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Abstract

In this research, two solution methods including an Artificial Neural Network (ANN) as well as an ANN combined with
Genetic Algorithm (GA) are developed for forecasting wind speeds in the city of Binalood in Iran considering long,
medium, and short-term periods. The input data included site atmospheric pressure, mean sea level atmospheric
pressure, temperature at a height of 100 meters, soil temperature at a depth of 0-10cm, absolute humidity, relative
humidity, total accumulated precipitation, total cloud cover, plus speed and direction of wind at a height of 100 meters,
which were collected using windPRO software. The models were run in MATLAB with all mentioned parameters
mentioned as the inputs, and wind speed at of 100 m height considered as the output. Hourly meteorological data
pertaining to a prolonged period of time from 2008 to 2019 were used for training the ANN models for forecasting. Mean
Squared Error (MSE) and correlation coefficient between outputs and targets were used as the measure of accuracy. After
a sensitivity analysis, the ANN-GA hybrid, with an MSE of 0.29192 and a correlation coefficient of 0.99750, was found to
be the most accurate method for wind speed forecasting in the study area.
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benefits offered an alternative way to pursue
energy security [1]. Renewable energy
sources like wind energy are potent enough
to meet the future energy needs in many

Introduction

Humans are always looking for stable and
secure living conditions that allow them to

have as much certainty as possible in their
life. One of the requirements of such
conditions is stable access to energy sources.
Given the concentration of non-renewable
energy sources in a limited number of
countries, access to energy is one of the most
important causes of instability and
uncertainty. However, the advent and
development of renewable energy sources in
addition to environmental and economic

countries [2]. The environmental benefits of
renewable energy sources compared to fossil
fuels, such as lower air pollution and
enhancing quality of life, have also boosted
the transition towards these energies [3].
Another factor that greatly increases the
motivation to use renewable energies is that
they are environmentally friendly [4]. These
benefits, along with the alarming
environmental conditions resulting from the
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overutilization of non-renewable energy
sources, most notably climate change, have
led to increased attention to renewable
energies [5]. As the costs of manufacturing
and maintaining  renewable  energy
equipment such as solar panels, wind
turbines, and hydropower turbines have
declined, these renewable energies are now
increasingly used across the world [6].

Fossil fuel depletion, fluctuating costs, and
environmental issues have made the
development of renewable energy sources a
pressing concern in recent decades. Of all the
renewables, wind and solar are seen to have
the most promise. Potentially trustworthy
meteorological data should be easily
accessible to make the most of its benefits.
However, wind and global solar radiation
(GSR) statistics are sometimes unavailable,
particularly in isolated areas. This and a
number of other factors may affect the
solar/wind data's intensity and availability

[7].

It is now mandatory in many countries to
switch from fossil fuels to renewable energy
sources. Fossil resource shortages and
adverse  environmental  repercussions,
particularly climate change, are the main
motives of this shift. Because of this,
renewable energy sources like solar, wind,
and wave power are becoming more and
more utilized globally [8-10]. It is anticipated
that wind and photovoltaic energy would
account for two thirds of the growth in
renewable energy. Since wind energy has
very cheap production costs and excellent
efficiency, it is the most widely used
renewable energy source [8,11]. For linked
grids wind turbine, known as Wind Energy
Constant Speed (WECS), is linked to the power
grid at varying voltage levels. The fluctuating
and unregulated wind generation creates
issues with connecting to the grid and
maintaining a stable, balanced power supply.
Furthermore, a number of characteristics of
power system  operation, including
dependability, power quality, stability, and

economics, are influenced by the grid's large-
capacity absorption of wind energy [8, 11, 12].

Consequently, several countries have
initiated extensive development of wind
programs to promote the utilization of this
sustainable energy source. For example,
China's "12th Five Year Plan (2011-2015)"
increased the amount of electricity supplied
from offshore wind farms by 5 GW and
planned it to an additional 30 GW capacity by
2020. In a similar vein, around 3500 offshore
wind turbines were installed in European
waterways between 1992 and 2017 [13].

Many countries have made extensive
investment in their renewable energy
sectors. In some developing countries, the
lack of a nation-wide electricity grid
combined with rising electricity demands
have highlighted the need for investing in
renewables [14, 15].

The biggest weakness for wind as a
sustainable  energy  source is  the
unpredictability of its patterns and
variability in wind strength. The ability to
produce and convert wind energy depends on
the wind speed and direction, so it is
necessary to determine these two
parameters to predict it. Due to continuous
changes in wind speed, it is necessary to
measure the wind speed at different times. In
this way, the wind speed is determined at
every moment and by studying it, it is
possible to determine the hours when the
wind speed reaches maximum or minimum
levels. Because of these continuous
fluctuations in wind speed, it is essential to
understand the influencing parameters and
factors in forecasting wind energy [16, 17].

wind speed can be predicted by different
methods, including physical models, spatial
correlation, mathematical formulas, and Al [18].
In recent years, the use of ANN has grown in
many applications, including wind speed
modeling and forecasting [19]. ANNs can
identify patterns in a phenomenon by analyzing
cases of how it develops or progresses. The Al
analytical capabilities also extend to
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phenomena that can only be modeled using
complex non-linear equations. Advanced
learning algorithms have increased the ability
of ANNs to simulate complex problems with
high accuracy in a short time. ANNs are mainly
used as predictors of time series. They control
the uncertainties that tend to appear in real-
world problems and offer a more convenient
alternative to traditional solution methods.
Regarding wind speed prediction, the choice of
parameters and input data has a profound
impact on the accuracy of forecasting models.
One way to generate and process wind speed
data is to use time series analysis, which
revolves around univariate modeling and
autoregression. Another method is to use ANNs,
which are systems consisting of sets of neurons
and nodes arranged in multiple layers with a set
of weights and biases that transform inputs into
target outputs through an activation function
[20]. Each neuron in each layer is linked to all of
neurons in next layer but not to other neurons
of the same layer. ANNs can be trained with
previously trained data to recognize hidden
patterns or relationships in these observations,
which can then be used to predict future
observations. Since the trained weights of an
ANN are an internal mechanism of its modeling
process, their relationship with the analyzed
phenomenon is often ignored.

