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Abstract

The speedy progress of the Internet of Things has connected a huge network of smart devices in series and also intensified the
pressure of multi-channel information transmission in wireless sensor networks. To solve the transmission of large amount
of information, a multi-channel information integration method based on Radial Basis Function neural network, Particle
Swarm Optimization algorithm and Dempster-Shafer evidence theory is studied. The method designs an improved counter
propagation Radial Basis Function neural network prediction algorithm to correct the abnormal data based on the normal
and abnormal values detected by the Grubbs criterion. And then it uses the Dempster-Shafer evidence inference method for
information integration on the basis of the complete monitored values after correction obtained using the above method.
The lab result indicated that mean absolute error value of the improved counter propagation Radial Basis Function model for
anomaly data prediction findings was 4.399, mean square error was 26.820, and root mean squared error value was 5.180.
The average time delay of information integration of this research method was 0.24 ps. Compared with other methods, this
method has the shortest integration time delay and the highest integration accuracy. The study provides a new method in the
multi-channel information integration for wireless sensor networks in the context of internet of things.

Keywords Internet of things - Wireless sensor networks - Multi-channel information integration - Grubbs criterion - RBF -

PSO - D-S evidence inference method

Introduction

With the widespread use of the internet of things (IoT), sens-
ing using wireless devices for locating and monitoring object
data is already a trendy subject of research in the industry.
But there are still a lot of problems in the existing wire-
less sensing systems. For example, the complex and rapidly
changing wireless device deployment environment and sig-
nal interference lead to large errors in wireless sensing data
acquisition which can directly result in deviations in wireless
sensing findings, such as large errors in object localization,
inability to distinguish between similar user actions, etc.
(Tolba and Al-Makhadmeh 2022). In addition to the external
environment and noise interference, the widespread use of
multi-channel technology in wireless networks brings chan-
nel crosstalk, which further increases the anti-interference
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pressure on wireless signals. Secondly, the increase in the
number of channels in wireless networks leads to an increas-
ingly wide range of information sources, an raising amount
of information transmission, and an growing complexity
of information processing (Wang et al. 2021). At the same
time, multi-channel information transmission also faces
heavy channel allocation task, much energy loss, and huge
computation. Some processing manipulation of information
can alleviate these problems. When processing multi-chan-
nel information, it is not possible to make it continuously
pile up, which only aggravates the difficulty of subsequent
information processing. Therefore, integration processing
of information is necessary (Pan et al. 2020). Information
has diverse manifestations, and information integration (II)
methods have emerged because the speed and volume of
its processing has exceeded the comprehensive processing
capacity of the human brain. The earliest II is called data
integration, which is the synthesis, correlation and associa-
tion of information and data obtained from single and multi-
ple information sources to obtain accurate identity estimates
and locations (Chen 2021). Multi-channel II for wireless
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networks is an information processing that uses computer
technology to analyze information under prescribed criteria
to achieve the estimation task and the required decision. II
methods are broadly applied in many fields, such as fault
diagnosis, image processing and greenhouse control.Cur-
rently, there are two main categories of II methods, such
as stochastic class and artificial intelligence methods (Zhu
et al. 2021). The former includes weighted average method,
Dempster-Shafer (D-S) evidence inference method, Kalman
filter method, and Bayesian estimation method, etc. The lat-
ter includes fuzzy logic inference, artificial neural network,
etc. D-S evidence inference method is the more commonly
used II method, and it is an effective way to improve the
quality of information.

