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The wireless sensor network has developed rapidly in recent years. It is formed by the intersection of multiple disciplines. It
integrates embedded technology, sensor technology, distributed technology, wireless communication technology, and modern
networks. It is a brand new information acquisition platform. The characteristics of sensor networks determine that
information fusion technology is a hot spot in the research of wireless sensor networks. Information fusion can achieve high
performance and low cost in terms of energy and communication, which is of great significance to the research of sensor
networks. This paper is aimed at studying the semantic-based sports music information fusion and retrieval research in
wireless sensor networks. WSNs may face various attacks including eavesdropping attacks, replay attacks, Sybil attacks, and
DOS attacks. Therefore, they are designing sensor network solutions. It is necessary to consider the network security issues.
This article summarizes and analyzes the existing WSN security data fusion solutions for this issue and compares them by
classification. This paper proposes methods and theories such as the spatial correlation detection algorithm, CBA algorithm,
FTD algorithm, and DFWD algorithm, which enriches the research of information fusion and retrieval in wireless sensor
networks, which is of exploratory significance, and it also establishes this problem. The model was studied, and reliable data
was obtained. The experimental results of this paper show that when using these methods to diagnose faults in WSN, the
correct rate of model diagnosis is higher than 77%.

1. Introduction

1.1. Background.WSNs are currently attracting international
attention, a highly integrated frontier research field involv-
ing multiple disciplines and a high degree of intersecting
knowledge. Developments in sensor technology, in microe-
lectrical systems technology, computer technology, and
radio communication have promoted the emergence and
development of modern WSN. After the Internet, WSNs
are IT hotspot technologies that have a significant impact
on human lifestyles in the 21st century. As early as 1999, it
was listed by US Business Weekly as the most influential
machine of the 21st century, and in 2000 by the US Depart-
ment of Defense as one of the five cutting-edge areas of
national defense. These miniature, inexpensive, and low-
power sensor nodes (devices) have the function of sensing

the surrounding environment and data processing and can
form a sensor network spontaneously through wireless com-
munication technology, which is convenient for people to
collect useful information and analyze and process. In many
fields in the real environment, WSNs have very broad appli-
cation prospects. For example, it has good applications in
military, target tracking, environmental monitoring, health
monitoring, and other fields. Later, in 2003, MIT’s Technol-
ogy Review magazine listed WSN as the first emerging tech-
nology among the top ten emerging technologies in the
future; in 2003, Business Week published a report in its
“Future Technology Special Edition.” The article pointed
out that WSN is one of the four high-tech industries in the
world in the future. Since the promotion of sports dance in
China in the 1980s, in order to make it quickly become
one of the fitness programs of national sports, to
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harmoniously integrate with the international sports dance
culture, and to enhance the cultural taste of Chinese sports
dance, some experts and scholars have advocated. Under
the influence of the theory of Chinese sports dance, sports
dance uses Chinese elements in music and clothing, making
this sport quickly accepted by the Chinese people and effec-
tively promoting the development of national fitness sports.

1.2. Significance. The basic function of WSNs is to sense, col-
lect, process, and return data information in the monitoring
area. The resources of the sensor nodes are very limited,
especially the battery energy resources of the nodes, which
are directly related to the service life of the entire network.
WSN usually contains many wireless sensor nodes, which
are composed of embedded processors, sensing components,
power modules, and communication parts. The sensor
nodes are usually deployed by random placement. At any
time, the sensor nodes use wireless communication to self-
organize the network topology. Each node has a strong col-
laboration ability, and the network system is “intelligent”
from the perspective of the overall behavior of the system.
At the same time, due to the characteristics of reciprocal
measurement and distributed collaboration, wireless sensor
networks have a wider application range, flexible operation,
high measurement accuracy, and intelligence and have
broad application prospects in many fields such as military,
industry, and agricultural production. At the same time,
the reliability and sustainability of the network are also
increasing. The fault diagnosis of sensor nodes is very
important. Real-time understanding of the state of the net-
work plays an important role.