Inrecent years, many researchers have used soft
computing methods, including ANNs, fuzzy
models, and Adaptive Neural Fuzzy Inference
System (ANFIS) for prediction of wind speed.
Vagas et al. [21] analyzed Systematic Literature
Network Analysis (SLNA) to provide a review of
wind energy analyses conducted over the past
30 years for the purpose of decision-making.
This analysis showed that in the last 10 years,
most studies have utilized measurement-
correlation-forecasting models, initially
implemented linear models and then improved
them with alternative techniques such as ANNs
or hybrid models. A significant finding of the
review was that ANNs have been the most
widely used tools in recent years for this
purpose [21]. Hu et al. [22] showed that using a
preprocessing algorithm to transform and
standardize hourly average wind speed data

before using AI models for forecasting can
significantly improve forecasting accuracy.

The literature has shown how machine learning
techniques may be used to predict wind
generation. In[23,24], ANNs were used to create
a prediction model. They took information out
of KL University in Andhra Pradesh. The findings
showed that while adding more cache layer
neurons increases processing capacity and
further reduces expected output errors,
increasing latency also reduces mistakes. ANN
was used in different research [23, 25] to
estimate wind energy in the Himalayan area. In
order to forecast wind energy, they collected
data that included thirty-day inputs of air
temperature, wind speed, and density. With a
regression value of 0.99, the ANN demonstrated
its effectiveness as a prediction method in this
study.

According to Tiet al.[26] on wind turbine power
forecasting, they report that the use of
Machine Learning (ML) methods in that field
can significantly improve the accuracy and
usefulness of forecasts. Demolli et al. [27]
tested the performance of five ML algorithms
in producing long term forecasts for wind
power on daily wind speed data, ultimately
reporting that, when given precise historical
wind speed data, ML algorithms can indeed
produce highly accurate long-term wind power
data. Predictions are essential for the
performance  optimization of systems,
including location, stable and reliable power
system operation, and power distribution
management [28]. As a result, some researchers
have concentrated on improving the accuracy
of wind speed predictions. The total number of
publications published on wind speed
prediction from 2014 to 2023 is shown in Figure
1[29, 30]. Experts in the field and academia alike
agree on the importance of wind speed
predictions in increasing the efficiency of wind
energy. Based on the time intervals of collected
wind speed data, current academic research
divides wind speed prediction into two
categories: short-term (e.g., hourly) and long-
term (e.g., monthly or seasonal) [29].
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Figure 1: The number of articles on wind speed

prediction published in the last 10 years [29, 30].

The main novelty and features distinguishing
the present study from those in literature is
to increase accuracy of wind speed
forecasting models for short, medium, and
long-term times. In the present study, ANNs
in combination with three heuristics, namely
the Levenberg-Marquardt Algorithm (LMA),
the Bayesian Regularization Algorithm (BRA),
Scaled Conjugate Gradient Algorithm (SCGA),
and also one meta-heuristic, which is the
Genetic Algorithm (GA) are used to produce
wind speed forecasts in short, medium, and
long-term time horizons based on a range of
meteorological factors, and the sensitivity of
forecasts to these factors is analyzed.

Past studies have investigated the effect of
different meteorological parameters on wind
speed. In this research, two meteorological
parameters that were not investigated
before and also the characteristics of the
wind on the wind speed have been
investigated. The distinguishing features of
this research compared to other studies
conducted in this field are given in Table 1,
which can be summarized in the form of the
following list by carefully examining the
previous research:

1 - In many previous studies, the effect of the
total cloud cover in atmosphere and soil
temperature has not been considered. In
current research, the effect of each of these
two parameters has been investigated. Then,
the effect of these two parameters has been
checked by sensitivity analysis.

2 - In most of the previous studies,
forecasting was done only in a one-time

period. In the current research, the forecast is
conducted in three time periods: short term,
medium term and long term.

The rest of this research is organized as
follows: Section 2 provides literature on wind
speed forecasting, Al, ANN, and GA. Section 3
describes the data used in the study and
presents a detailed explanation of the
methodology. Section 4 presents analysis of
results, and conclusion is presented in
Section 5.

Literature reviews

wind speed forecasting is immensely
important for managing wind turbines. Wind
speed changes can be predicted in different
time domains, including hourly, daily,
weekly, monthly and vyearly intervals.
Naturally, the time domain of forecasts
needs to match the purpose. For example,
when planning the installation of wind
turbines, we need to use long-term (i.e.
yearly) wind forecasts [31], but when
configuring the wind turbine control system,
we must use short time (ie. hourly and
minutely) forecasts.

