption judgment
factor of the network node as

f1 =
1
g
〠
g

g=1
l × 2 cbj j − 1ð Þ × Eel + r2to cbj j − 1ð Þηf + cbj jeda + ηamr

4
to

� 	
:

ð12Þ

In the definition of decision factor f2, first sum up the
remaining energy of all particle nodes in the algorithm,
and divide it by the energy of the cluster head. The smaller
the value obtained, the greater and better the possibility of
being selected as the cluster head.

f2 =
∑g

i=1E

∑b
b=1e chð Þ

: ð13Þ

The definition of decision factor f3 is to calculate the
maximum average Euclidean distance between a common
node and its cluster head according to the node position.
The smaller the value, the better the compactness.

f3 = 〠
g

i=1
〠
b

b=1

d ni, chð Þ
CP,K
  : ð14Þ

f4is the minimum distance between the node and the
base station. The smaller the distance from the base station,
the lower the communication energy consumption.

f4 = min df chi, bsð Þg: ð15Þ

In the above formula, dðchi, bsÞ is the distance from the i
th cluster head to the base station. Based on the above four
decision factors, the decision function constructed in this
article is

cost = βf1 + αf2 + χf3 + γf4: ð16Þ

f1, f2, f3, and f4 are the decision factors of this algorithm
when selecting cluster heads. The specific physical meanings
of the four factors are as described above. The parametersα,β
,λ, andη, respectively, represent the weight of each decision
factor in the fitness function,α β γ ηε½0, 1�,α + β + λ + η = 1,
and the weights of the four decision-making factors can be
adjusted according to actual needs [21]. According to the
definition of fitness function, a relatively small fitness func-
tion value can ensure the selection of the optimal cluster
head. The smaller the fitness function of the particle, the less
the energy consumption of the network, the more the
remaining energy of the cluster head node, the better the
compactness within the cluster, and the better the energy
consumption of the cluster head communication. Therefore,
the goal of improving the particle swarm algorithm is to

select the node with the smallest fitness function value as
the cluster head, optimize the selection of the cluster head,
and reduce network energy consumption.

In the initial stage of the algorithm, each node randomly
generates a random number μ, 0 < μ < 1, and sets the thresh-
oldTfor electing cluster heads,μ < T ; the node is elected as
the candidate cluster head. In the improvement of the
threshold T , the influence of the global network node is
taken into consideration, and comprehensive consideration
is given to node energy, density, and distance from the base
station which are three factors.

T nð Þ
p

1‐p d ∗mi 1/pð Þð Þ ⋅
ei
e0

⋅
di‐dmin

dmax‐dmin
, n ∈ g,

0, n ∉ g,

8><
>:

Qi =
nei ið Þali
netali

,

xij h + 1ð Þ = xij hð Þ + vij h + 1ð Þ:
ð17Þ

In the above formula, there is a probability that a net-
work node is elected as a cluster head in normal times, where
p is the probability that a network node is elected as a cluster
head, r is the number of running rounds of the network at
this time, and G is the set of nodes that are elected as cluster
heads in the most recent 1/p round. E0 and Ei are the initial
energy and current energy of the node, respectively; dmax
and dmin are the longest and shortest distances between the
network node and the sink node, d is the distance between
the node and the base station, and Qi is the node density.
Nei is the number of neighbor nodes of node i, and Net is
the number of surviving nodes in the network. The candi-
date cluster head set is constructed through the determina-
tion of the candidate cluster heads. The candidate cluster
heads only unilaterally determine the energy and location
information of the nodes. The energy consumption of the
nodes and the global network information are not consid-
ered, and the election of the algorithm cannot be optimized.
There is a need to optimize the election of the network
candidate cluster head [22].

Test experiments and practice have proved that the
quantum particle swarm optimization algorithm shows good
solving characteristics. The improved algorithm adds parti-
cles with quantum behavior, breaking the limitations of
particle motion speed and position, so the particle swarm
optimization algorithm with quantum behavior shows. In
addition to the excellent features that the particle swarm
optimization algorithm cannot match, many aspects have
been improved. In order to meet this exponential increase
in data throughput, heterogeneous networks will achieve
better performance in terms of increasing network capacity,
increasing coverage, and improving spectrum efficiency. At
the same time, the unprecedented rapid development of
wireless communication technology is shown in Figure 6.
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3. Contrast Experimental Design

3.1. Experimental Environment. In order to test the wireless
channel allocation performance of the combined intelligent
algorithm, Matlab 2016 was selected as the experimental
platform. The parameters of the wireless network and the
combined intelligent algorithm are defined as follows: the
number of nodes is 40, the communication radius is 100m,
the interference radius is 30m, the total number of available
channels is 24, the population is 100 for the genetic algo-
rithm, the maximum evolutionary number of the genetic
algorithm is 1000, the population number of the swarm opti-
mization algorithm is 40, and the maximum number of iter-
ations of the particle swarm optimization algorithm is 500,
δ = 0:95, C1 = 1:95, andC2 = 1:5. Select the wireless channel
allocation method in literature [9] and bibliography [13]
for benchmark testing.