Literature review

In the rapid development of IoT, as one of the fundamental
technologies for information transmission of IoT devices,
the II technology of wireless sensor networks (WSNI) has
received unprecedented attention from the academic com-
munity, resulting in many research findings on D-S evi-
dence-based reasoning method. Guo K et al. proposed a
hybrid method integrating Building Information Modeling
(BIM) and D-S evidence theory to assess the risk of under-
ground tunnels. The test data indicates that the approach
has a high-level of certainty and reliability (Guo and Zhang
2021). Zhou D et al. (2021) suggested a dependability
estimation approach on the basis of multiple source data
integration. The test findings indicated that the evaluation
accuracy was 99.32%, which can provide guidance for the
running and servicing of high voltage compaction units. Liu
Q et al. used the D-S theory to evaluate the reliability of the
weighted voting system, and used three theories to combine
the decision results of voting units, so that Dempster com-
bined the majority rules of the system. Experimental results
show that this method is feasible (Liu and Zhang 2022).
Fang et al. proposed an improved D-S evidence the-
ory of data integration technique for processing massive
information and mining the potential value of data. The
laboratory findings indicated that it has improved the pre-
cision matching to more than 85% and reduced the mem-
ory occupation by more than 50%. This research offers
a technology backup for the optimization of power grid
production and operation mode and the improvement of
lean management of power grid enterprises (Fang et al.
2021). Ren C et al. proposed a heterogeneous data inte-
gration framework design scheme applied to the current
multi-source heterogeneous problem of data information
in high-speed railroad signaling system. The solution used
propriety thinking and D-S evidence theory approach to
characterize the integration of basic data information,
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minimize information duplication, enhance data quality,
and optimize decision-making efficiency. The test findings
indicate that the scheme is fast and accurate when facing
a certain scale of data volume, the proposed new hetero-
geneous data integration architecture is feasible, and the
integration algorithm is effective (Ren et al. 2022).

Li W et al. proposed a multiple sensors information fea-
ture value integration tech based on D-S theory to solve the
difficult recognition of vehicle driving conditions. The tech-
nique used D-S synthesis to fuse the recognition findings
of the feature layer in the decision layer, and completed the
recognition of the vehicle driving conditions based on the
decision rules of the feasible interval. The findings of simu-
lation tests indicate that the method is effective in decision
layer integration (Li et al. 2022a). Chen et al. proposed a
hybrid II method incorporating D-S theory and cluster anal-
ysis for early assessment of regional seismic resilience. The
approach is based on a quality function to define the BPA
of the evidence. The methodology proposed for evidence
integration consists of two processes, namely internal inte-
gration of evidence and cross-evidence integration, to reduce
the adverse influence of conflicting evidence from multiple
sources. The findings of the district-level seismic capacity
assessment experiment in Nepal indicate that 84.4% of the
districts throughout Nepal have low overall seismic capac-
ity. This method can provide a more reasonable assessment
result for conflicting evidence than the traditional method
(Chen and Zhang 2021).

Li C et al. proposed a consensus reaching model based
on D-S evidence theory to overcome the impact of evidence
conflict. Simulation test results show that this model can out-
put better decision results, and the conflict between evidence
is effectively overcome (Li and Yu 2022). Zhang et al. con-
structed a three-branch decision inference model based on
D-S theory. The model used crude set theoretic to obtain the
underlying probability profile function of the evidence; the
conditional probability function in the classical three-branch
decision was substituted by a redefined trust level function.
The findings of the empirical validation indicate the valid-
ity and feasibility of the model (Zhang et al. 2021b). Zhang
et al. proposed a data integration framework built on CNN,
support vector machine (SVM), and D-S theory for surveil-
lance image data integration. The framework extracted fea-
tures based on appropriate image processing methods and
then fused information from classifiers using an improved
D-S theory. The test findings indicate that feature integration
based on D-S evidence theory can enhance classification
capabilities, increase the accuracy of state recognition by
more than 20%, and make the integration much more reliable
(Zhang et al. 2022).

However, the II effect of these methods has room for
optimization and the time delay of II is relatively long.
Therefore, this research will combine the improved artificial
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neural network and D-S evidence inference method to con-
struct a new II method.

WSN multi-channel Il method design

Anomaly data processing method based
on improved CP-RBF neural network algorithm

Currently, there are homogeneous multiple sensors in the
collecting information. Due to the influence of external
environmental factors in the work area, the collected data
may appear abnormal. The existence of abnormal data is
not conducive to the II, so it needs to be pre-processed. The
traditional method is to simply reject the anomalous data.
However, this will reduce the valid information obtained by
the whole model and cannot give an accurate description
of the environmental conditions. Therefore, to obtain accu-
rate and comprehensive information collected by the sensor
group, this study will correct the abnormal data based on the
artificial neural network algorithm based on the normal and
abnormal values detected by Grubbs criterion (Gc) then. The
corrected data will alleviate the complexity of II.