There are a variety of methods for making
short-term and long-term predictions. One
of the best methods available for this purpose
is the ANN derived from AI However,
depending on the context, a combination of
meta-heuristic algorithms and AI methods
may be able to provide more accurate
predictions [32]. Al seeks to enable a machine,
system or program to imitate human
behavior and specifically the way the human
brain makes intelligent decisions. To achieve
this goal, Al uses the process called ML. Al
systems attain intelligence by using ML and
Deep Learning (DL) methods to learn or in
other words get trained for a specific purpose
[33]. ML is a subfield of Al that helps systems
to automatically improve and learn. Al is an
ideal choice for solving many problems with
unknown and non-specific inputs that cannot
be explicitly modeled and programmed with
conditional commands and therefore cannot
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be properly solved with conventional
programming [34]. ML focuses on developing
a program that can automatically learn from
existing data to improve itself. In ML, the
learning starts with observing data and uses
cases, direct experience or instructions to
find certain patterns in the data, which can
then be used to make decisions, predict future
data, solve a problem, etc. [35]. The purpose of
ML is to let computers to automatically learn
without intervention by humans [36].

The main purpose of ML is interpreting data
and generalizing learning beyond training
instances. DL is the same as ML with the
difference that learning is done on a
hierarchy of increasing complexity and
abstraction, which allows the machine to
gain a better understanding of the real
phenomenon and its patterns [37]. At the
simplest level, DL can be viewed as a method
to automate the analysis of forecasting. This
type of learning is a very important part for
data science, including modeling for
prediction, and statistics. DL makes it much
easier and faster to analyze and interpret
data; a feature that makes it extremely useful
for other scientists who interpret, collect,
and analyze big data. DL can be described as a
kind of ML and Al which actually imitates the
way human mind learns [38]. This kind of
learning is actually similar to the process of
learning in ANNs with a multitude of hidden
layers. ANN is an extremely important tool
in ML that takes inspiration from the human
brain. These networks include sets of input,
output, and hidden layers, each comprised of
aset of neural units which transform input to
usable output [39]. ANNSs are the best tool for
learning complex patterns for the purpose of
building or configuring ML systems. These
networks are known to be suitable for a
variety of tasks but also fall short in certain
applications [40]. In particular, they are well
suited to tasks that involve missing, fuzzy or
incomplete data, and also highly complex and
also ill-defined problems, where humans
make decisions [41]. Thus, ANN modeling
tools can be used for pattern recognition,
simulation, prediction, and optimization

applications that involve nonlinear data. The
prediction accuracy of ANN models depends
on their input parameters, training
algorithm, and structural configuration.
Considering the complex and non-linear
nature of most real-world problems, ANNs
are extremely handy for solving such
problems without any prior assumption
about the presence or nature of correlations
in the data. ANNs divide the data into three
subsets [42]:

1. The training dataset that is used to set the
weights of nodes.

2. The validation dataset that is used to fine-
tune their settings.

3. The test dataset that is used to find out
whether the inputs lead to the desired
outputs.

The output, hidden and input layers of the
ANN are linked to each other through
processing elements called neurons. These
neurons are connected to each other with a
set of synaptic weights, which the learning
algorithm updates to adjust the input-output
mapping [43]. The weighted inputs obtained
from the nodes are given to an activation
function, which produces the output. In each
cycle, the weights are adjusted for reducing
the gap between the generated output and
the desired output [44]. A basic ANN tends to
have a number of inputs (signals), one output,
and consists of two basic operations called
training and testing [45]. In the training
operation, the network learns to produce the
correct input-output mapping, which is done
by training neurons to produce the target
output from the given inputs. In the testing
operation, the network is tested to determine
whether it has correctly recognized the
pattern in inputs. In this process, if the
network output does not match the training
dataset, the network will be trained again
according to the observed error [46]. The
number of nodes in an ANN'’s input layer is
equal to the number of inputs given to the
network. The number of nodes in output
layer is equal to output expected from

347 1 864



Journal of Power Technologies 0% (4) (2025) 348 -- 364

"
~J LS

network [47]. The number of neurons in the
network’s hidden layers is often found
empirically. Increasing the number of nodes
and links improves the network’s learning
ability but prolongs the training process [48].
Each node has many inputs but only one
output. After processing its inputs, the node
feeds the result to the next layer. The
processing applied to input data involves
multiplying each data item by its weight,
adding weighed values together and giving
the result to the activation function [49],
which produces the data that is passed to the
next layer. These activation functions are
exponential, which make it possible to build
nonlinear models [50].

Wind speed forecasting with ANNs has been
the subject of a number of studies, some of
which are reviewed below. In one study,
Oztopai et al. [51] compared the wind speed
forecasts made by the Trigonometric Point
Cumulative Semi-Variogram (TPCSV) method
and an ANN, ultimately reporting that they
had similar results in most months of the
year. Noting the importance of accurate wind
speed and direction forecasts for the optimal
performance of wind farms and grids,
Kolokythas et al. [52] developed a feed-
forward ANN for wind speed forecasting
based on existing data, which managed to
provide highly accurate wind speed
forecasts. In a study by Salfate et al. [53], they
examined the impact of 24-hour wind speed
forecasts on wind turbine power output in La
Serena, Chile, and presented a reliable
method to produce 24-hour wind speed
forecasts with 20% uncertainty using
meteorological data collected from a
weather station in the southern region of the
Atacama Desert. Singh et al. [54] used ANN
for prediction for speed of wind and factors
that impact wind energy output, based on
which they concluded that the heights of the
Akalhoma region have a good wind energy
potential. In a study by Yao Lee et al [55],
where they used a hybrid model consisting of
an ANN and Particle Swarm Optimization
(PSO) for prediction of wind speed for wind

power generation, they found that this
approach offers better results than ANN.