1.3. Related Work. Since the end of the 19th century, the
wireless sensor network has been a highly interdisciplinary
field. It highly integrates sensors, embedded computing,
wireless network, and communication technologies. Scholars
at home and abroad have paid more and more attention to
its research due to many unavoidable factors. Due to the
influence of factors, the environment in which WSN is used
is extremely complex and harsh, so the probability of sensor
node failure is much higher than that of other systems. Li
and Wang proposed that wireless sensor networks, as an
emerging technology integrating information acquisition,
transmission, and processing, play an important role in the
field of computer networks. Reliable information fusion is
a key technology for reducing energy consumption and data
transmission in wireless sensor networks and has broad
prospects. In recent years, with the development of informa-
tion technology, the research of WSN reliable information
fusion method has attracted wide attention from domestic
and foreign scholars and gradually diversified [1]. Wu et al.
proposed the wireless sensor network holmium wshn41,
which has been widely used in military, transportation, med-
ical, and other fields. The design of a wireless sensor network
routing protocol is limited by the characteristics of local
information and power supply. The communication ability
and access point of sensor networks are limited. How to
improve the energy efficiency of node and network life cycle
is the current research hotspot, and an improved leach hol-

mium algorithm is proposed [2]. Wang et al. said that the
class state estimation problem of wireless sensor networks
(WSNs) with finite energy is studied. Firstly, the multirate
estimation model is established, and then, the calculation is
carried out on the basis of matrix weighting. Based on the
optimal fusion criterion, there is a new development. A
two-step information fusion algorithm is designed. Com-
pared with the existing methods, the proposed fusion algo-
rithm can greatly reduce the communication cost. A
wireless sensor network can effectively save the energy cost
of sensors [3]. Although the analysis is in place, some of
the theories put forward do not have practical significance.
The disadvantage of the research is that there is no specific
analysis of the research process.

1.4. Innovation. Innovative points of this article are the fol-
lowing: (1) Innovation is from the perspective of topic selec-
tion. From the perspective of topic selection, this article is a
brand new perspective. It has exploratory significance in
researching wireless sensor networks, sports music, informa-
tion fusion, and retrieval. (2) The innovation of the method
part is to use the spatial correlation detection algorithm,
CBA algorithm, FTD algorithm, and DFWD algorithm in
the research for sports music information fusion and
retrieval. (3) The other is the innovation of project practice.
Due to the characteristics of peer-to-peer measurement and
distributed collaboration, wireless sensor networks have a
wider application range, flexible operation, high measure-
ment accuracy, and intelligence and have broad application
prospects in many fields such as military, industry, and agri-
cultural production.

2. Overview of Wireless Sensor Network
Detection Methods

2.1. Overview of Detection Methods. Wireless sensor net-
works have an important application value in many fields,
such as detecting whether an event has occurred and report-
ing it to users. The application research of event detection is
the design of effective event detection technology. Since
the 21st century, many domestic and foreign scholars have
conducted research on this. This paper summarizes the
existing event area detection algorithms, which can be
roughly divided into two categories: algorithms based on
spatial correlation and algorithms based on spatiotemporal
correlation [4].

2.1.1. Detection Algorithm Based on Spatial Correlation.
Krishnamachari et al.’s research on event detection technol-
ogy in the sensor network environment is relatively early.
According to the spatial correlation characteristics between
nodes, they proposed a Bayesian fault-tolerant algorithm
(BFTA). The first is the need to calculate the prior probabil-
ity; the second is the error rate of the classification decision;
the third is that it is very sensitive to the expression of the
input data; the fourth is the use of the assumption of the
independence of the sample attributes, so if the sample attri-
butes are related, the effect is not good. The BFTA algorithm
[5] is executed on the premise that normal nodes have
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spatial relevance but error nodes do not have spatial rele-
vance characteristics, all nodes have the same error rate,
and the missed alarm rate and false alarm rate [6] are consis-
tent. Define the node error rate, then

P = P Si = 0jDi = 1ð Þ = P Si = 1jDi = 0ð Þ: ð1Þ

Among them, it is defined as the actual condition of
the event, which is defined as the state observed by the
node, and the value is “1” or “0.” Assume Ln indicates
normal conditions. Lower node perception data,Le/2, rep-
resents node perception data under abnormal conditions;
the best decision threshold is equal to Ln + Le/2. If the
environmental noise obeys the normal distribution Nð0,
∂2Þ, then the value of P can be obtained according to
formula (1):

P =R
Le − Ln
2∂

� �
: ð2Þ

2.2. Detection Algorithm. The CBA algorithm, FTD algo-
rithm, and DFWD algorithm are all three different
improved algorithms for the above BFTA fault-tolerant
OTDS algorithm. The CBA algorithm improved algorithm
performance, such as reducing the incident missed alarm
rate. The FDT algorithm reduced the communication
between network nodes on the premise of effectively com-
pleting event detection. The DFWD algorithm improves
the reliability of event detection and reduces the false pos-
itive rate. The improved methods and advantages and dis-
advantages are shown in Table 1.

