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1 |  INTRODUCTION

Since the beginning of the 21st century, a wave of smart 
grids has been initiated in the global power field, and meth-
ods of building new smart grids have become a common 
research goal of power researchers worldwide [1]. Both the 
transmission and interaction of security-protection- and mea-
surement-control-related information depends on network 
communication, so whether the network of smart substations 
can operate stably and reliably will directly affect the security 
of the entire smart substation. Meanwhile, the prediction of 
network traffic can effectively help power workers to warn 
of emergencies and to take countermeasures; thus, guaran-
teeing the security of smart substations [2,3]. The main issue 
aimed to be solved by the work reported in this paper is how 
to effectively predict the network traffic of a smart substation 
to provide relevant reference information for state analysis, 

emergency monitoring, and illegal intrusion detection of 
smart substation networks.

Presently, the model utilized in the network traffic pre-
diction of smart substations mainly refers to the traffic pre-
diction model of computer networks. In Ref. [4], a prediction 
model was established based on the possibility that networks 
are utilized at a certain time and place by users, and the 
model can collect and analyze the behavior characteristics 
of a considerable amount of network users; thus, achieving 
the prediction of network traffic. However, the design of this 
kind of model is highly difficult due to the slow computa-
tion velocity and low prediction accuracy; other researchers 
[5] have proposed application of the space-time compressed 
sensing method to mobile network traffic prediction, which 
is based on the space- and time-constraint matrices, and also 
refers to the variation characteristics of the period stability of 
mobile networks.
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In recent years, the theories and technologies of data 
mining and machine learning (ML) have been increasingly 
improved and applied to multiple fields, and have achieved 
good results. Therefore, data mining [6‒8] and ML [9‒11] 
algorithms have been gradually introduced into the field of 
network traffic prediction. Support vector machines (SVMs) 
have also been applied to the field of network traffic predic-
tion and have achieved better prediction results [12,13]. Based 
on the traditional SVM, researchers have further proposed the 
use of a variety of optimized SVM models for network traf-
fic prediction. Additionally, we have previously researched 
the back-propagation (BP) neural network [14,15], currently 
a very popular ML algorithm, and successfully introduced it 
into the prediction of network traffic. Generally, in relevant 
experiments in which the BP neural network is utilized as a 
prediction method, the input information is the traffic value 
at the period of the first k sections, while the output infor-
mation is the predicted traffic value at one or several peri-
ods after the kth section. Presently, by continuous iterative 
optimization of the parameter values of the neural network, 
the optimal network architecture is consequently obtained for 
traffic prediction. Historical research shows that there is a 
certain correlation between the values before and after the 
network traffic. Network traffic was predicted by the Elman 
neural network in [16], and comparison results also prove 
that the prediction effect of the model is better than that of 
the BP neural network.

In accordance with the long-term sampling analysis of 
network traffic, we found that the network traffic data of a 
smart substation have the characteristics of periodicity, ran-
domization, and burstiness. Related research shows that the 
relation between network traffic and affecting factors is very 
complex, and the prediction accuracy of traditional methods 
is not high. The wavelet neural network (WNN) has been 
proved as a good traffic prediction model and can achieve an 
accurate description of network traffic [17‒19]. With both the 
time-frequency local characteristics of a wavelet transform 
(WT) and the fitting ability of an artificial neural network 
(ANN) [20‒22], a WNN makes full use of the advantages of 
both items and can achieve the fitting of arbitrary functions 
by arbitrary precision, but it still has deficiencies, such as 
slow training velocity and ease of falling into a locally opti-
mal solution.

In this paper, we propose some algorithms to improve the 
performance of the network traffic prediction model. The 
contributions of this paper are as follows.

1. As the use of an exponential function as a gravita-
tional constant equation in the standard gravitational 
search algorithm (GSA) causes faster decline of the 
algorithm's global optimization capability, we propose 
a novel method of optimizing the gravitational constant 
equation of the GSA.