Gc is the classical algorithm for anomalous data detec-
tion, which judges the outliers in the detected data by the
size of the residual values (Wang et al. 2022). The criterion
considers a measurement as an outlier when the residual
value present in the measurement is the largest. The main
step in this guideline is to first arrange the Data into a Data
Array List. Then the Gi value of each data point is the resid-
ual/standard deviation of each data point from the mean.
After that, the Gi value is compared with the critical value in
Gc table. The larger the Gi value is, the more abnormal the
data is, and it needs to be removed. Due to the high critical
coefficient, Gc has a smaller error range and is more strict
in eliminating outliers. So the use of the Gc for rejecting
abnormal sensor data is more effective in avoiding the rejec-
tion of highly variable outliers and the retention of outliers
as coarse deviations.

Radial Basis Function (RBF) neural networks are feedfor-
ward neural networks which have a sole concealed layer and
can approve any successive function with random degree of
accuracy (Zhang et al. 2021a). The basic principle of using
RBF to correct the data is that after Gc ambient abnormal
and normal data from the sensor acquisition, the RBF is
trained using the normal data. The trained RBF model can
predict the outliers and replace them.

The structure of RBF is indicated in Fig. 1, which is based
on input, hidden and output layers. In the figure, x is the
training sample; w is the adjusted output offset; m is the
number of nodes in the hidden layer, and ¢ is the Gaussian
kernel function. Artificial neuron is its basic unit. The input
layer to the implied layer is a non-linear transformation, and

Output layer

Hidden layer

Fig. 1 RBF network structure diagram

the implied layer to the output layer is a linear transforma-
tion. The Gaussian kernel function is used as the underlying
function for the implicit layer. Because of the characteristics
of the Gaussian distribution function, only the neurons that
are closer to the input sample vector are active at each input,
and the corresponding weights are updated, while the other
weights remain unchanged. Because it does not use prior
knowledge, it can perform nonlinear and infinite approxi-
mation of the model, fast convergence and good nonlinear
mapping ability, etc., so this study uses it for the task of
outlier prediction.

The nonlinear mapping expression of RBF is indicated
in Eq. (1).

FO) =w,+ ) wih(x) 1)
i=1
¢(x;) is indicated in Eq. (2).

il

24>
j

$(x;) = exp ()

In Eq. (2), dj2 is the square of the field width of each hid-

den node at j; ¢ is the center of the radial basis function of
that node, and ”xi _ Cj” represents the distance.

However, the original RBF neural network prediction
model suffers from the problem that the number of nodes in
the hidden layer, the center and the width of the field are dif-
ficult to determine. To find the optimal RBF neural network
parameters and further improve the training performance of
RBF neural network, this study will design a particle swarm
algorithm with improved shrinkage factor to improve the
RBF. Particle Swarm Optimization (PSO) algorithm is a
global random search algorithm based on population intel-
ligence to simulate the migration and flocking behavior
of birds in nature (Dagal and Akboy 2022; Zheng et al.
2022). It assumes that the search space is E dimensional,
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the total number of particles is N, and the position of the i
th particle in the D dimensional space is x; = (x;;, Xy;, ..., Xg)
and the flight speed is v; = (v};, V. ..., Vg;). Then the best
historical position searched by individual particle P is
Py, = (Py;, Py, ..., Pg;) and the best historical position
of population G is G, = (G}, G,, ..., Gg). The process is
roughly divided into four steps as indicated in Fig. 2. Step 1
is to initialize the particle population; Step 2 is to calculate
the fitness value of each particle; Step 3 is to update the best
historical positions of individuals and populations accord-
ing to the fitness value; Step 4 is to update the velocity and
position of particles. The process ends when the termination
decision is satisfied, i.e., the maximum number of iterations
is reached or the globally optimal position satisfying the
minimum bound is found.

The velocity update expression of the particle i is indi-
cated in Eq. (3).
Vo =K w + cpran, (Pbsetei -+ czranz(Gbse,d —xb )k

3

In Eq. (3),v% and x*, are the e th dimensional components
of the particle i flight velocity and position vector at the k
th iteration. w is the fixed parameter inertia weights. w is a
random function taking the values [0, 1]. P, and Gy, are
the e th dimensional component of the particle and popula-
tion history best position vector. The position is updated in
the way indicated in Eq. (4).