2.2.1. CBA Algorithm. In the algorithm, T j represents the
credibility of each sensor node [7], and the mean value of
the product of Xi and the node observation value is used
to determine whether an event has occurred, and the dis-
criminant function is set to f ðXi, �XiÞ. If the mean value
meets certain conditions, the other is f ðXi, �XiÞ; otherwise,
it is 0. If Xi is defined as the neighbor node of node sj, the
observation data of sjðj = 1, 2,⋯, kÞ, and the initial value of
the node’s credibility is Tmax, the average value of node sj
and its neighbor node si is calculated as �Xi:

�Xi = SDG Xf j = 2j� �
=
∑k

j=1T j

∑k
j=1T j

: ð3Þ

Secondly, use the judgment function f ðXi, �XiÞ to judge
the state of node si, namely,

s Xi, �Xi

� �
=

1, if xixj
�� �� > δ,

0, otherwise:

(
ð4Þ

2.2.2. FTD Algorithm. The algorithm implements event
detection according to the neighbor node of the node and
the neighbor node status of its node neighbors [8]. Each
node in the algorithm sets different credibility according to

the neighbor’s neighbor nodes and judges whether the node
realizes the reliable detection of the event through the cred-
ibility. First, calculate the sum of the observations of the
neighbor nodes of node si, namely,

ti = 〠
n2

j=3
f df g: ð5Þ

Calculate the credibility of si node:

Wself
i = 1 +Dai

2n2
=

2
3 ∗ n1ð Þ, Sai

= 0,

2
n1, Sai = 1 :

8>>><
>>>:

ð6Þ

Calculate the credibility of neighbor nodes of si node
neighbor:

W = 〠
b1

i=1
Wneighbor

i ∗Wself
i ,

W = 〠
n2

i=2

t1
n2

∗
2
3n2

1 + sasð Þ
	 


,

W = 〠
gk

i=1

gk

n2

1
2n1

2 + 2ð Þ
	 


+ 〠
n1

n=2

te
n3

1
3n 2 + 0ð Þ

	 

:

ð7Þ

2.2.3. DFWD Algorithm. The DFWD algorithm is an algo-
rithm based on hypothesis testing. If most of its neighbor
nodes also meet the hypothesis testing conditions, it is con-
sidered that node sj has detected an abnormality. The condi-
tions to be met are

Xi
t − Expr tð Þ�� ��
SarSRe tð Þ < ∂: ð8Þ

Among them, the variance function that defines the
node perception data is SarSReðtÞ1, and it is determined by
the following formula:

Arh tð Þ = Expn tð Þ + Expe tð Þ
3 : ð9Þ

ExpnðtÞ and ExpeðtÞ, respectively, represent the expected
function of the node perception data in the normal area and
the event area.

2.3. The Information Processing Method of the Convergence
Node of the Wireless Sensor Network. In WSNs, the sensor
information of ordinary nodes in the monitoring area is
transmitted to the sink node, and the data packet transmis-
sion method and the ability of the ordinary sampling points
in the monitoring area to fuse data information [9] and
information processing methods can be divided into central-
ized and distributed. The characteristic of the centralized
structure is that the sensor node directly transmits the
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associated information to the sink node and then performs
data fusion through it. This structure minimizes loss of
information, but wireless sensor network nodes are very
tightly deployed, so there are multiple sensor nodes corre-
sponding to obstacles, or multiple to one situations. This
kind of redundant information will make the wireless sen-
sor network. The energy is severely lost. The distributed
method is also called information processing in the sensor
network [10]. When the sensor node uses the cluster head
node in the network to transmit information, the cluster
head node will flip through the scanned information and
then preprocess the information accordingly. A method
for sinks in wireless sensor networks to collect information
when they are moving: first establish a two-layer grid in
the entire network, and perform hierarchical monitoring
based on the two-layer grid, and perform event-driven or
query-driven monitoring of events of interest in the envi-
ronment. For monitoring applications, when the sink is
moving, the agent mechanism is used to reselect the direct
agent and the main agent to ensure that the sink can con-
tinue to collect data from the event source or the node of
the query source. Then, the cluster head node transmits
the fault information to the sink node, and finally, it
implements information processing. In this way, the infor-
mation collection of the wireless sensor network can be
carried out efficiently, and the two open can reduce the
scale of information transmission [11] and then can
reduce energy consumption [12]; the channel utilization
rate has been improved, and the wireless sensor network
has expanded usage time. Therefore, for wireless sensor
networks with high energy-saving requirements like this
article, a distributed structure is used to process data. In
the wireless sensor network, there are many ways to clas-
sify the data fusion method of the sink node. The main
method of data fusion is shown in Figure 1.