2. As a novel method of optimizing the velocity equation of 
the GSA, we introduce chaotic operators to solve the is-
sues of premature convergence and a local minimum. To 
combine particle swarm optimization (PSO), we present 
an improved velocity equation.

3. We apply the improved GSA to the initialization of the 
WNN [23‒25]. Therefore, we propose the IGSA-WNN 
algorithm to enhance the convergence velocity and pre-
diction accuracy.

The remainder of this paper is organized as follows: 
The methods are given in Section 2, after which a solution 
approach is presented in Section 3. The experiment is pre-
sented in Section 4. Finally, the conclusions are presented 
in Section 5.

2 |  IMPROVEMENT OF GSA

2.1 | Optimization of gravitational constant 
equation

In the iterative optimization process of the GSA, the gravita-
tional constant G(t) can directly affect the magnitude of the 
external force acting on particles, further affecting the accel-
erated velocity and velocity change of particles, and finally 
affecting the location update of particles. That is to say, the 
selection of a gravitational constant equation that conforms 
more with GSA characteristics can improve the optimiza-
tion performance of the GSA; thus, allows the network traf-
fic prediction model of a smart substation to achieve better 
prediction results. In accordance with the characteristics of 
the GSA, at the earlier stage of its iterative optimization, the 
GSA must explore the solution space; that is, search for the 
optimal solutions in a wider range. In this case, the search 
velocity should be faster and the corresponding gravitational 
constant should be larger; while at the later stage of iterative 
optimization, the GSA must develop the solution space, that 
is, approximate the optimal solutions in a narrower range. In 
this case, the search velocity should be slower and the corre-
sponding gravitational constant should be smaller. The gravi-
tational constant equation utilized by the standard GSA is

where G(t) represents the gravitational constant, G0 is the initial 
gravitational constant value, a is utilized to adjust the changing 
velocity of the gravitational constant, and t and T represent the 
current and total number of iterations, respectively. In the grav-
itational constant equation, the corresponding G(t) decreases 
very fast, which makes the global optimization capability of 
the algorithm decline faster and impacts the prediction perfor-
mance of the traffic prediction model based on this algorithm. 

(1)G(t)=G0e
−a

t

T
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To enable the GSA to achieve better optimization results and, 
thus, improve the prediction ability of the traffic prediction 
model, in this paper, we optimize the gravitational constant 
equation in the standard GSA and propose the following gravi-
tational constant equation:

The optimized gravitational constant equation solves the 
issue that the use of the exponential function as a gravitational 
constant equation in the standard GSA causes the faster de-
cline of the algorithm's global optimization capability, guaran-
tees its global optimization effect, and provides great help to 
the optimization of the network traffic prediction model based 
on a WNN for the subsequent utilization of the algorithm.

2.2 | Optimization of velocity equation

The standard GSA still has the issues of premature conver-
gence and a local minimum, and the location update process 
of particles only considers the information of the current 
particle itself, which subsequently leads to poor prediction 
precision of the network traffic prediction model of a smart 
substation that uses the standard GSA for optimization. To 
improve the traffic prediction model's prediction perfor-
mance, in this paper, we propose the following methods to 
optimize the velocity equation in view of the abovemen-
tioned issues of the GSA.

(a) Introduction of chaotic operators [26,27]. In the 
standard GSA, a random number is utilized in the parti-
cle velocity equation to solve the issues of premature 
convergence and a local minimum in the algorithm. The 
chaotic model shows nonlinear dynamic behaviors and, 
meanwhile, has ergodicity and randomization. Moreover, 
previous research indicates that the search performance by 
using chaotic variables is better than that of random search. 
Therefore, chaotic operators can be introduced into the 
particle velocity equation to optimize the GSA; the added 
chaotic operators are

In (3), ci is a random number in the value range [0, 1], and 
the value of v is taken as 4.