C Start )

|
Initialize :
parameters |

Update the Particle best historical position

l | Update the population best history position |

| Update the particle velocity | Update

| operations

| Update the particle position

Whether reached the
termination condition

C Output the optimal solution )

Fig.2 PSO algorithm flowchart
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From Eq. (4), the value of w has a great impact on search
speed of the particle. The more the number is, the greater the
global search ability of the particle and the weaker the local
search ability. However, the value of w is fixed, which will
lead to the imbalance of the particle’s front and back search
ability. Therefore, applying PSO directly to RBF optimiza-
tion may lead to a decrease in the optimization accuracy of
the algorithm. Therefore, this study introduces the contrac-
tion factor to improve the particle’s velocity update function
into Eq. (5).

VH = s[VEw + ¢ ran, (Ppyer, — )+ czranz(Gbmd —x*)]

®
The shrinkage factor s is defined as indicated in Eq. (6).

2
S =
|2 — (e, +¢) = Ve + 02— 4(c; + )

(e +cy) >4

(0)
It replaces the update function of the algorithm inertia
weight w with Eq. (7).

1= (/T
7( (/)) o

W= Wy, + (WMax - WMin) sin ( )

T and t are the maximum and current number of algo-
rithm iterations, and w,,,, and w,,,, are the maximum and
minimum inertia weights. # is the curve adjustment factor.

The final optimized Counter Propagation Radial Basis
Function (CP-RBF) algorithm flow is indicated in Fig. 3.
The data is first collected and implemented using the Gc to
classify its normal and abnormal values. Then, the improved
PSO algorithm is used to find the optimal position and deter-
mine the network parameters of the RBF. The RBF pre-
diction model constructed using the optimal parameters is
learned and trained in the normal data set. The trained pre-
diction model will predict and replace the outliers to com-
plete the correction of the abnormal data.

Il method based on D-S evidence inference method

D-S evidence theory is an uncertainty inference method
that uses a confidence function that bounds the probability
of certain events as a metric. Based on the analysis of the
data, it can derive the propositions that may emerge from
the data after integration. This then forms the identifica-
tion framework (hypothesis space). It can give the speci-
fied evidence for the possible occurrence of each proposi-
tion and find the basic probability assignment (BPA) of the
proposition according to the basic probability assignment
function (BPAF). Finally, by means of the Dempster com-
bination rule, the theory can synthesize all the evidence
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Fig.3 Optimized CP-RBF algorithm flow

into a new result. It inferred the propositions supported by
the fused findings based on the final result values, so that
the strengths of different data complement each other to
produce a decision-meaningful data result (Dubois et al.
2020).

If the identification frame is represented using
9 =1{39,,9,,...,9,}, each object in this collection is a sin-
gleton. The singletons are mutually exclusive between two
and contain all the objects that are currently to be identi-
fied. When 9 known, D-S theory can determine the extent
to which an undefined element of the template belongs to
an object in 9 and assign probability values to each object
of 9 by BPA. BPAF is the expression indicated in Eq. (8).

m: 2% 50,2 (8

where 2¢ is the set consisting of all subsets of 9 and m is
the evidence. The BPAF satisfies the theorem indicated in
Eq. 9).

Y m@)=1,m@® =0 ©

aeP(9)

In Eq. (9), p(9) denotes the power set. m(a) is the form
of the Dempster combination rule, whose expression is
indicated in Eq. (10).

Zai,bj my(a;)my (b;)

= 10
T—% ,a#0,m9) =0 (10)

m(a) =

where, k is the inconsistency factor, which indicates the
degree of conflict between the evidence. The higher its
value, the greater the conflict between the evidences. Its
expression is indicated in Eq. (11).

k= 2 my(a;)m,(b;) (11

a;nb;=9

The Dempster combination rule is as follows: let
my,my, ...,m, be a BPA on d. Then, the expression of the
orthogonal sum of the multi-probability distribution func-
tion m; @ m,®, ..., Hm,, is indicated in Eq. (12).