Considering the costs of renewable energy
projects, forecasting models tend to be
extremely important for renewable energy
studies especially in regions where real-
world data is not available. In one such study,
Shboul et al. [56] developed a new technique
based on feedforward backpropagation ANN
for forecasting hourly wind speed and solar
radiation in the northern and southern
regions of the Persian Gulf. Using mean
absolute percentage error and correlation
coefficient as accuracy measures, they found
that the proposed hybrid model offers over
96% accuracy for all of the investigated
locations. Zhung et al. [57] used the Variable
Mode Decomposition (VMD) algorithm for
improving short-term wind speed forecasts
of a hybrid model comprised of ANN and
genetic algorithm (GA-ANN) and reported
that this approach could improve accuracy of
wind speed forecasts. These researchers used
a hierarchical clustering method to extract
historical data and then optimized the model
using GA.

An accurate power generation plan can
effectively reduce the cost of power
utilization and considerably increase the
development of wind energy sources.
Following this goal, Duan et al. [58] modeled
the periodic variations of wind speed based
on historical data using an ANN, which
significantly improved accuracy for short-
term wind speed forecasts. Han et al. [59]
developed a prediction model of wind power
by Tabu Search. These researchers found that
when given appropriate inputs, the Tabu
Search-based wind power forecasting ANN
can improve the accuracy of forecasting as
well as its convergence rate. Mabel et al. [60]
reviewed the AI techniques used in the
evaluation of the energy output for wind
farms and introduced a model based on the
ANN architecture with three input variables
(relative humidity, wind speed, hours of
generation) and one output variable (wind
farm energy output) for Muppandal, Tamil
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Nadu, India. These researchers developed
their model using MATLAB toolbox and
confirmed its accuracy by comparing
simulated results with actual measurements
made in wind farms. In a study on wind speed
prediction in wind farms of the southeast
coast of China, it was stated that accurate
wind speed forecasts allow us to take
advantage of high wind speeds for energy
storage and at the same time protect wind
turbines from damage. However, the
randomness and fluctuating and non-linear
nature of the wind makes it difficult to make
accurate wind speed forecasts. In their study,
the VMD algorithm was used to analyze wind
speed data and PSO was used to optimize the
bidirectional long short-term memory
(BiLSTM) for better forecasting [61]. Chen et
al. [62] investigated the possibility of using a
hybrid ANN method called wavelet neural
network for simulating and interpolating
wind  pressure and measured the
performance of this network along with two
other forecasting models, namely
backpropagation ANN and GA-
backpropagation ANN for comparison
purposes. Results of this research indicated
that the wavelet neural network could serve
as a reliable tool for predicting surface wind
pressure. Ahmadi et al. [63] examined the
wind power generation potential in the
Helmand region of Afghanistan and tried to
determine the best locations for building
wind and solar power generation facilities in
this region using MCDM methods based on
technical, economic and environmental
criteria. In this study, the Sangin area was
found to be the best site for installing wind
turbines in the studied region. Meng et al. [64]
used GA to develop a prediction model with
the specific purpose of resolving the learning
problem in wind power forecasting for wind
farms. They implemented their model on the
data gathered from Sotavento wind farm.
Their experimental results showed that their
model can be used to produce short-term
forecasts for wind farms. Noting that the
fluctuations of wind speeds make them
difficult to predict, Zhang et al. [65] combined

ANN and PSO to create a set model for single
and multi-step wind speed forecasting. The
tests conducted on four datasets showed the
superior accuracy and efficiency of this
model over other models in single and multi-
step wind speed forecasting.

Saini et al. [66] investigated accurate
forecasting of wind speed using a hybrid
wind speed forecasting model. Experimental
results indicated that the model improved
the forecasting accuracy for the model.
Valdivia-Bautista et al. [67] reviewed and
classified the models for prediction based on
input model type, the ANN model, the post-
processing and pre-processing techniques,
the steps ahead number, the prediction
horizon, and the evaluation. The results of
their research show that ANN models could
provide accurate wind prediction, also
information regarding the specific location of
wind farms and future wind speed values.
Xiong et al. [68] investigated a model that
combined different methods. The RMSE of
their proposed model was reduced by almost
10% compared with other models.

In the present study, wind speed forecasting
is done by the use of Al and specifically ANNs
in combination with three heuristics, namely
LMA, the BRA, SCGA, and also one meta-
heuristic, which is the Genetic Algorithm
(GA). The study has made use of library
methods, expert opinions, and state-of-the-
art software and tools, which are partly
discussed in the literature review. A brief
summary of previous studies on the subject of
wind speed forecasting methods is provided
in Table 1. A detailed description of the
methods and tools used in the research is
provided in the next section. The study’s data
collection method has been a combination of
library and field methods. Specifically, after
examining the literature, meteorological
data have been collected by the WindPRO
software and then all data have been
organized and imported into MATLAB
software for processing by Al
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Table 1: Summary of the research literature and its
gaps
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Methodology

Renewable energy sources are important
from both economic and environment
standpoints. Accurate wind speed prediction
is essential for proper planning and
management in wind farms. This paper
presents wind speed forecast modeling for
the city of Binalood in Iran. The forecast
results were produced by the use of
meteorological data with the help of
WindPRO software. To increase the
reliability of meteorological data, the study
used data collected over a 20-year period
from 2008 to 2019 in hourly form. The study
area consists of Binalud highlands in
Khorasan-Razavi province in northeastern
Iran, in the western section of the Kashaf
rood basin. According to the topographical
maps of the National Geographical
Organization of Iran (NGOI), the study area is

bounded by 55°35Nj and 50°36Nj northern
latitudes and 35°58Nj and 40°59 eastern
longitudes [69]. The location of the study area
is displayed in Figure 2. The meteorological
data used in forecasting included
measurement times (year, month, day, hour),
site pressure, mean sea level pressure,
temperature at a height of 100 meters, soil
temperature at a depth of 0-10 cm, absolute
humidity, relative humidity, total
accumulated precipitation, total cloud cover,
and wind speed and direction at 100 meters
elevation [70].