(b) Combine the PSO [28‒30]. The PSO algorithm is a 
commonly used optimization algorithm that obtains the op-
timal solution by location iteration of particles in solution 
space. However, unlike the GSA, which only considers the 
current location of particles in the particle location update, 
the PSO algorithm also considers the historical optimal 

location of the particle itself, as well as the optimal location 
of the entire particle swarm. The velocity equation of the 
PSO algorithm is expressed as

where w represents inertia mass; randj and randk are ran-
dom numbers in the value range [0, 1]; the value ranges 
of b1 and b2 are both [0-1]; xi(t) represents the location 
of the ith particle at moment t; pbest is the optimum loca-
tion of the current particle i among all historical locations 
before moment t; and gbest is the optimum location of the 
entire particle swarm among all historical locations before 
moment t. The PSO algorithm controls the impact of the 
particle information itself and swarm information on the 
velocity by b1 and b2 in (4). Specifically, b1i and b2i are 
the starting values of b1 and b2, whereas b1f and b2f are 
the stop values of b1 and b2. The optimization research on 
the PSO algorithm shows that the utilization of (5) and (6) 
to adjust b1 and b2 can well balance the exploration abil-
ity and developmental ability of the algorithm; that is, at 
the earlier stage of iterative optimization, when enabling 
the information of the particle itself to better impact the 
particle velocity update, the particle can search at a larger 
space. At the later stage of iterative optimization, when 
enabling the particle swarm information to better impact 
the particle velocity update, the particle can move toward 
the global optimal region.

In accordance with the PSO algorithm, in this paper, we 
improve the optimization performance of the GSA by intro-
ducing the historical optimal location of the particle itself, 
as well as the optimal location of the entire particle swarm 
into the velocity equation of the GSA, balancing the explo-
ration ability and development ability of the algorithm in 
accordance with (5) and (6), and propose the following ve-
locity equation by introducing the abovementioned chaotic 
operators:

In (7), � is used to control the chaotic scope, and a
i
(t) rep-

resents the accelerated velocity of the particle, the specific 
values of which are shown in the computation process of the 
original GSA. The other parameter values are shown in the 
first description.

(2)G(t) = G0

(

1−

√

t

T

)

.

(3)c
i+1

= vc
i
(1−c

i
) i=1,2,… n.

(4)
v

i
(t+1)=wv

i
(t)+b1randj(pbest

−x
i
(t))+b2randk(g

best
−x

i
(t)),

(5)b1 = (b1f −b1i)×
t

T
+b1i,

(6)b2 = (b2f −b2i)×
t

T
+b2i,

(7)
vi(t+1)= [randi×vi(t)+�(c

i
−0.5)]+ai(t)+b1randj(pbest(t)−xi(t))

+b2randk(gbest(t)−x
i
(t)).
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3 |  SOLUTION APPROACH

3.1 | Data-normalization process

The traffic of a smart substation has the characteristics of pe-
riodicity, randomization, and burstiness, among others. If the 
network traffic data obtained from crude sampling is directly 
analyzed and predicted, it will disturb the training process of 
the network traffic prediction model, and impact the training 
velocity and prediction accuracy. Therefore, we must first 
normalize network traffic data:

where x′
max

 is set as 0.9 and x′
min

 as 0.8; x represents the original 
network traffic data obtained from direct sampling; x′ is the network 
traffic data obtained after normalization; xmin is the minimum value 
of network traffic in the original network traffic data obtained from 
direct sampling; xmax is the maximum value of network traffic in the 
original network traffic data obtained from direct sampling.

3.2 | Data reconstruction and classification

The form of network traffic data in a certain period of time 
is expressed as

where x represents the network traffic data sequence after nor-
malization treatment at a certain continuous time and xt is the 
network traffic data at moment t.

For network traffic prediction, in this paper we utilize the 
following function as the prediction model function:

where ŷ represents the predicted value of network traffic.
It is advisable to take network traffic data at k continuous 

periods as input values. The prediction of network traffic data 
at the next period is achieved in accordance with these input 
values, then, the reconstruction method for the sample data is 
as shown in Table 1.

3.3 | Initialization of WNN-related  
parameters

3.3.1 | Input layer

The number of neuron nodes of the input layer is deter-
mined by the issues to be solved and the form of input data. 

