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Abstract. This paper presented the optimization of 

Multi-Layer Perceptron (MLP) Artificial Neural Networks 

(ANNs) using the Grey Wolf Optimizer (GWO) algorithm. 

The objective was to develop a prediction model for wind 

signal using artificial neural networks by using the 

principle of numerical statistical prediction and time-series 

data from air pressure, temperature, and wind speed. For 

accuracy and efficiency of the developed prediction model, 

the model consisted of the time series data divided into two 

sets as 70% for the learning data set and 30% for the test 

data set of the total data for the model to learn from the 

actual data set. The results obtained were Model 3-9-3-1 

using input data with 3 nodes, 1 hidden layer with 9 nodes 

using tansig activation function, 2 hidden layers with 3 

nodes using the tansig activation function and the output 

layer had 1 node using purelin activation function. The 

mean squared error in the prediction was obtained at 

0.0053768. It can be concluded that the prediction model 

could be used to forecast wind speeds very well. In the 

future work, the training algorithms by the optimizer may 

be used to achieve the least erroneous results. 
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1. Introduction 

The science of forecasting influences plans to deal 

with economic situation [1-2], agriculture [3], 

transportation [4], logistics [5], disaster prevention [6] and 

various epidemics [7]. In data science, there is a branch 

called predictive analytics, where appropriate prescriptive 

analytics is used for the future prediction of accurate results 

in the management to plan for risk and risk management 

more efficiently. The challenge of climate prediction is that 

the variability of the forecast data is complex. Due to the 

advancement of the Internet of Things (IoT), it has become 

easier to establish a weather station, so the amount of data 

is large, and the climate prediction data is time series data 

[8], which can be continuous data streams. In climate data, 

time series data have autocorrelation or serial correlation. 

Artificial intelligence (AI) has been used for more 

than 50 years. Advances in computing power, the 

availability of huge amounts of data, and new algorithms 

have led to major breakthroughs in AI in recent years. AI is 

considered the core of the digital transformation of society. 

It is the ability of machines to demonstrate human abilities 

such as reasoning, learning, planning, and creativity. It 

allows systems to perceive their environment, process what 

they perceive, solve problems, and take actions to achieve 

specific objectives. An Artificial Neural Network (ANN) is 

a part of computer systems designed to simulate how the 

human brain analyses and processes data or information 

[9]. It is the foundation of AI and solves problems that have 

proven difficult by human [10-19]. From the advances of 

ANN, and the complex and continuous data streams in the 

climate data, this is a challenge to apply ANN to forecast 

the future climate data. 

A wind gust is a short, sudden increase in wind speed. 

These sudden bursts in wind speed are often dramatic, 

causing trees to tip over, weather stations to be destroyed, 

and other types of damage. When monitoring severe 

thunderstorms, the wind gust is always referenced. 

The objective of this study is to use ANN to develop a 

prediction model of wind speeds and wind gusts based on 

meteorological data from the Sakon Nakhon weather station 

in Thailand between 2015 and 2019. The data collected 

includes air pressure, temperature and wind speed. The 

accuracy efficiency of the developed predictive model is 

defined using the ANN with an optimizer called GWO [15]. 

The organization of this paper is as follows: Section 2 

presents explanation of the application tools. Section 3 

provides the details of dataset. The explanation of the 

proposed method is given in Section 4. Result and 

Discussion are carried out in Section 5. Finally, the 

conclusions of this study are described in Section 6.  
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2. Literature Review   

2.1 Multi-Layer Perceptron Neural Network 

(MLP-NN) 

MLP-NN consists of 3 network layers: the input layer, 

hidden layer, and output layer. A hidden layer may have 

more than one layer as shown in Fig. 1.  

 

Fig. 1 One hidden layer MLP  

A MLP using back-propagation learning was presented 

by Rumelhart in 1985 [16-17]. The principle of the learning 

process of the model is changing the weights of each 

connection to optimize the model results for the most 

accurate values. Back-propagation learning was used to 

adjust the weighting as in Eq. (1).  

        )()()()1( nnynn ijiij           (1) 

where
iX is the input value at node is i ,

iw is the 

weighted value at node i , 
ijw is the weighting adjustment 

value between nodes i  and j ,   is the learning rate, α is 

the momentum,
i is the difference between the actual value 

and the calculated value as a derivative of the transfer 

function of node j , 
iy  is the result of the model at the 

node j and n , and 1n  is the value representing the 

revision loops at n  or 1n . 