Figure 2. Topographical map of the study area
(Binalud in Iran) [66]

The aforementioned meteorological data
were extracted from WindPRO software [70].
All data were organized and imported into
MATLAB for processing by Al In MATLAB,
historical data including measurement times
(year, month, day, hour), site pressure, mean
sea level pressure, temperature at a height of
100 meters, soil temperature at a depth of 0-
10 cm, absolute humidity, relative humidity,
total accumulated precipitation, total cloud
cover, and wind direction at a height of 100
meters were introduced as independent input
variables and wind speed at 100 meters
elevation was defined as the dependent
variable of the artificial neural network. The
best fit was obtained with the feedforward
perceptron layout. After finding the best fit,
future wind speeds were also predicted with
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the network. This Neural Network (NN)
consisted of input, hidden and output layers
with interconnected by neurons. As
previously explained, neurons are linked to
each other with a set of synaptic weights,
which the learning algorithm updates to
adjust the input-output mapping. The
weighted inputs are given to an activation
function, which produces the output. In each
cycle, the weights and biases are adjusted for
minimizing gap between the generated
output and the target output. The output of
neurons is calculated by Equation 1[71].

' EC

In this equation, Ai is the network output, Wij
is the connection weight of the j-th neuron to
the neuron of the i-th layer, and aj is the input
of the neuron. A basic ANN has multiple
inputs (signals) and one output and consists of
two phases called training and testing. In the
training phase, the network learns to
produce the correct input-output mapping,
which is done by training neurons to produce
the target output from the given inputs. In
the testing phase, the network is tested to
determine whether it has correctly
recognized the pattern in inputs, and if the
output does not match the training dataset,
the network will be retrained according to
the observed error [72]. The numbers of input
neurons are equal to the numbers of inputs
given to the network, output neurons
numbers are equal to the dimension of
knowledge (output) expected from the
network, and the number of hidden neurons
is determined empirically. Mathematical
models of ANNs with one layer and n layers
are shown in Figures 3 and 4, respectively.
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Figure 3: A simple mathematical model for an
ANN with one layer
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Figure 4: A simple mathematical model for an
ANN with n layers

As stated, increasing the number of neurons
and connection improves the ANN’s learning
ability, but prolongs the training process.
Each node has a few inputs, but only one
output. After processing its inputs, the node
feeds the result to the next layer. To process
the input, each data is multiplied by its
weight, the weight values are added
together, and the result is passed to the
activation function [73], which produces the
data to be passed to the next layer. The
algorithm which is used in the training
process and kind of activation function have
a great impact on the network performance
and output. These activation functions of
ANNs are exponential, which make it
possible to build nonlinear models [72]
Before starting the simulation, the input data
should be divided into two subsets. The first
subset is the training dataset, which consists
of tagged data used in the training of the
network. It is customary to use 60 to 70% of
all available data (chosen randomly or based
on some criteria) for training. Once the
network is trained and the final weights by
which the network yields the minimum error
for the training dataset are found, the trained
network should be tested with the second
subset of the data, which is called the testing

» dataset. These are the remaining 30 to 40% of

the data that have not been given to the
network in the training phase. As such, this
data can be used to evaluate how well the
network can predict the tags of new (non-
observed) data, which gives a measure of
training performance [74].
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Several stopping criteria can be used to define
when the process of adjusting weights to
minimize error will stop. The following are
some of the most important of these criteria:

Whenever the error (the cost function) that is
supposed to be minimized drops below a
certain threshold, it can be concluded that
the network has been trained enough to yield
an acceptably low error. This condition is
expressed as follows [75];

JwW)<g& (2)

Whenever the change in error in two
consecutive cycles is less than a certain
threshold (i.e. when the error is decreasing at
avery slow pace), it can be concluded that the
network has nearly achieved the minimum
error, which means the training can be
stopped. The mathematical expression of this
condition is provided below [75]:

g *x s (3)

Next, the forecasts of the developed
feedforward perceptron were compared with
those of a GA-based ANN in order to
determine whether this hybrid ANN can be
more accurate than the perceptron. In the
hybrid ANN, GA was used in the training of
NN. In this approach, the learning accuracy of
ANN is increased by using a meta-heuristic
algorithm in the weighting of its layers or
edges. GA is one of the most widely used
evolutionary algorithms. GA is often referred
to as a function optimizer in the sense that it
optimizes the objective function defined for a
problem [76]. GA is commonly used for
solving problems in a wide range of
applications. GA usually begins with the
generation of a population of chromosomes
(organic structures that encode the genetics
of living organisms) that constitute the
algorithm’s  initial  population. These
chromosomes are usually generated at
random and are bound to the upper and lower
limits of problem variables. Next, GA
evaluates the generated chromosomes in
terms of their ability to yield optimal
solutions for the defined problem (objective)

-
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and then runs a reproduction process in
which  fitter chromosomes (stronger

solutions) have a greater chance of being
chosen for reproduction. The fitness of
solutions is usually measured against that of
current candidate (incumbent) solutions [77].

GA is a kind of search algorithm which is
inspired by the concepts of natural selection
and genetics of living organisms. In this
algorithm, some of the processes observed in
natural evolution are simulated in the
computer environment. This simulation
revolves around performing a number of
operations on chromosomes. GA optimizes
the objective function of the problem
without a-priori knowledge of its gradient
[78]. Furthermore, GA uses probabilistic
mechanisms to transition from one state in
the problem space to another, whereas
conventional algorithms wuse gradient
information of objective function for this
purpose. These features of GA have
transformed it into a general-purpose search
algorithm. GA can also be used to search
irregular problem spaces. In general, GA is
used to solve problems in a range of fields
including function optimization, parameter
estimation, and ML [79].