3. Simulation Experiment

3.1. Feasibility Experiment. The experimental scenario
assumes that 4000 nodes are randomly generated in 633
RCs distributed on a 6400 square meter site. The node distri-
bution is shown in Figure 2. The sensing radius [13] is 15
meters, and the initial energy of the nodes is 90 joules, as
shown in Figure 2.

First of all, consider the energy consumption of the wire-
less sensor network without attack and without other net-
work nodes [14], the transmitter radius of SORCA-W
being ten meters and the transmitter radius of SORCA being
40 meters, as shown in Figure 3.

It can be seen from the power consumption model that
when the communication node distance is greater than 0,
the power consumption of the transmitter is proportional
to the square of the distance; otherwise, it is proportional
to the fourth power of the distance. It does not affect the
normal communication of nodes [15, 16]; a large amount
of energy can be saved by shortening the transmitting radius
of the node.

3.2. Continuous Wiener Acceleration Model. When studying
the state estimation problem of linear systems, use the Wie-
ner process to describe the product performance degrada-
tion trajectory. In the test, when the product performance
degrades to a certain threshold, the stress level is changed,
so that the stress level change time of the product is a ran-
dom variable that obeys the inverse Gaussian distribution.
Based on this situation, the step stress accelerated degrada-
tion of the product is an established model. CWPA is the
most basic model. The purpose of designing this experiment
is mainly as follows:

(1) Through this experiment, how to model the phys-
ical system is understood and the obtained contin-
uous time-invariant state differential equation is
converted into a discrete form state equation suit-
able for Kalman filter, numerical data processing
noise reduction, Kalman data processing technol-
ogy, Kalman data processing noise reduction,
real-time computing, parallel programming, real-
time programming, real-time updating, Kalman fil-
ter, navigation, control, etc.

(2) Because in the simulation experiment the measure-
ment data of the sensor needs to be generated artifi-
cially, this experiment also explains how to simulate
the dynamic system to generate the sensor measure-
ment data close to the actual value

(3) The influence of the type and error of the physical
quantity measured by the sensor on the experimental
results is explained

Table 1: Three different improved algorithms.

Algorithm Ways to improve Advantage Disadvantage

CBA
algorithm

Modify the relevant theoretical
knowledge and change the
threshold from 0:5 n − 1ð Þ

Improved algorithm performance, such
as reducing incident missed alarm rate

Few types of errors are considered, ignoring the
impact of transient errors on event detection

FDT
algorithm

Set an upper limit for the
missed alarm rate

Reduce the communication between
network nodes on the premise of

effectively completing event detection

Few types of errors are considered, and the
threshold is calculated every time the algorithm is

executed, which increases the amount of
calculation

DFWD
algorithm

Define different weights
according to the distance

between nodes

Improve the reliability of event detection
and reduce the false positive rate

Few types of errors are considered, ignoring the
impact of transient errors on event detection
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In the mathematical modeling of actual linear time-
invariant physical systems [17] (linear time-invariant
models), they often need to be expressed in the form of con-
tinuous time-invariant state differential equations, namely,

dX ið Þ
df

= AR ið Þ +Dw tð Þ: ð10Þ

In the simulation experiment, the target motion trajec-
tory and measured value generated by the simulation are
shown in Figure 4.

According to the above-measured values, the following
position and velocity estimates can be obtained by the stan-
dard Kalman filter [18], as shown in Figures 5 and 6.

The feedback of this figure is that the greater the error
covariance of the generated measurement, the greater the
D, the more intuitive. This is because the value of the coor-
dinate is much larger than the value of the speed. After nor-
malizing the error, it can be known that the relative error of
the position is lower than the relative error of the speed. This
is because the sensor directly measures only the target posi-
tion, while the speed is obtained by indirect calculation. If
the observation matrix H [19] is modified to measure the
target position and speed at the same time, then the accuracy
of the filtered position and speed estimation will be
improved.

3.3. Experimental Data Set. This experiment uses the
KDD99 data set [20], which is used by most researchers in
training and testing network intrusion detection systems.
The experimental network topology consists of more than
500,000 network connection records for training and more
than 200,000 network connection records for testing, as
shown in Figure 7.

Each record of this data contains 3 class identifiers and
42 fixed characteristic attributes, of which there are 5 sym-
bolic variables, 7 discrete variables, and 32 continuous vari-
ables in the characteristic attributes. The data text format is
shown in Table 2.