In the network traffic prediction model of a smart substa-
tion, the number of nodes of the input layer depends on 
the number of periods in the traffic sequence selected to 
predict the next period after reconstruction of the data ob-
tained from crude sampling. For example, in this paper, we 
utilize the network traffic data of the first k time intervals 
to predict the network traffic data of the latter m time in-
tervals; the number of nodes of the input layer should then 
be set as k.

3.3.2 | Hidden layer

According to previous research experience, the following 
equation can be used to help select the number of relatively 
better neurons of the hidden layer n1 [31]:

where n and m represent the numbers of nodes of the input layer 
and output layer, respectively, and a is a constant with a value 
between 1 and 10.

3.3.3 | Output layer

The number of neuron nodes of the output layer is deter-
mined by the issues to be solved and the actual demands of 
experimenters. Generally, if the traffic of the latter m time 
intervals is predicted in accordance with the traffic sequence 
of the first k time intervals, the number of neuron nodes of the 
output layer should be selected as m.

3.3.4 | Activation function

The hidden layer and output layer of a WNN both utilize 
"M-P neurons," so corresponding activation functions should 
be selected, and the wavelet basis function should be selected 
for the hidden layer.

(8)x� = x�
min

−

[

x−xmin

xmax−xmin

(

x�
max

−x�
min

)

]

(9)x=
{

x1, x2, … , xt

}

(10)ŷ= f (x1, x2, … , xt)

(11)n1 =

√

n+m+a

T A B L E  1  Reconstruction method of network traffic data

  Network traffic input
Network 
traffic output

1 x1, x2, …, xk y1

2 x2, x3, …, xk+1 y2

3 x3, x4, …, xk+2 y3

4 x4, x5, …, xk+3 y4

… … …

n xn, xn+1, …, xn+k–-1 yn
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3.3.5 | Design of the initial 
value of parameter

Generally, the initial values of weight, scalability, and 
shift factors, for example, of the parameters are taken 
randomly.

3.4 | Network Traffic Prediction Based on 
IGSA-WNN Model

Step 1: Initialization of IGSA parameter values
First, the particle swarm is encoded, and each particle 

represents a set of weight, scalability factor, and shift fac-
tor. Then, the initialization parameters of the IGSA are de-
termined, including the magnitude of universal gravitational 
constant, particle scale, as well as iterations of the algorithm, 
among others.

Step 2: Determination of fitness function
The fitness function is an error function related to the tar-

get output value and actual output value; the fitness function 
[32] selected in this model is given by

where yji is the theoretical output value of the ith sample at the 
jth output layer, y′ji is the actual output value of the ith sample at 
the jth output layer, n is the sample data volume for training, and 
m is the number of neuron nodes of the output layer.

Step 3: Iterative optimization by IGSA
The location of a particle is continuously adjusted by the 

change of the fitness-function value until the given terminal 
condition is reached and the particle at the optimal location 
is decoded, then the initial parameter value of the neural net-
work can be obtained.

Step 4: Training of traffic prediction model based on 
WNN

The optimal initial weight, scalability, and shift factors 
obtained by the IGSA iterative optimization are used as the 
initial parameter values in the neural network, and training 
samples are used to conduct corresponding training for the 
WNN until the given iterations or given error requirements 
are reached. Then, the training is stopped.

Step 5: Utilization of trained prediction model for net-
work traffic prediction.

The trained WNN prediction model with all the connec-
tion weights, scalability factors, and shift factors determined 
is utilized to conduct prediction experiments.

A flowchart of the IGSA-WNN model is depicted in 
Figure1.

4 |  EXPERIMENT

4.1 | Experiment design

4.1.1 | Experimental data acquisition

The division of network traffic of a smart substation by the divi-
sion method of a virtual local-area network (VLAN) is the key 

(12)fit(t)=
1

2

n
∑

i=1

m
∑

j=1

(

yji−y�
ji

)

2

F I G U R E  1  Flowchart of the IGSA-WNN model
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to utilization of the same network by the GOOSE and SV mes-
sages in the smart substation for transmission [33]. The smart 
substation from which the data were acquired in this experiment 
separates the high-tension transmission line from the three sides 
of the main transformer and utilizes an independent switch to 
set different network segments. The GOOSE network utilizes a 
two-layer network model for communication of the switching 
value and other signals; that is, this kind of network provides 
an independent switch for each independent network segment 
and a corresponding public switch for all voltage classes. The 
independent switch equipped for each independent network 
segment and the public switch equipped for the corresponding 
voltage classes are interconnected by an uplink port.