Basically, the modus of operation of GA
involves  formulating, initializing and
randomizing an initial population of
solutions and then going through a loop of
evaluating the objective function to find the
fittest solutions and then applying the three
operators of reproduction, crossover,
mutation on the population until the
stopping condition is met [80]. Figure 5
illustrates a simple mathematical model of
GA

Fre by papriaey S sl st

Figure 5: A simple mathematical model of GA

To compare the errors of their wind speed
forecasts, the feedforward perceptron and
the GA-based ANN were created using 13
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input variables and different numbers of
hidden layers (trial and error). In the fit phase,
different percentages of data were used for
training, testing, and validation purposes in
order toreach abetter evaluation of the error
associated with these percentages. To be used
in the model, the input variables had to be
normalized to [0, 1]. This was necessary to
avoid large-valued variables having a greater
impact on the error function without
necessarily being more important for
predictions. Thus, all variables had to be
normalized to the same range. This
normalization was done in MATLAB by using
a linear relationship to bring the data to the
said interval by putting the largest and
smallest numerical values equal to one and
zero respectively.

Next, Garson’s ranking method was used to
determine the importance of each input for
the network output. To use this method, the
importance of each input wvariable for
network forecasts was quantified by
Equation 4 [81].

‘O (4)

B

In this equation, "Ois the relative importance
of the j-th input for the output, and 0 and
0 are the numbers of neurons in the input
and hidden layers, respectively. The
subscripts i, h and o denote the input, hidden
and output layers, and the subscripts k, m and
n denote the input, hidden and output
neurons respectively. W is the optimal
connection weights between the layers,
which is obtained from the optimal neural
network.

In the present study, the feedforward
perceptron was constructed with three one
input layer, one output layer, and one hidden
layer. Having 13 input variables and 1 output
variable, the network’s input and output
layers were built with 13 neurons and 1
neuron, respectively. One of the most

important and sensitive parts of building an
ANN model is choosing number of neurons in
hidden layer, because while increasing
number of neurons in hidden layer would
improve the network’s power to capture
complexities, using too many hidden neurons
causes the network to memorize data rather
than learn from them. The number of
neurons in network’s hidden layer was
determined by trial and error. This trial-and-
error process involved using LMA, BRA,
SCGA, and genetic algorithm for training
while increasing number of hidden neurons
from 1 up to 50. Ultimately, the configuration
(number of hidden neurons) that yielded the
best performance was used in the main ANN
model.
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Analysis

One of the aims of this research was to compare
the accuracy of wind speed forecasts generated
by aconventional ANN and a GA-based ANN. For
this comparison, first, raw data were extracted
from the tools and sources mentioned in the
literature review and then organized and sorted
according to the criteria of interest and
imported into MATLAB, where they were used
as input for Al Each model was developed and
executed independently from others using the
observations belonging to the fit period. The
error measurement criteria were used as the
measure of model performance. After
determining the network structure and
choosing the variables to be used in the models,
the models were executed and the error criteria
were computed. The main criterion chosen for
the performance evaluation of ANN was the
mean squared error (MSE). The stopping
condition for the training process was defined as
no improvement in MSE for the validation data
for six consecutive iterations. This process was
performed with LMA, BRA, and SCGA as well as
with GA while increasing number of hidden
neurons from 1 to 50 to determine the best
network configuration by trial and error. For
almost all algorithms, the best forecasts were
generated while there were 40 neurons in the
hidden layer. Layout of the optimal ANN for
wind speed forecasting is shown in Figure 6. This
ANN model was constructed with 13 neurons for
input layer, 40 neurons for one hidden layer, and
aneuron in output layer.

Hidden Layer Du‘tpul Layer

5 I

a0

Figure 6: Optimal ANN model for wind speed
forecasting

Representing difference between
generated output and target output, MSE is
one of the best measures for rating the
accuracy of an ANN model. Lower MSE

values are more desirable. A zero MSE
means that the training has been done with
100% accuracy and the network has not
produced any error. For this ANN model,
the best fit (training performance) was
achieved with the LMA with a MSE of
0.29742 followed by GA with a MSE of
0.29192. The regression coefficient (R)
indicates the degree of correlation between
input and output data. An R value that is
closer to one means lower error. Thus, R=1
means there is a close association between
the input and the output and R=0 means
there is a random relation between all of
them. For model of this research, the
regression value for the ANN model trained
by LMA and for ANN-GA hybrid was
0.98728 and 0.99750, respectively. The
regression plots of the best structure for
these two models are presented in Figures 7
and 8.
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Figure 7: Regression of the ANN model trained
with GA
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Figure 8: Regression of the ANN model
trained with the LMA

The training of Al with the LMA, BRA, SCGA,
and with the GA meta-heuristic was
performed by MATLAB and the regression
was performed by SPSS software. MSE and R
values of all of these methods are compared
in Table 2.