In the training neural networks, several activation 

functions can be selected for example as shown in Fig. 2, 

which shows the logsig activation function. Fig. 3, shows 

the tansig activation function and Fig. 4, shows the purelin 

activation function. 

 
 

Fig. 2 Log-sigmoid function 

 

 

Fig. 3 Tan-sigmoid function 

 

 

 

Fig. 4 Pure-linear function 

 

 

 



ENGINEERING ACCESS, VOL. 8, NO. 1, JANURARY-JUNE 2022 47 

2.2 Grey Wolf Optimizer (GWO) 

The GWO is an algorithm that mimics the social 

leadership and predatory behavior of grey wolf in nature. 

This is a new concept introduced by Long in 2014 [20].  In 

this algorithm, the population is divided into 4  groups as 

Alpha (α), Beta (β), Delta (δ) and Omega (ω). The first 

three wolves α, β,  and δ point the prey to the last wolf (ω). 

Then the last wolf goes to the most likely areas to find the 

prey. During the search for the prey, wolves will improve 

their position around as in Eq. (2), and Eq. (3).  

                | ( ) ( ) |pD C X t X t                                (2) 

              ( 1) ( )pX t X t A D                                (3) 

Where t  is the position of the current prey, 

1 22 , 2 , pA a r a c r X      is the position vector of the prey, 

X  is the position vector of the wolf reduced in a straight 

line from 2 to 0 and 
1r   , 2r  dom vector in [0,1]. Theran 

concept of position improvement using equations (2) and 

(3) are illustrated in Fig. 3. The wolf in the (X, Y) position 

can move themselves around their prey as proposed in the 

equations (2) and (3).  However, the 7
th

 position of the 

locations can be illustrated as shown in Fig. 3, the random 

parameters A and C only allow the wolf to move to any 

position in a continuous space around the prey. 

 

Fig. 5 Algorithm for improving prey search position 

The GWO algorithm always assumes that α, β, and  δ 

will be the closest to the best prey. The best solution 

optimization are the three positions obtained consisting of 

α, β, and  δ respectively.  Then, the ω can be repositioned 

with respect to α, β, and δ respectively. The proposed 

mathematical model to re-adjust the position of ω  wolf is 

shown in Eq. (4), Eq. (5), and Eq. (6).  

                
1| |D C X X                                (4) 

                
2| |D C X X                                (5) 

                
3| |D C X X                                (6) 

where X
 is the position of α, X   is the position of β, X

 

is the position of δ and 
1C    , 2C   , 3C  are random vectors 

and X indicates the current position as shown in Eq. (4), 

Eq. (5), and Eq. (6) which can calculate the approximate 

distance between the current position and α, β, and δ 

respectively. The last position can be calculated using by 

the Eq. (7), Eq. (8), Eq. (9), and Eq. (10).  

            
1 1 ( )X X A D                                    (7) 

           
2 2 ( )X X A D                                    (8) 

          
3 3 ( )X X A D                                      (9) 

         1 2 3( 1)
3

X X X
X t

 
                          (10) 

where X
is the position of α, X   is the position of  β, X

  

is the position of δ  and 
1A , 2A  , 3A  are random vectors and 

t  is the number of iteration  as shown in Eq. (4), Eq. (5), 

and Eq. (6) which define the direction of the   towards α, 

β, and δ, respectively.  

The Eq. (7), Eq. (8), Eq. (9), and Eq. (10), are the result 

of the last position of the ω wolf  .The vectors A  and C  are 

random and aligned vectors for use in the survey and to 

reach the goal of the GWO algorithm as shown in Fig. 4.  A 

survey or search occurs when A  is greater than 1 or less 

than -1. The target is done when   | | 1A   and 1C  . It 

should be noted that A  decreases linearly during 

optimization to highlight utilization while increasing search 

cycles. However, the C is generated randomly throughout 

optimization cycle to highlight exploration as a very useful 

mechanism for resolving target failures. 

2.3 GWO-based MLP Trainer 

Mirjalili, S., presented the effect on the effectiveness 

of training multilayer neural networks with GWO [21, 22]. 

The process of training a multilayer perceptron using meta-

heuristics, which is a method for finding rational answers, 

has been very popular in finding answers today in 

processing speed and solving complex problems. The most 

important step in MLP training are weight and bias. The 

trainers should find a dataset of weight and bias values that 

provide the highest accuracy for prediction. Therefore, the 

variables here are weights and bias following the GWO 

algorithm accepting variables as vectors as shown in Eq. 

(11). 