The traffic data for the network traffic prediction experiments 
of a smart substation at this time were acquired by the Simple 
Network Management Protocol on a network switch of a smart 
substation in Hubei Province. The time interval for the sampling 
of network traffic is 1  second, and the continuous acquisition 
lasts for 20 hours to obtain 72 000 pieces of traffic data. To en-
hance the experimental reliability, we divided the acquired data 
into 10 groups, with each group containing 7200 pieces of traffic 
data. The 10 groups of data are utilized to conduct prediction 
experiments for the three kinds of traffic prediction models.

4.1.2 | Data preprocessing

Normalization of traffic data
First, the original network traffic data were normalized in accord-
ance with (8). Owing to the large data volume of the experiments, 
we took the first 300 seconds of the first group and normalized 
the data sequence of network traffic, as shown in Figure 2.

Reconstruction of traffic data
In this experiment, the traffic data of five continuous time in-
tervals were utilized to predict the traffic data of the next time 
interval. Then, 5000 pieces of sample data were obtained 

after reconstruction treatment of the first group of normal-
ized traffic data, as shown in Table 2.

Classification of sample data
We chose fivefold cross-validation. The 5000 pieces of sam-
ple data were classified, and, specifically, 4000 pieces of the 
sample data were utilized as training data to conduct training 
for the network traffic prediction model while the other 1000 
pieces of sample data were used as predicted data to analyze 
the model's prediction accuracy.

4.1.3 | Evaluation standard for prediction 
performance

There are numerous evaluation standards for the network 
traffic prediction model; we utilized the mean-square error 
(MSE) and equalization coefficient (EC) to evaluate the pre-
diction performance of the prediction model. Both of these 
error functions can well-reflect the fitting degree of the pre-
dicted and actual values.

The MSE equation is expressed as

and the EC equation as

where x̂i represents the predicted value of traffic at a certain 
time interval, while xi is the corresponding actual traffic value 
of x̂i. Generally, it can be considered that the smaller the value 
of the MSE, the higher the fitting degree of the predicted and 

(13)MSE =
1

n

n
∑

i=1

(x̂i−xi)
2

(14)EC = 1−

�

n
∑

i=1

(x̂i−xi)
2

�

n
∑

i=1

x̂2
i
+

�

n
∑

i=1

x2
i

F I G U R E  2  Data sequence of 
normalized network traffic
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actual values; the value of the EC is within [0,1], and it gener-
ally can be considered that the higher the value of the EC, the 
higher the fitting degree of the predicted and actual values. It is 
considered that the prediction results are better when EC > 0.9.

4.1.4 | Setting of prediction 
model parameters

Setting of WNN parameters
Topology of neural network. In this experiment, we selected 
the neural network model of a single-hidden layer to reduce 
the complexity of the neural network model and reduce the 
computation time. The network traffic data of the first five 
continuous time intervals were selected in the experiment to 
predict the network traffic data of the next time interval after 
the first five continuous time intervals, so the number of nodes 
of the input layer was set as 5 and that of the output layer as 1. 
For the number of nodes of the hidden layer, we first utilized 
the empirical equation suggested in (11) to estimate the value 
range of the number of nodes of the hidden layer, then, the 
number of neuron nodes of the hidden layer finally obtained 
was found to be 7 as a result of repeated trials.