Table 2: Comparison of different solution methods
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As the results of Table 2 show, the ANN that
was trained with GA had superior
performance in terms of all indicators. Using
the regression method generally yielded the
weakest results. Among hybrid ANNs, the
best fit was achieved by the ANN-GA hybrid
with a MSE of 0.29192 and a correlation
coefficient of 0.99750 and the worst was
observedin the ANN that was trained by BRA
with a MSE of 0.38173 and a correlation
coefficient of 0.38173. The error histograms
of the ANN models trained with the LMA and
GA are plotted in Figures 9 and 10,
respectively. As can be seen, most of these
errors are close to zero and only few of them
are high. Also, the errors have a normal
distribution with the minimum and
maximum errors positioned within an
acceptable range.
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Figure 9: Error histogram of the ANN model
trained with GA
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Figure 10: Error histogram of the ANN model
trained with the LMA

The changes in the MSE for ANN models
trained by LMA and GA for training,
validation, and testing datasets are plotted in
Figure 11 and 12 on the logarithmic scale.
These diagrams show how the model
performance has improved over the course of
training. It can be seen that training has
rapidly decreased the MSE of the model
Overall, the model has exhibited good
performance for all training, validation and
testing datasets. The best MSE of the ANN-
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GA hybrid for all three training, validation
and testing phases is 0.29192 obtained in
epoch 385, which is acceptably small.

Bast Validation Performance is 0.29192 at epoch 385

elevation) for the forecasts. Result of this
sensitivity analysis is presented in Table 3.

Table 3: Impact of inputs on the forecasts in the
sensitivity analysis
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Best Validation Performance is 0.29769 at epoch 461
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Figure 12: Changes of MSE in different phases of
the ANN trained with the LMA

Garson’s algorithm was used to perform a
sensitivity analysis for ANN model with 13
inputs for determining relative importance
of each input (pressure at a height of 100
meters, mean sea level pressure,
temperature at a height of 100 meters, soil
temperature at a depth of 0-10 cm, absolute
humidity, relative humidity, total
accumulated precipitation, total cloud cover,
wind speed, and direction at 100 meters

As Table 3 illustrate, the sensitivity analysis
of the model showed that soil temperature,
total accumulated precipitation, and total
cloud cover had the least impact on forecasts.
Thus, three new models were constructed by
removing one, two, all three of these
parameters from the set of inputs. For the
model developed without soil temperature,
MSE and correlation coefficient were found
to be 0.33651 and 0.89121, respectively. After
removing total accumulated precipitation
(the parameter with the second lowest
impact) as well as soil temperature from the
model, MSE and correlation coefficient were
changed to 0.37091 and 0.83475 respectively.
Considering that total cloud covers also
showed limited impact in the sensitivity
analysis, another new model was built with
this parameter also removed from the set of
inputs (along with soil temperature and total
accumulated precipitation). For this model,
MSE and correlation coefficient were found
to be 0.39562 and 0.74693, respectively. The
list of removed low-impact parameters and
MSE and R values obtained after each stage of
parameter removal are provided in Table 4.
Comparing the four modelsin Table 4 showed
that the best model for wind speed
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forecasting is the original model with 13
inputs, as removing any parameter would
lower the model performance.

Table 4: Performance comparison of the models
modified according to sensitivity analysis
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This comparison showed that although the
soil  temperature, total accumulated
precipitation, and total cloud cover showed
the least impact in the sensitivity analysis,
their presence was important for the
accuracy of simulation outputs. Therefore, it
was concluded that the best model in terms
of overall performance in wind speed
forecasting is the ANN model with 13 inputs
and 40 hidden neurons.

Considering the importance of long-term
(monthly) wind speed forecasting for tasks
such as determining the best location and
layout for installing wind turbines, and the
accuracy of the developed ANN-GA hybrid
model in producing such forecasts, this
model was used to generate monthly
forecasts for the next five years, which are
presented in Table 5. In this table, the
columns and rows represent the year (from
2023 to 2027) and the month (from January to
December) for which the forecasts are made
respectively. The highest and lowest wind
speeds in this table are 13.92 m/s for July,
2025 and 1.62 m/s

Table 5: Monthly wind speed forecasts for 2023-

2027 (m/s)
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Since medium-term (daily) wind speed
forecasts are important for controlling
wind turbines and planning their cutoff
points, the model was also used to generate
daily wind speed forecasts for 2024. These
daily forecasts are presented in Table 6. In
this table, the columns and rows represent
the month (from January to December) and
the date (from 1st to 30th) for which the
forecasts are generated respectively. In this
table, the highest and lowest wind speed
forecasts are 18.19m/s for April 22,2024 and
1m/s for November 26, 2024.
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Table 6: Daily wind speed (m/s) forecasts for 2024

[~ Manih |
H."‘\ | Jan Feb Aar Apr May duns
Hay )
r L 5.5 ER 4.25 ILH E
1 | i ] 3 b 2 id 1] (IEH
1 | modg | dE- b il £ 63 LE1] & 5
b L _#&17 L1082 L3556 128 2.kl L1
L 412 | 179 5.1 ] T L | b |
1 | 548 1.7 ig i1 540 X
V] za | osw B4 T3 A4 B0b
5 L 17 Lam g 4.1 o
1 | 83 409 5] | 1568 549 BEL
1 | 277 el ] an B0 §1a7 L9
12 | 781 | i3t 402 147 1o T4
1 L i §AE 803 i BT
12 | 2as 1941 | [} 5§43 i
if | 443 3.4 FET TN Y TR T ]
_.l"_._[—.".._._..._.:".ﬁ:._. B LE HIE | LR
1 548 119 LR il ] 481
11 11 pH v QA 3.73 (%] 0|
12 a7 1156 | 536 18T 138 &3
20 ath S Lo 26 #1* 448 By
£l 440 3 | @l 10 5 0,18 Eid
-~ 418 405 §AZ 15.19 Lig £31
bx] I 1334 &13 aa1 1189 B34 [
4 | i CEF] af Tl a8
it 13130 ik il i #
L] 530 14.79 24T i B P.5
[ sn 3L 817 B0 RO
3 | i i 2 i ig [ 3
D | s | ® _sap | &3 | 2a7 | M
£l 221 il I 23 3