The last column is the category identifier, which is used
to mark whether the record is normal. There are 24 types of
attacks here, and the test set contains another 18 types of
attacks [21]. The data includes a large amount of normal
network traffic data and various intrusion behavior data,
which are relatively representative. The intrusion data
involves 3 categories and 21 subcategories of intrusion
attacks. The specific categories include DOS, Probe, R2L,

Data fusion method

Classic
method

Modern
method 

Estimation
method

Statistical
methods

Information
theory method

Artificial
intelligence method

Least squares
method

Classical
reasoning Fuzzy theory Production rules

Figure 1: The main ways of information fusion.
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and U2R. For the four types of attacks in the data set and
normal [22], respectively, the intrusion detection classifica-
tion is performed. Taking into account the total number of
samples and the balance rate of the data, the attack data in
the data set is marked as abnormal [23].

4. Experiment and Result Analysis

4.1. The Relationship between S-LEACH Algorithm and
Improved Bp Neural Network Algorithm. Since the model
uses a network model based on a clustering mechanism,
the S-LEACH routing algorithm provides a reasonable data
collection and transmission mechanism for model construc-
tion. That is to say, the network is clustered according to the
improved cluster head election algorithm, and then, we use
the improved BP neural network fusion algorithm in each
cluster routing structure to fuse the data collected by the sen-
sors to extract different types of members in the cluster. The
node collects the characteristic value of sensor data fusion
and transmits the characteristic value to the sink node
through a combination of single-hop and multihop. In this
way, the sink node receives the characteristic data that
reflects the current entire network situation, rather than
the original sensor data. This method will greatly reduce
the energy consumption caused by large amounts of data
transmission. The S-LEACH routing algorithm is a data
fusion algorithm at the network level. It uses cluster heads
to summarize data to improve the energy consumption effi-
ciency of the WSN network, while the BP neural network
algorithm can extract and reflect the collected data through
the trained neural network model. At the level of integration,
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the two complement each other and can make up for their
own shortcomings. Using the combination of two algo-
rithms to build a WSN-based data fusion model can effec-
tively improve the efficiency of data collection and extend
the life cycle of the network. In WSN, the data collected by
the node is used as the input of the BP neural network,
and the characteristic value of the sensor data can be
extracted through the neural network model [24]. In this
way, we can convert the sensor data occupying different
types of data bytes into simple special values and send it to
the convergence center, thus realizing the fusion processing
of the data. In view of the above assumptions, we will estab-
lish a multilevel data fusion model in this chapter, including
the first-level fusion model and the second-level fusion
model. Since the S-LEACH algorithm in this paper is based
on multihop between clusters, the two-level fusion adopts
the intercluster fusion model based on the weighted average
algorithm.

4.2. Data Analysis. In this article, the one-to-one method is
used to realize multiclass fault classification. First, the train-
ing samples are used to train the LS-SVM diagnosis model,

and then, the trained model is used to diagnose the simula-
tion fault. In this paper, RBF kernel function is used as the
kernel function of LS-SVM, and a cross-validation method
is used to determine the model parameters, namely, hyper-
parameter δ and RBF kernel parameter ∂. The reduced fault
sample data is randomly divided into 6 nonintersecting sub-
sets S1, S2, S3, S4, S5, S6. In each training process, 5 of the sub-
sets are used as training samples, and the remaining subset is
used as the test set. In this way, the classification result can
be compared with the original fault type of the test sample,
and the classification ability of the classifier for unknown
samples can be reflected according to its accuracy. This arti-
cle uses a combination of cross-validation method and grid
search method to determine the best parameter ðδ, ∂Þ and
make the classification accuracy the highest. According to
experience, this article gives a set of parameters ∂ = ð0:02,
0:06, 10, 50Þ, δ = ð5, 10, 50, 300Þ. Table 3 is part of experi-
mental result analysis.

From the results in Table 3, it can be seen that δ = 0:5,
∂ = 1 when the training accuracy and test accuracy are the
highest, respectively, 0.99 and 0.98, so the optimal parameter
combination is δ = 0:5, ∂ = 1.

Intranet

Simulate hundreds of hosts
and workstations

Server Server Server

Intranet

Simulate thousands of
networks and workstations

Cos router

External network
capture

Capture dataFile system storage

HostHostHost

Figure 7: KDD99 intrusion detection network environment.

Table 2: KDD99 data format.