         
1,1 1,2 , 1 2{ , } { , ,... , , , ,... }n m hV W w w w h              (11) 

where n  is the number of input nodes, 
ijw is the connection 

weight from input layer i  to j  node in hidden layer, 
j is 

the bias (threshold) of the hidden layer node. After that, the 
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variable is defined in the target function. The purpose of 

training MLP is access to classification and prediction for 

training and testing samples of the most common metric.  

The evaluation of the MLP performance is the mean square 

error (MSE) as in Eq. (12). 

2

1

( )
m

k k

i i

i

MSE o d


                         (12) 

where m  is the number of outputs, k

id is the desired output 

of the input at i , when using training samples at k , k

io  is 

the actual output of the input at i  when training  at k  

appears in the input. 

The MLP should adapt itself to the entire training set to 

be effective. Therefore, the performance of the MLP is 

assessed based on the average of the MSE across all 

training as in Eq. (13). 

2
8

1

1

( )
m k k

i ii

k

o d
MSE

s









                   (13) 

Where s is number of training sample,  m  is the number of 

outputs, k

id is the desired output of the input unit i , when 

training sample at k , and 
k

io  is the actual output of the 

input unit i  when training samples at k  appear in the input. 

After that, the MLP training problem can be defined 

with variables and MSE for the GWO algorithm as shown 

in Eq. (14). 

: ( )Minimize F V MSE                 (14) 

In Fig. 6, shows the overall process of training an MLP 

using the GWO algorithm which uses weight and bias 

values and the MLP to send the average MSE for training. 

The GWO algorithm adjusts to weight/bias to reduce MSE. 

 

 

Fig. 6 The overall process of training the MLP using the GWO 

 

Fig. 7 The concept of training MLP by GWO search agent 

 

The methods used for goal finding and MLP training 

with the GWO algorithm are illustrated in Fig. 7. It can be 

seen that the ω wolf tends to be higher than α, β, and δ , 

respectively. The next position will be close to α and β. 

Therefore, the involvement of the α wolves in weights 

determination and the prediction of   wolves is the highest 

level as shown by the number of weights and bias that 

turned purple.  When the   wolf movement is higher than 

β and δ, a less engagement of β and δ  in the next position of 

ω  is clearly highlighted in blue and green and it can be 

noticed even if similar colors are used. Incomplete weight 

and bias values are replaced by, α and β, respectively. 

Therefore, the high tendency of learning and 

approaching the goals of the MLP improved with each 

round. In this way, there is no absolute guarantee for 

finding the most suitable MLP for the dataset using the 

GWO.  Due to the random behavior of the algorithm, the 

best possible MLP is used in each cycle.  However, the 

MSE decreases during Epochs of learning iteration or the 

GWO converge values. 

3. Dataset   

The dataset used for prediction was from 

meteorological station at Sakon Nakhon weather station in 

Thailand between 2015 and 2019.  It was daily climate 

report data including air pressure data between 0-1,100 

hPa, temperature data between 0-42 °C, and wind speed 

data between 0-50 mph . The dataset was a nonlinear time 

series of 1,825 datasets divided into the datasets used for 

learning (Training Set) accounting for 70% or 1,277 

datasets so that the model could learn from the actual 

datasets, while the test datasets accounted for 30% or 548 

datasets. 
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4. Proposed Method   

The proposed method is divided into three processes; 

data transformation, development of the prediction model, 

and the training and testing of the prediction model. 

4.1 Data Transformation 

The scope of data was adjusted to a range suitable for 

use in training neural networks to learn using the principle 

of the neural network. The field values were be converted 

using data normalization methods which reduced the value 

of the data to the extent suitable for the process in the 

MATLAB program and the functionality of the neural 

network. [23, 24]. Data handling could lead to missing data 

causing incorrect results [25]. In this paper, the average 

method was used to replace missing data such as deleted 

data, average, random, and etc.   

4.2 Development of the Prediction Model  

There are four steps for development of prediction 

model as follows.    

1) when X(t)={x1, x2,…, xn} is a dataset of input data at 

time t, where n is the number of input data, Y(t+1)={yt} is a 

dataset of output data at time t+1, divided into 2 sets 

consisting of the training set and the test set. 

2) the pre-processing for the datasets is prepared by 

converting the datasets to be in the range [-1, 1] using the 

data normalization method. 

3) neural network is trained using input x(t) and output 

data Y(t+1). 

4) prediction using test datasets and measurement of the 

performance of the prediction model with MSE are 

performed. 