-
",
",

Srp hri Ky Thac
10 4 e 71 !
L1p 153 L 1T
Lo i Ll 1
a3 | w3 ) o7 | r¥ )
a1 0 i aod E
A28 244 a9y | 14z |
30 | sag i | 1w |
< L -~ l'\'. - s a iAs 4
I $13 | 8 | a3 | Jav 1 Tl |
an - 44 1/ I
77 117 333 BL |
E5T LTS £33 11.66
237 34 a3 15
Bal 437 B
& 33

— O | Ton | fde &
[ R3] 118 I
67% &.78 i
L] 414 1484 17
a3 II.'. 183 T oi
FET a3 271 il
Bk | ¢ a1 ¥ ]
333 133 [ 153
4 1.0 &8 1238
FET 1033 [P 1059
11 137 (¥ =3
Ay | 74 ) 6w | T

Given the importance of short-term (hourly)
wind speed forecasts for ensuring stable
power draw from wind turbines and stable
power distribution and load management,
especially during peak hours, the developed

forecasting model was used to produce
hourly wind speed forecasts for the month of
January in 2024. These forecasts are
presented in Table 1 in Appendix A. In Table 1
in Appendix A, the columns and rows
represent the hour (from 01:00 to 24:00) and
the date (from January 1st to January 30th) for
which  the forecasts are produced
respectively. The highest and lowest wind
speed forecasts in this table are 17.88 m/s for
01:.00 on January 24th and 1.01 m/s for 22:00
onJanuary 10th.

Conclusion

Wind energy, as a potent renewable power
generation technology, is gradually turning into
a primary source of energy at the global level.
However, the inherent random fluctuations of
the wind make it difficult to ensure the safe
operation and reliability of a grid that is
dependent on wind power generators. One way
to resolve this problem is to improve the
accuracy of wind speed forecasts. In this study,
ANNs were used to generate short, medium, and
long-term time wind speed forecasts based on a
set of meteorological data including pressure at
a height of 100 meters, mean sea level pressure,
temperature at a height of 100 meters, soil
temperature at a depth of 0-10 cm, absolute
humidity, relative humidity, total accumulated
precipitation, total cloud cover, and wind speed
and direction at a height of 100 meters. The
historical data related to these parameters were
collected with the help of WindPRO software
and fitted in MATLAB alongside time
information (year, month, day and hour) with
wind speed treated as the output. The results of
the study’s wind speed forecasting and model
fitting procedures are presented below:

- Wind speed forecasting was performed by a
hybrid model consisting of ANN and GA and
a comparison was made with a conventional
ANN. The results showed high similarity
between the forecasts of the two methods for
most months of the year, but the hybrid
model was generally more accurate than the
conventional ANN as well as regression
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methods. In this evaluation, MSE and
correlation coefficient between outputs and
targets were used as the measure of accuracy.
For this forecasting, the best ANN structure
for the ANN-GA hybrid was determined to be
a network with 13 inputs, 40 neurons for
hidden layers, and an output, which yielded
an MSE of 0.29192 and a correlation
coefficient of 0.99750. The results of this
examination are provided in Table 2.

- To increase the validity and reliability of
the model, it was developed with a large
amount of hourly meteorological data
pertaining to a prolonged period of time from
2008 to 2019. A sensitivity analysis was also
conducted with Garson’s algorithm for
determining relative importance for each
input for forecasts. This analysis showed that
soil  temperature, total accumulated
precipitation, and total cloud cover are not as
important as other inputs. However,
subsequent modeling without these inputs
revealed that removing any of these
parameters from the model would decrease
the accuracy of forecasts. Results of
sensitivity analysis are presented in Table 4.

- Given the high accuracy of the model in
producing long-term, medium-term and
short-term forecasts, which are important
for a range of tasks from turbine location to
power distribution and load management, it
was used to generate such forecasts for
future periods:

The long-term monthly forecasts generated
for the five-year period from 2023 to 2027
can facilitate macro-scale plans including
those that involve wind farm location and
potential estimation. The highest and lowest
wind speeds in this forecast are 13.92 m/s for
July, 2025 and 1.62 m/s for April, 2024. The
results of long-term forecast can be seen in
Table 5.

References

The medium-term daily forecasts produced
for 360 days of 2024 can benefit the plans for
controlling wind turbines and choosing their
cutoff speeds. The highest and lowest wind
speed forecasts are 18.19 m/s for April 22,
2024 and 1 m/s for November 26, 2024. The
results of medium-term forecast can be seen
in Table 6. Finally, the short-term hourly
forecast generated for 720 hours of January
2024 can facilitate consumer-related plans
such as power distribution and load
management programs, especially for peak
hours. The highest and lowest wind speed
forecasts in this forecast are 17.88 m/s for
01:00 on January 24th and 1.01m/s for 22:00
on January 10th. The results of short-term
forecast can be seen in Table 1 of Appendix A.

Suggestions for future research

Considering that wind speed forecasting is a
primary requirement for wind energy
planning at both micro and macro levels,
following the same line of research, future
studies are recommended to investigate the
use of wind speed forecasts for exact wind

turbine location, economic feasibility
analysis of wind farms, turbine energy
output estimation, consumption

management according to peak hours, design
of turbine blade radius and angle, etc.
Considering the high power and frequency of
winds in the studied area, it is recommended
to test the forecasting method in other areas
with  different wind  speeds and
meteorological conditions.
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