1 tcp http SF 5483 5698 2 3 1 2 1 3 2 3 1 00 0

2 1 3 0 000 15 0 02 15 26 0 0 2 56263 12235 1 3

5 6 23 00 00 4 0 0 0 00 48 00 00 0 0 00 Back

0 tcp http SF 242 00 12 0 0 0 0 0 1 0 0 0 123

245 265 236 268 0 00 0 0 0 0 0 1 0 2 0 3 0

0 1 2 0 0 12 0 0 0 15 0 00 15 102 157 11 Normal
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Some conclusions obtained by using SVM to train it are
shown in Table 4.

By comparing Tables 3 and 4, it can be found that
although the highest classification accuracy obtained by
LS-SVM training is not as high as that of SVM, on the
whole, the classification accuracy obtained by SVM is very
dependent on the choice of parameters. Choose different
parameters. The difference in classification accuracy will be
very large. As shown in Table 4, the highest classification
accuracy can reach about 98%, while the lowest classification
accuracy is only about 30%. For LS-SVM, it can be seen from
Table 3 that no matter which set of parameters is selected,

the difference in classification accuracy will not be too large
due to different model parameters, and it will usually not be
less than 55%. This also shows that LS-SVM has stronger
generalization ability than SVM.

4.3. Experimental Results. Since WSN is generally used in a
complex environment, meteorological conditions and
changes in the ionospheric state will interfere with the short-
wave channel. At the same time, some factors such as noise
will also cause a certain deviation in the data measured by
the node. Therefore, this paper selects another 200 sets of
test sample data whose faults are interfered with by external

Table 3: Analysis of classification accuracy using LS-SVM.

δ
∂

0.5 1 10 50
Training
accuracy

Test
accuracy

Training
accuracy

Test
accuracy

Training
accuracy

Test
accuracy

Training
accuracy

Test
accuracy

1 0.95 0.86 0.96 0.86 0.78 0.99 0.89 0.95

5 0.23 0.56 0.45 0.75 0.65 0.68 0.75 0.56

10 0.56 0.25 0.36 0.36 0.56 0.85 0.36 0.75

100 0.95 0.23 0.36 0.42 0.45 0.56 0.57 0.85

Table 4: Analysis of assortment accuracy using SVM.

δ
∂

0.5 1 10 50
Training
accuracy

Test
accuracy

Training
accuracy

Test
accuracy

Training
accuracy

Test
accuracy

Training
accuracy

Test
accuracy

1 0.96 0.9 086 0.89 0.79 0.88 0.9 0.97

5 0.23 0.56 0.45 0.75 0.65 0.25 0.36 0.36

10 0.32 0.36 0.59 0.75 0.62 0.26 0.62 0.86

100 0.95 0.23 0.36 0.42 0.45 0.23 0.56 0.45
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Figure 8: Comparison of reliability simulation results of different data.
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environmental noise. The reliability of the data is reduced to
99.5%, 99%, 98.5%, and 97%, respectively. Rough set, LS-
SVM model, and RSLS-SVM model are used, respectively.
The fault test samples are compared with diagnostic experi-
ments. The comparison chart of simulation results with
MATLAB under different data reliability conditions is
shown in Figure 8.

It can be seen from Figure 8 that the correct rate of diag-
nosis using the RSLS-SVM model is significant and rough
set diagnosis. The accuracy of the LS-SVM model and rough
set method is only 80% and 70% when the data reliability is
90%. When the reliability of the data reaches about 98.5%,
the accuracy of diagnosis using the RSLS-SVM model has
reached a stable level, reaching 95%, while the LS-SVM
model and rough set method cannot achieve stability, only
85% and 77%. When the data reliability reaches about
99%, the correct rate of diagnosis using the LS-SVM model
is stable, and the correct diagnosis rate is 88%; when the data
reliability reaches about 99%, the rough set is used for fault
diagnosis. In order to achieve a stable rate, the correct diag-
nosis rate is 71%. This shows the feasibility and superiority
of the combination of rough set theory and LS-SVM. From
the above experimental results, it can be seen that the use
of a rough set for fault diagnosis takes 1.213 s, and the diag-
nosis accuracy rate is only 79%, which is the lowest, while
the use of the LS-SVM model for diagnosis takes 0.321 s,
which greatly reduces the diagnosis time. At the same time,
the RSLS-SVM model that uses the combination of rough
set and LS-SVM takes only 0.180 s, and the diagnostic accu-
racy rate reaches 98%, which is better than using the rough
set or LS-SVM model alone. The efficiency of diagnosis is
much higher, and the accuracy of diagnosis is also improved,
and the fault tolerance performance is better. It can be seen
from the whole diagnosis process that when using this
method to diagnose WSN faults, the diagnostic personnel
only need to collect the symptoms when the WSN node fails
without having to have a deep understanding of the WSN
domain knowledge, which improves the fault, the vitality
of diagnostic algorithms, and the wide range of applications.