For genetic algorithm, it is difficult to obtain the global
optimal wireless network channel allocation plan when solv-
ing the wireless network channel allocation problem, and
the particle swarm optimization algorithm for the wireless
network channel allocation problem solves the slower prob-
lem, and the combination of them is improved. The
throughput of the wireless network, the network delay,
and the packet loss rate of data transmission are smaller,
and the communication performance of the wireless net-
work is significantly improved.

The wireless network channel allocation process is
mainly divided into three stages: data collection, wireless
network channel allocation method design, and wireless net-
work channel allocation implementation. Among them, data
collection is used to collect wireless network-related param-
eters and working environment data to provide data for the
wireless network channel allocation method; and the wire-
less network channel allocation method design mainly deter-

mines the optimal wireless network channel allocation plan
and finally obtains the wireless network channel. The alloca-
tion scheme is applied in the specific wireless network com-
munication process, so the design of the wireless network
channel allocation method is the most critical.

3.2. Throughput Comparison of Wireless Network
Communication Systems. Throughput mainly describes the
amount of data received by the wireless network communi-
cation system in a unit of time. The performance change
curve of the wireless network communication system under
different simulation times and three wireless network chan-
nel allocation methods is shown in Figure 7 [23]. It shows
that the wireless channel allocation method used in this
paper is relatively stable to the changes in the performance
of the wireless communication system; it shows that the
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performance of the wireless network communication system
is unstable. At the same time, the network communication
system of the wireless channel allocation method in this
paper is significantly higher than that of the literature [9]
and literature (the wireless communication system of the
method in 13) shows that the wireless network distribution
system implemented by this method makes it more mean-
ingful to make full use of the wireless network and increase
the utilization rate of the wireless network.

3.3. Problems in the Process of Wireless Network
Transmission. In the same experimental environment, the
transmission delay curves of the wireless network communi-
cation system with different simulation times and three
wireless channel allocation methods are shown in Figure 8.
Point (a) shows that the transmission delay of this method
of wireless communication network is significantly shorter
than that of literature [9] and literature [13], which is almost
5%. Accelerated data transmission the wireless network
communication system is fast, can be applied to time-
sensitive occasions, and has high practical application value.
It can be seen from point (b) that the packet loss rate of the
wireless communication network in reference [9] and refer-
ence [13] is generally high, indicating that the wireless
network is subject to great interference, and the probability
of network congestion is high and wireless channel alloca-
tion is unreasonable. This wireless network communication
method has a low packet loss rate and fewer wireless
network data transmission errors, which is nearly 10% lower
than the other two methods. This improves the wireless data
transmission capacity of the communication network.

Through reading other documents, it is found that the
packet loss rate of their wireless communication network is
generally high, but this wireless network communication
method in this article has a low packet loss rate and fewer
wireless network data transmission errors, which is more
energy-efficient and faster than the market. By about 15%,
the wireless data transmission capacity of the communica-
tion network has been improved.

4. Discussion of Experimental Results

4.1. Energy Consumption during Signal Transmission. As
shown in Figure 9, when the distance between the transmit-
ting end and the receiving end of the user changes from 10m
to 100m, the total energy efficiency of D2D users under both
methods increases with the increase of the distance between
TX and RX in D2D users and reduces. This is because as the
distance between TX and RX increases, the path loss
increases, resulting in greater power consumption, which
will have a serious impact on the energy effect of D2D com-
munication. At the same time, we can see that the RR algo-
rithm proposed in this chapter is better than the TM
algorithm in terms of energy efficiency under the QoS
requirements of the two cell users. When the minimum rate
requirement for cell users increases, the gap between the RR
algorithm and the TM algorithm in terms of D2D commu-
nication energy efficiency will be reduced. This is because
when Rc is large, in order to avoid crosslayer interference,
the transmission power of D2D users will be strictly limited
[24]. Through the RR algorithm with intelligent algorithm,
we found that they can reduce energy consumption by
nearly 10% without the help of intelligent algorithm in the
process of wireless network propagation, which is above
the same distance., We also found in the TM algorithm that
with the blessing of intelligent algorithms, only the energy
consumption has been reduced by 7% [25, 26].