Activation function. For the selection of the activation function 
of the hidden layer, we utilized the Morlet wavelet basis function 
as the activation function of the hidden layer of the neural 
network because the Morlet wavelet has shown a very strong 
anti-interference nature while having very high time-frequency 
resolution in past network traffic prediction experiments. The 
Morlet wavelet basis function [34] can be expressed as

For the activation function of the output layer, the wavelet 
basis function has continuous and smooth characteristics, and 
the function value obtained after input signal processing is dis-
tributed in the range [0, 1]. Obviously, the distribution of output 
values when this function is utilized for the activation function 

of the neural network is comparatively reasonable, so the activa-
tion function of neurons of the output layer is a Sigmoid function 
[35], expressed as

Other parameters. In this experiment, the target value of 
the network error was set as 0.00001, the learning rate η as 
0.08, and the number of neural network iterations as 2000.

Setting of GSA and IGSA parameters
For the GSA and IGSA parameters, we set a in the gravita-
tional constant equation of the GSA as 20 and ε in the veloc-
ity equation of the IGSA as 3; in addition, b1i = 1, b2i = 0, 
b1f = 0, and b2f = 1. Moreover, the gravitational constant G0 
was set as 100, the quantity of particle swarms as 30, the 
maximum iterations of the algorithm as 1000, and the fitness 
function as the MSE function.

4.2 | Experimental results and analysis

After the initial GSA, IGSA, and WNN parameters were de-
termined, for each group of traffic data the particle swarm was 
first initialized, then iterative optimization was conducted 
through use of the GSA and IGSA, respectively. Finally, the 
optimal initial parameter value was obtained. At this point, 
the optimal initial parameter values (weight, shift factor, and 
scalability factor) obtained from the GSA and IGSA optimi-
zation were utilized to construct the WNN prediction model, 
the training sample data utilized to conduct repeated training 
for WNN,and then the trained WNN prediction model was 
utilized for the predicted sample data. Meanwhile, the WNN 
prediction model was utilized to directly predict the network 
traffic. In this way, the prediction results of three kinds of 
network traffic prediction models were obtained.

To better show the prediction results of the model, we ran-
domly selected 10 pieces of continuous predicted data in the 

(15)h(t)= cos (1.75t)e
−t2

2 .

(16)f (x)=
1

1+e−x
.

No. Input1 Input2 Input3 Input4 Input5 Output

1 0.68937 0.20623 0.16224 0.11328 0.16960 0.17931

2 0.20623 0.16224 0.11328 0.16960 0.17931 0.14327

3 0.16224 0.11328 0.16960 0.17931 0.14327 0.19237

4 0.11328 0.16960 0.17931 0.14327 0.19237 0.11217

5 0.16960 0.17931 0.14327 0.19237 0.11217 0.17031

6 0.17931 0.14327 0.19237 0.11217 0.17031 0.21826

7 0.17892 0.11319 0.21239 0.16821 0.17128 0.23112

8 0.11319 0.21239 0.16821 0.17128 0.23112 0.15128

9 0.21239 0.16821 0.17128 0.23112 0.15128 0.20863

10 0.16821 0.17128 0.23112 0.15128 0.20863 0.16272

T A B L E  2  Sample data of network 
traffic after reconstruction
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first group of experiments, and the prediction results of the 
traffic prediction models based on the WNN, GSA-WNN, as 
well as IGSA-WNN, obtained separately by calculation, are 
shown in Table 3.

We separately utilized 10 groups of traffic sample data to 
conduct experiments for the three kinds of prediction models 
and calculate their MSEs for the obtained prediction results; 
the obtained MSEs of the three kinds of models are shown in 
Table 4 and Figure 3.

The ECs were calculated for the obtained prediction re-
sults, and the obtained ECs for the three kinds of models are 
shown in Table 5 and Figure 4.

As can be seen from Table 4 and Figure 3, the MSE of the 
prediction model based on IGSA-WNN is smaller than those 
of the other two kinds of prediction models. As can be seen 
from Table 5 and Figure 4, the EC of the prediction model 
based on IGSA-WNN is greater than those of the other two 
kinds of prediction models. Then, as can be seen from the 
MSE and EC values of the three kinds of models, the predic-
tion accuracy of the prediction model based on IGSA-WNN 

is superior to both those of the prediction model based on 
WNN and that based on GSA-WNN.