> II m;(a;)

Na;=a 1<5j<n

—-r @#0 (12)
m9) =0

m(a) =

where, l_ik is the correction factor. The theory accordingly
weakens the uncertainty part of the data and can make
effective consideration and judgment on the integration of
information. In cases where there is a high conflict among
the evidence, however, the integration conclusions are often
inconsistent with reality, and some integration conclusions
may even be grossly contradictory to general knowledge.
Therefore, the D-S evidence theory needs to be improved
for better integration findings. There are two improvement
paths adopted in this study. One is to amend the evidence
sources. It needs to introduce compatibility coefficients to
assign different weights to conflict-triggering focal elements,
reduce the weight of conflict-triggering focal elements in the
information, increase the consistency among the evidence,
and minimize the influence of low reliability evidence on the
integration findings. The other is to improve the combination
rule by introducing the mean weight of the evidence reliabil-
ity and the average support of the evidence focus elements
to increase the weight of the high reliability evidence. The
procedure for calculating the compatibility coefficient r is
illustrated in the Eq. (13).

2

Tij = my % m; (my(a)? + mj(a)z) (13)

where m; and m; are the BPAFs of two pieces of evidence
about the object a in 9. When the compatibility coefficient
is 0, it indicates that these two types of evidence are in great
conflict; when the coefficient is 1, it indicates that there is no
conflict. It can also indicate that the two pieces of evidence
can support each other and concordance between evidence
is high. The credibility function of evidence is indicated in
Eq. (14).

@ Springer



Proceedings of the Indian National Science Academy (2023) 89:705-714

710
_ 1 ..
£= T (i,j < n) (14)
e n(n—1)

where, kij is the conflict size between the evidence i,j. The
calculation procedure of the average support is indicated in
Eq. (15).

g(a) = —Zi:lnmi(a) (15)
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)
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L

| Generate fusion results

L
C End D

| Modified Dempster's
combination rule

Fig.4 Improved D-S evidence theory 11

Fig.5 Flow chart of improved
CPR-D-S multi—channel 1T C Start
method

The combination rule for introducing credibility and
average support improvement is indicated in Eq. (16).

m(a) = p(a) + ek(g(a) + g(a),
() = p(@®) + ekq(®)/ (e + b 7 (16)

where, g(a) is the confidence of the evidence in the unknown
focal element to a. When there is a high conflict between
the evidence, the outcome of the integration is decided by
e(g(a) + g(a). As a result, the improved combination rule
can balance the conflicts between the evidence more reason-
ably. The flow of the improved D-S theory for II is indicated
in Fig. 4. First, the compatibility and mutual support of the
input evidence are calculated, and their BPA weights are
reassigned to obtain the new evidence. Then, the conflict has
been calculated between every two pieces of evidence in the
evidence set as well as the credibility of individual pieces
of evidence. Based on the calculation findings, the integra-
tion findings are generated using the improved Dempster
combination rule.

Finally, the improved CP-RBF data processing algo-
rithm and the improved D-S evidence theory are combined
to obtain the flow of multi-channel II method for WSN as
indicated in Fig. 5. The data collected by wireless sensors
are initially classified by Gc to distinguish abnormal data
from normal data. The abnormal data are replaced by the
improved CP-RBF algorithm. Then the values of trust,
support and credibility among the introduced evidences
are calculated using the improved D-S evidence theory
to give a reasonable integration decision to fuse the cor-
rected data.

( Calculate the average evidence “
[ [
Grubbs } \L I
o [
criterion } Calculate the average support [
[
I \L | Modified
‘ — ' DS
\ C Redistribute BPA |
| | evidence
} \L } theory
Improved I | Calculate the evidence conflict | |
CPSO- | L }
| REth | | Calculate evidence confidence | |
algorithm
& | Modified |
1 combination rule !
AN Generate fusion results L/
C End D
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Analysis of the application findings
of multi-channel Il method for WSN

To verify the effectiveness of the improved CPR-D-S multi-
channel II method proposed in this study, the following
experiments were designed for the study: 720 sets of data
collected by sensors of a greenhouse detection system, light
detection system and ventilation system of a greenhouse in X
city were selected as experimental data. These data included
temperature, relative humidity, humidity, outdoor air pres-
sure, precipitation, wind, and indoor temperature data. The
first 5 were the input features and the last one was the output
feature. The first 520 sets of data were formed into a training
set to train the improved CP-RBF, and the rest of the data
were used as the test set. Firstly, the number of particles of
the prediction model constructed in this study was preset to
be 35, the maximum number of iterations was preset to be
80, and the number of hidden layer nodes of the RBF was 12.