4.2. The Purpose of Using Cloud Education by Students. The
source of the experimental data is a questionnaire survey of
550 issued for each class of a certain university. The ques-
tionnaire stars used are drawn based on the results of the
questionnaire survey we have obtained. In order to under-
stand how students use various electronic device cloud edu-
cation platforms for learning at different levels, because we
felt that the data obtained was not true enough, we adopted
offline and distributed some questionnaires in the cafeterias
of various schools in the university city for corresponding
recovery. The recovery rate reached 100%. A total of 550
questionnaires were collected, and 480 valid questionnaires
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Figure 8: (a) Transmission delay variation curve of wireless network communication system. (b) The packet loss rate of the wireless
network communication system changes with time.
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were collected. The effective rate is 87.28%. According to
the returned questionnaire, it can be clearly seen from
Figure 10(a) that 80% of the survey subjects are undergradu-
ates (384), 10% are master students (48), and 9% are doctoral
students (48 people); 1% is other personnel (5 people); 98%
of the students own laptops, among which the holding rate
of notebooks for masters and doctoral students is 100%,
and the holding rate of iPad reaches 95%. We can see from
Figure 10(b) that the purpose of students participating in
mobile learning is not consistent, basically considering indi-
vidual needs (note: this data excludes nonlearning purpose
behavior), but mainly concentrated in three aspects, 28% of
students. It is believed that mobile learning can acquire new
knowledge and assist professional learning in the classroom
environment. 37% of students use mobile learning to assist
in exams, as a means of preparing for exams, especially for

time users such as review of final exams and college English
test bands 4 and 6. Moreover, 33% of the students used
mobile learning for teacher-student exchanges and discus-
sions, 2% of the students used mobile learning for other pur-
poses such as entertainment and emotional communication
[27], as shown in Figure 10.

5. Conclusions

The learning that cloud education will bring to us will be
when we are at home, turn on the computer or mobile
phone, and wait for any mobile terminal device that can
access the Internet, and timely check the missing and fill
vacancies of what we learned on the day, summarize, and
review; on the bus, complete the day’s assignments which
are automatically submitted; while traveling or doing other
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things while listening to teaching videos, or learning the lat-
est information, we will be in the cloud campus, the smart
campus of the cloud classroom. It can help us enrich our
knowledge through cloud education.

The American Annual Education Technology Report
points out that globalization, networking, and digitization
have brought about a big explosion of knowledge, and peo-
ple’s learning time and learning space are extending infi-
nitely. The study time broke through the fixed hours of
study or work and began to expand to sleep and lifetime.
The learning space also began to break through the bound-
aries of the school and gradually expanded to the society.
Future education must be a knowledge dissemination mode
that meets the needs of all kinds of learners and supports
multiple learning methods. Use advanced information tech-
nology to build a modern education and teaching environ-
ment and realize the integration of people and campus,
people and information system, and campus entity and
information system, so as to improve teaching methods,
promote scientific research, improve management efficiency,
and improve service level. As new technologies, new ideas,
and new applications emerge, cloud education has many
advantages. However, we should also see that before any
new thing matures, there will always be more or less defects,
and cloud education is no exception. Mobile learning is con-
venient and fast, but it is difficult for learners to concentrate
for a long time. We can split the learning content into small
knowledge points to suit learners to quickly learn in a short
time. In addition, rich resources are a major advantage of
cloud education. However, massive learning resources can
make learners lose or feel at a loss. Then, when we build a
network resource library, we must fully consider the needs
of users and use the resources most appropriately. The way
of organization is presented to students, allowing them to
truly experience the convenience and speed brought by
“cloud computing” technology to resource retrieval. How
to make cloud education play its true value and advantages;
realize anytime, anywhere; and maximize the benefits, to
make up for the lack of resources and support services for
extracurricular learning, we need to further explore. The
development of cloud education is the general trend. It is
believed that cloud education will play a huge role in
promoting the development of mobile learning and bring
disruptive changes to mobile learning. Perhaps, in the near
future, the learning we will see will be as follows: when the
learner is at home, turning on the computer or mobile
phone and waiting for any mobile terminal device that can
access the Internet and timely checking the missing and fill-
ing vacancies of the content of the day, summing up, and
reviewing; in the bus and in the car, complete the day’s
homework and automatically submit it; while traveling or
doing other things, listen to the instructional video, or learn
the latest information; we will be in the cloud campus, the
smart campus of the cloud classroom. I believe that we will
become more and more intelligent in the future.
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