At the same time, we separately recorded the number of it-
erations of 10 groups of experimental data for the three kinds 
of prediction models, as shown in Table 6.

T A B L E  3  Prediction results based on three kinds of traffic 
prediction models

No. Actual value WNN GSA-WNN IGSA-WNN

1 0.18318 0.19365 0.17358 0.17567

2 0.10037 0.09003 0.09057 0.10807

3 0.11469 0.10404 0.12454 0.10703

4 0.21322 0.22442 0.22276 0.22083

5 0.69821 0.70942 0.70791 0.70581

6 0.13471 0.14518 0.14423 0.14223

7 0.10231 0.09173 0.11212 0.10988

8 0.20094 0.21206 0.21060 0.19327

9 0.16429 0.15337 0.15443 0.17201

10 0.21057 0.22215 0.22016 0.21814

T A B L E  4  MSE comparison of three kinds of prediction models 
(units: 10−5)

Sample group WNN GSA-WNN IGSA-WNN

1 11.7961 9.3969 5.7962

2 12.9808 10.4097 6.8442

3 11.8083 9.0738 6.2546

4 19.6377 11.5416 6.5227

5 10.9898 10.1970 6.0987

6 14.0933 10.0695 6.2451

7 16.9473 10.6492 7.2870

8 12.4752 9.6134 6.5664

9 19.8692 12.6423 7.3045

10 10.9149 9.1731 6.1464

F I G U R E  3  MSE comparison of three kinds of prediction models

0

5

10

15

20

25

30

1 2 3 4 5 6 7 8 9 10

M
SE

 (1
0–

5 )

Sample Category

IGSA-WNN

GSA-WNN

WNN

T A B L E  5  EC comparison of three kinds of prediction models

Sample group WNN GSA-WNN IGSA-WNN

1 0.9667 0.9706 0.9773

2 0.9687 0.9711 0.9765

3 0.9668 0.9716 0.9764

4 0.9663 0.9709 0.9781

5 0.9695 0.9710 0.9775

6 0.9625 0.9702 0.9771

7 0.9669 0.9715 0.9765

8 0.9675 0.9714 0.9764

9 0.9673 0.9703 0.9773

10 0.9681 0.9717 0.9768

F I G U R E  4  EC comparison of three kinds of prediction models 
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The experimental results show that the average number 
of iterations of the 10 groups of experimental data based on 
WNN, GSA-WNN, and IGSA-WNN are 1928, 620, and 464, 
respectively. Thus, the convergence velocity of the IGSA-
WNN-based prediction model is faster than that of the other 
two models.

Previous research indicates that the prediction model 
based on WNN has deficiency issues, such as slow conver-
gence velocity and ease of falling into a locally optimal solu-
tion. The experimental results show that the traffic prediction 
model based on IGSA-WNN, as proposed in this paper, can 
effectively accelerate the convergence velocity of the network 
and improve the accuracy of traffic prediction. In summary, 
the prediction performance of the prediction model based 
on IGSA-WNN is superior to those based on WNN and 
GSA-WNN.

5 |  CONCLUSIONS

In view of the deficiencies of the prediction model based on 
WNN, such as slow network training velocity and ease of fall-
ing into a locally optimal solution, in this paper, we proposed 
the use of a swarm intelligence algorithm with global optimi-
zation capability to optimize a traditional WNN. Meanwhile, 
in view of the deficiencies of the GSA, we proposed combin-
ing the optimization of the gravitational coefficient equation 
with PSO algorithm optimization, then, combined the IGSA 
with a WNN, and proposed the resulting network traffic pre-
diction model based on IGSA-WNN. Finally, we conducted 
comparison experiments for the prediction model based on 
IGSA-WNN, a traditional prediction model based on WNN, 
as well as a prediction model based on GSA-WNN. The 
experimental results show that the traffic prediction model 
based on IGSA-WNN can effectively accelerate the conver-
gence velocity of the network and improve the accuracy of 
traffic prediction.
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