The network optimal parameters of RBF were trained
and solved under pre-set conditions. The prediction model
based on the improved CP-RBF algorithm was then used to
predict and correct outliers for the measured sample data.
To examine the performance of the improved CP-RBF algo-
rithm, its prediction findings were compared with those of
RBF, PSO-RBF, CP-RBF and literature (Li et al. 2022b).
The evaluation criteria for model prediction were selected
as mean absolute error (MAE), (mean square error) MSE
and root mean squared error (RMSE). Then, the processed
data were fused using the improved D-S evidence theory.
Finally, the integration findings and integration time delays
of this study method were compared with those of other
methods such as literature (Zhou et al. 2020; Li et al. 2022c,
d; Venkatram et al. 2020). There were two integration
experiments, two evidence sets and four evidence sets were
selected for the experiments. m,, m, were for evidence set 1
and m,, m,, my;m, were for evidence set 2. The focal element
BPA assignments for each piece of evidence are as follows.

my; : my(a) =0.6,m ) =0.2,m(c)=02,m @) =0
m, : my(a) = 0,m,(b) = 0.9,m,(c) =0.1,my(d) =0

my . my(a) = 0.5,m3(b) = 0.2,m3(c) = 0.3,m;(9) =0
my : my(a) =0.7,my(b) = 0.2,m3(c) =0.1,m(9) =0

The change curve of the adaptation value of the improved
PSO algorithm is indicated in Fig. 6. Figure 6 visually indi-
cated that the fitness curve of the algorithm smoothest out
when iterations were around 40, which indicates that the
algorithm basically converges. At this point, the fitness
value was 4.5, and the optimal solution was reached. If the
search continues, it will increase the time overhead of the
algorithm, which indicates that 40 iterations is the optimal
number of iterations for the algorithm. Therefore, 40 itera-
tions of the RBF can be put to test.

54 [
52 |\
5.0

4.8 S~

Fitness value
T
,

4.6 N

44 L

42 0710 20 30 40 50 60 70 80

Number of iterations

Fig. 6 Fitness curve of improved PSO algorithm
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030070 20 30 40 50 60 70 80
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Fig.7 Contraction factor combined with inertia weight decline func-
tion to compare the curve

In the conventional PSO algorithm, the overall flight
speed and merit-seeking ability of a particle are affected
by both the shrinkage factor and the inertia weights. And it
is known from Eq. (7) that the values of the curve adjust-
ment factors ¢; = 2.8, ¢, = 1.3,wy;, = 0.4, wy,,, = 0.9 and
n played a key role in adjusting the particle flight speed and
the seeking ability under the conditions that the other param-
eters were determined. Therefore, the experiments were
performed to allow comparison of changes in decreasing
functions of the shrinkage factor combined with the inertia
weights for different values of #. The comparison findings
are indicated in Fig. 7. The algorithm had different finding
ability for different values of 7. When # took the value of 1.6,
the curve of conventional PSO algorithm was higher than
the curve of linear decreasing function variation in the early
stage and lower than the linear decreasing function in the
late stage, and the intersection point of the two curves was
near the middle value. This indicates that the particles can
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Fig.8 The prediction findings of each model are compared

Table 1 The prediction accuracy of each model is compared

Model MAE MSE RMSE
RBF 6.080 49.810 7.060
PSO-RBF 4.920 42.210 6.501
CP-RBF 4.801 37.449 6.122
Improved CP-RBF 4.399 26.820 5.180
The model of literature (Li ~ 4.535 36.962 5.860

et al. 2022b)

ensure a faster overall flight speed while C-PSO has a higher
probability of obtaining larger values in the early stage of the
search, which facilitates the global search of the algorithm.
In the late stage of the search, it has a higher probability of
obtaining smaller values, which facilitates the local search
of the algorithm. Therefore, the number of iterations of the
improved CP-RBF algorithm was determined as 40, ¢c; = 2.8
C = 13wy, = 04w, =09 = 1.6.