4.3 Training and Testing of the Prediction 

Model 

1) This research is used to develop a prediction model 

using the MATLAB program by choosing a multi-layer 

feed-forward neural network and applying the reverse 

learning propagation model to the study. The model is 

chosen because it is a network that can be learned by 

adjusting the weight to reduce the discrepancy between the 

output values and the target values which result in an error 

of higher output than the set value. Therefore, the network 

must be adjusted. 

2) the trainlm (Levenberg Marquardt Algorithm) and 

the GWO-based MLP trainer is a training function which is 

fast in processing and suitable for solving complex 

problems. 

3) the LearnGDM (Gradient descent with momentum 

weight/bias learning function) is a learning function. 

4) a number of layers in finding output count from the 

hidden layer to the output layer. This is not stable until the 

most accurate result is obtained. 

5) function is activated for transferring the data. 

6) Measurement of the model performance with MSE is 

performed [26]. 

Fig. 8 shows the training process of the neural 

network model. The datasets are used to test the processing 

capabilities of trained neural networks.  

 

 
 

Fig. 8 The flowchart of training of the neural networks 

5. Results and Discussions   

The prediction model for wind speeds was developed 

through artificial neural networks using input data as time 

(t) and the next output data time(t+1) as result data. The 

neural network in a multi-layer perceptron was trained and 

a reverse learning propagation model was used to increase 

network efficiency with the GWO. The prediction model 

provided an input layer with three nodes: hidden layer and 

an output layer using activation functions consisting of the 

logsig, tansig, and purelin.  

The datasets were used to test the processing 

capabilities of trained neural networks. The results of the 
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prediction model 3-9-3-1 had 3 nodes in the input layer, 9 

nodes in the 1
st
 hidden layer using the tansig activation 

function, and the 2
nd

 hidden layer had 3  nodes using the 

tansig activation function. The output layer had 1  node 

using purelin activation functions, whose MSE was 

0.0053768. This was the model with the least error 

compared to the others as shown in Table 1 (page 52).  

After obtaining the optimal prediction model, the next 

step was to adjust the parameters for the model to find the 

parameters that gave the prediction results with the least 

error as shown in Table 2 (page 52). 

The optimal parameters for learning were used at a 

learning rate in the hidden layer and output layer of 

0.2/0.2/0.2, while the hidden and output layer momentum 

parameters were adjusted at 1.2/1.2/1.2 for the activation 

function. The learning in the hidden layer used tansig 

function and the output layer used purelin function. The 

epochs were 250 and the learning network target error 

value was 0.001. The result of learning information and the 

model's data learning rate of adjustment trend are shown in 

Fig. 9 and Fig. 10.  

The wind speed prediction was tested. The predicted 

data and actual data are shown in Fig. 11. 

6. Conclusions   

A prediction model for wind speeds was developed 

using artificial neural networks training by the GWO. The 

wind speed prediction test was performed using the datasets 

from the meteorological station at Sakon-Nakhon province 

in Thailand during 2015-2019 and the predicted results 

were compared with the actual datasets. It was found that 

model 3-9-3-1 gave the least predictive error. The MSE 

was 0.0053768, which yielded satisfactory results. 

The suggestions for future research may be to apply 

techniques to optimize the result datasets to increase the 

accuracy of the forecast and reduce the learning time in the 

future. 

 

Fig. 9 The performance of the test data 

 

 

Fig. 10 The learning rate of the neural networks 

 
Fig. 11 Comparison of the prediction data and the measured data 
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Learning Algorithm = trainlm,  

Train Algorithm = GWO, Epoch = 250, Goals = 0.001 

Network Model Transfer Function Performance (MSE) 

1 3-6-1 tansig-purelin 0.020179 

2 3-6-1 logsig-purelin 0.022877 

3 3-9-1 tansig-purelin 0.024679 

4 3-9-1 logsig-purelin 0.019521 

5 3-9-1 tansig-tansig 0.017948 

6 3-24-1 logsig-purelin 0.018145 

7 3-9-3-1 tansig-logsig-purelin 0.0063117 

8* 3-9-3-1 tansig-tansig-purelin 0.0053768 

9 3-9-3-1 Logsig-tansig-purelin 0.0090696 

Table 1 Prediction Model 

 

ID Operation function Parameter values 

1 learning rate of hidden layer and output layer 0.2/0.2/0.2 

2 Momentum value of hidden layer and output layer 1.2/1.2/1.2 

3 Activation function of hidden layer tansig 

4 Transfer function of output layer logsig 

5 Epochs 250 

6 Learning network target error 0.001 
 

Table 2 Optimal Parameters 