5. Conclusions

In the modern era of rapid scientific development, informa-
tion fusion participates in more and more human produc-
tion processes, such as aviation and railway information,
environmental monitoring, and forest fire prevention. Many
scholars are committed to the research and mining of a
fusion algorithm in order to make the application scope of
the algorithm wider and more efficient. The main work
includes the following points: (1) research on the theory
and technology of multisensor data fusion; (2) in view of
the fact that the fusion threshold is limited in the data-
level fusion algorithm, the accuracy of the fusion result is
affected; this paper proposes a data fusion algorithm applied
to homogeneous multisensor. With the continuous applica-
tion of WSNs, the research on secure data fusion methods
in WSNs will continue to improve, including the research
on specific data fusion methods, the research on the types
of attacks that can be resisted, the research on encryption

methods, and the research on network efficiency. Compared
with the existing schemes, the two different WSN security
data fusion schemes proposed in this paper perform well,
but it does not mean that it is perfect and still needs to be
improved.

Data Availability

No data were used to support this study.

Conflicts of Interest

There are no potential competing interests in our paper.

Authors’ Contributions

All authors have seen the manuscript and approved it to
submit to your journal.

Acknowledgments

This study was supported by the Liaoning Provincial Social
Science Youth Project “Study on the Improvement of Stu-
dents’ Physical Fitness from the Perspective of Smart Sports”
(No. L19CTY002).

References

[1] J. Li and C. Wang, “Research on efficient fusion methods for
reliable information in wireless sensor networks,” Revista de
la Facultad de Ingenieria, vol. 32, no. 11, pp. 583–587, 2017.

[2] W. Wu, N. Xiong, and C. Wu, “Improved clustering algorithm
based on energy consumption in wireless sensor networks,”
IET Networks, vol. 6, no. 3, pp. 47–53, 2017.

[3] N. Wang, Y. Li, G. Qi, and A. Sheng, “Distributed two-stage
state estimation with event-triggered strategy for multirate
sensor networks,” International Journal of Adaptive Control
and Signal Processing, vol. 33, no. 7, pp. 1174–1188, 2019.

[4] Y. Liu, D. Liu, Y. Zhao, and L. Wang, “The reliability analysis
of wireless sensor networks based on the energy restrictions,”
International Journal of Wireless & Mobile Computing,
vol. 10, no. 4, pp. 399–406, 2016.

[5] M. Abu and G. P. Hancke, “Localised information fusion tech-
niques for location discovery in wireless sensor networks,”
International Journal of Sensor Networks, vol. 26, no. 1,
pp. 12–25, 2018.

[6] Z. Zhang, J. Li, and L. Liu, “Distributed state estimation and
data fusion in wireless sensor networks using multi-level quan-
tized innovation,” Christophorus Daniel Beurer, : Pharmaco-
poeus Nofodochialis as Sp St, vol. 59, no. 2, pp. 1–22316, 2016.

[7] X. Guo, Y. He, S. Atapattu, S. Dey, and J. S. Evans, “Power allo-
cation for distributed detection systems in wireless sensor net-
works with limited fusion center feedback,” IEEE Transactions
on Communications, vol. 10, p. 1, 2018.

[8] J. Zhang, S. Gao, X. Qi, J. Yang, J. Xia, and B. Gao, “Distributed
robust cubature information filtering for measurement outliers
in wireless sensor networks,” IEEE Access, vol. 8, pp. 20203–
20214, 2020.

[9] P. Kar and S. Misra, “Reliable and efficient data acquisition in
wireless sensor networks in the presence of transfaulty nodes,”

9Journal of Sensors



IEEE Transactions on Network and Service Management,
vol. 13, no. 1, pp. 99–112, 2016.

[10] H. A. Sanchez-Hevia, D. Ayllon, R. Gil-Pita, and M. Rosa-Zur-
era, “Maximum likelihood decision fusion for weapon classifi-
cation in wireless acoustic sensor networks,” IEEE/ACM
Transactions on Audio Speech & Language Processing,
vol. 25, no. 6, pp. 1172–1182, 2017.

[11] K. P. Rajput, A. Kumar, S. Srivastava, A. K. Jagannatham, and
L. Hanzo, “Bayesian learning-based linear decentralized sparse
parameter estimation in MIMO wireless sensor networks rely-
ing on imperfect CSI,” IEEE Transactions on Communications,
vol. 99, p. 1, 2021.