The prediction findings of the trained model in com-
parison to other models in the test set are indicated in
Fig. 8. The two plots visually indicated that the prediction

~ Literature[21] - cFA-PSO
— RBF — Improved CFA-PSO

PSO-RBF
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0
S
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(b) Prediction deviation of each model

errors of RBF and CFA-PSO were larger. The prediction
value of the former tended to be lower than the true value,
and the prediction value of the latter was always too high.
Compared with the other models, the improved CP-RBF
prediction value had the smallest error with the true value,
and the prediction was more effective.

Using MAE, MSE and RMSE as evaluation indicators,
the specific prediction accuracy of each model is indicated
in Table 1. The lower the numerical value of these three
metrics, the smaller the deviation and higher the accuracy
of the model prediction. The values in the table reflected
that the MAE, MSE and RMSE values of the improved
CP-RBF were 4.399, 26.820 and 5.180, respectively,
which were the lowest. It may be noted that the model in
this study has advantages in prediction performance.

The integration comparison findings of each method
are indicated in Table 2. From the BPA of the experimen-
tal setup, it may be noted that in evidence set 1, the final
integration result should point to a. And in evidence set 2,
the target pointing should be b. The findings in the table
indicate that the integration findings of the methods in

Table2 The integration
findings of each method are

compared

Method Evidence set m (a) m (b) m (c) m (9) k
Method of literature (Zhou et al. 2020) 1 0 0.7600 0.2400 O 0.9000
2 0 0.8000 0.2000 O 0.9960
Method of literature (Zhou et al. 2020) 1 0.2370  0.6580 0.1055 O 0.6000
2 0.7120  0.2603  0.0280 O 0.9425
Method of reference (Li et al. 2022c¢) 1 0 0.1000  0.0200  0.9000  0.9000
2 0 0.0038  0.0010 0.9956  0.9956
Method of reference (Li et al. 2022d) 1 0.1010  0.2730  0.1000  0.5200  0.8600
2 0.1114  0.0900 0.0500 0.7485 0.9956
This research method 1 0.2550  0.4925 0.2080 0.4500 0.6200
2 0.3378 0.2053 0.1460 0.310 0.9690
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Fig.9 Time delay comparison findings of II of each method

this study point to the correct target in both Evidence Set
1 and Evidence Set 2.

The comparison findings of the integration latency of
each method are indicated in Fig. 9. In the 10 experiments,
the II delay of this research method was always between 0.2
and 0.3 ps, and the average delay was 0.24 ps, which were
the shortest delays among the methods. The time delay dif-
ference between this research method and other methods
was large, which indicated that its integration speed has been
improved, and it can complete the real-time processing of
II. In summary, the improved CPR-D-S multi-channel II
method proposed in this study is effective, and the integra-
tion findings have higher accuracy and shorter time delay.

Conclusion

While multi-channel technology for wireless devices in IOT
networks improves channel utilization, it also increases the
requirement for sensor data II efficiency. The research was
based on the design of the studied CPR-D-S multi-channel
II method based on RBF neural network, PSO algorithm and
D-S evidence push theory. After solving the algorithm, the
optimal number of iterations of CP-RBF was 40. The opti-
mal values of other parameters ¢, ¢y, Wyyi,» Wagar» 1 Were 2.8,
1.3,0.4,0.9, and 1.6. The MAE, MSE, and RMSE values of
the trained improved CP-RBF model for anomaly data pre-
diction findings were 4.399, 26.820, and 5.180, respectively.
The II delay of this study method was always minimum 0.2,
maximum 0.3 ps, and the average delay was 0.24. Compared
with other methods, the delay was the shortest. It may be
noted that the improved CPR-D-S multi-channel II method
proposed in this study has higher II accuracy higher and
faster integration speed. However, there is still a degree of
subjectivity in this study when constructing the identifica-
tion framework and assigning the BPAF values. Therefore,

further research on the algorithm is needed to reduce the
influence of subjective factors on the integration findings
and to maximize the objectivity of the integration findings.
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