[12] J. Wang, I. S. Ahn, Y. Lu, T. Yang, and G. Staskevich, “A dis-
tributed least-squares algorithm in wireless sensor networks
with unknown and limited communications,” International
Journal of Handheld Computing Research, vol. 8, no. 3,
pp. 15–36, 2017.

[13] Department of Electronics and Communication Engineering,
S G Balekundri Institute of Technology, Belagavi, India, V. I
Puranikmath, S. S Harakannanavar, S. Kumar, and D. Torse,
“Comprehensive study of data aggregation models, challenges
and security issues in wireless sensor networks,” International
Journal of Computer Network and Information Security,
vol. 11, no. 3, pp. 30–39, 2019.

[14] P. Y. Chen, S. M. Cheng, and H. Y. Hsu, “Analysis of informa-
tion delivery dynamics in cognitive sensor networks using epi-
demic models,” IEEE Internet of Things Journal, vol. 99, p. 1,
2017.

[15] W. Liu, “Real-time obstacle detection based on image semantic
segmentation and fusion network,” Traitement du Signal,
vol. 38, no. 2, pp. 443–449, 2021.

[16] M. Zhou, Y. Li, M. J. Tahir, X. Geng, Y. Wang, and W. He,
“Integrated statistical test of signal distributions and access
point contributions for Wi-Fi indoor localization,” IEEE
Transactions on Vehicular Technology., vol. 70, no. 5,
pp. 5057–5070, 2021.

[17] S. Teng, G. Chen, Z. Liu, L. Cheng, and X. Sun, “Multi-sensor
and decision-level fusion-based structural damage detection
using a one-dimensional convolutional neural network,” Sen-
sors, vol. 21, no. 12, p. 3950, 2021.

[18] A. Argyriou, “Distributed estimation in wireless sensor net-
works with an interference canceling fusion center,” IEEE
Transactions on Wireless Communications, vol. 15, no. 3,
pp. 2205–2214, 2016.

[19] X. Xue, C. Jiang, J. Zhang, H. Zhu, and C. Yang, “Matching
sensor ontologies through Siamese neural networks without
using reference alignment,” PeerJ Computer Science, vol. 7,
no. 4, article e602, 2021.

[20] C. Warden, “"Queer music-hall sport": all-in wrestling and
modernist fakery,” Modernism/Modernity, vol. 27, no. 1,
pp. 147–164, 2020.

[21] A. Doletsky, I. V. Khvastunova, and N. Sentyabrev, “Neuro-
physiological criteria of functional states modification in
sportsmen through aromatherapy and music effects,” Physical
Education and Sport, vol. 33, no. 3, pp. 40–46, 2020.

[22] L. Gao, L. Qi, E. Chen, and L. Guan, “Discriminative multiple
canonical correlation analysis for information fusion,” IEEE
Transactions on Image Processing, vol. 99, p. 1, 2017.

[23] S. Roy, D. Sarkar, and D. De, “Entropy-aware ambient IoT
analytics on humanized music information fusion,” Journal

of Ambient Intelligence and Humanized Computing, vol. 11,
no. 1, pp. 151–171, 2020.

[24] M. Zhou, Y. Long, W. Zhang et al., “Adaptive genetic
algorithm-aided neural network with channel state informa-
tion tensor decomposition for indoor localization,” IEEE
Transactions on Evolutionary Computation., 2021.

10 Journal of Sensors


	Semantic-Based Sports Music Information Fusion and Retrieval in Wireless Sensor Networks
	1. Introduction
	1.1. Background
	1.2. Significance
	1.3. Related Work
	1.4. Innovation

	2. Overview of Wireless Sensor Network Detection Methods
	2.1. Overview of Detection Methods
	2.1.1. Detection Algorithm Based on Spatial Correlation

	2.2. Detection Algorithm
	2.2.1. CBA Algorithm
	2.2.2. FTD Algorithm
	2.2.3. DFWD Algorithm

	2.3. The Information Processing Method of the Convergence Node of the Wireless Sensor Network

	3. Simulation Experiment
	3.1. Feasibility Experiment
	3.2. Continuous Wiener Acceleration Model
	3.3. Experimental Data Set

	4. Experiment and Result Analysis
	4.1. The Relationship between S-LEACH Algorithm and Improved Bp Neural Network Algorithm
	4.2. Data Analysis
	4.3. Experimental Results

	5. Conclusions
	Data Availability
	Conflicts of Interest
	Authors’ Contributions
	Acknowledgments

