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a b s t r a c t

Estimating wind energy plays an important role in energy science as it can be considered a crucial
source of renewable and sustainable energy. In this study, five types of soft computing approaches
were implemented to estimate the long-term mean monthly wind speed (W ) at 50 weather stations
in Iran. The applied models were artificial neural networks (ANN), gene expression programming (GEP),
multivariate adaptive regression spline (MARS), adaptive neuro-fuzzy inference system (ANFIS), and
random forest (R.F.). In addition, the geographical information (i.e., latitude, longitude, and altitude)
and periodicity term (i.e., the number of months in a year) were used to input the models. Results
demonstrated that the R.F. technique was the best model for estimating W, utilizing the geographical
information and number of the month. Hence, it can be concluded that the applied soft computing
techniques can employ the aforementioned inputs for estimating W.

© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

In recent decades, wind energy has received growing attention
ecause it is clean, renewable, sustainable, and cost-effective
Chen and Yu, 2014; Wang et al., 2018; Zheng et al., 2016, 2019).
nowledge of wind energy is of vital importance to understand
ts potential in a certain area (Celik and Kolhe, 2013; Zheng et al.,
013; Hur, 2021), protect the safety of conversion systems related
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to wind energy (Liu et al., 2015; Maroufpoor et al., 2019), and
generate electricity via wind turbines (Noorollahi et al., 2016).

Wind speed has the most influence on wind energy. Therefore,
its accurate estimation can enhance the performance of wind tur-
bines and power systems (Liu et al., 2014). Wind speed includes
inherent stochastic and intermittency characteristics (Chen and
Yu, 2014; Jiang and Huang, 2017; Wang et al., 2018). On the other
hand, climate change can affect the wind speed time series at a
specific region. Hence, an accurate estimation of wind speed is a
challenging task. Recently, many studies have been carried out to
estimate wind speed by soft computing approaches. Some of the
previous works on wind speed forecasting are briefly presented
below.

The efficiency of the fractional-autoregressive integrated mov-
ing average (f-ARIMA) and persistence approaches in forecasting
24h- and 48h-ahead wind speed was examined by Kavasseri and
Seetharaman (2009). The results showed the better performance
of f-ARIMA at four sites in North Dakota (USA). Monfared et al.
(2009) evaluated the accuracy of fuzzy logic (F.L.), and artificial
neural networks (ANN) approaches in modeling the 30-min wind
speed at Rostamabad in the north of Iran. F.L. was found to be
icle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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ore accurate than ANN. Cadenas and Rivera (2009) success-
ully employed ANN for predicting the short-term wind speed
t Oaxaca in Mexico. Fadare (2010) modeled wind speeds at
8 stations in Nigeria, utilizing the ANN approach. Erdem and
hi (2011) applied four types of autoregressive moving average
ARMA) techniques for the short-term forecast of wind speed at
wo sites in North Dakota (USA). The vector autoregressive (VAR)
odel outperformed the other types of ARMA methods. Mean
aily, and monthly wind speed in Zhangye (China) were modeled
y Guo et al. (2012) using the classical feed-forward neural net-
orks (FFNN) and hybrid empirical mode decomposition-FFNN
EMD-FFNN). They concluded that the hybrid model yielded bet-
er results than single model. Velo et al. (2014) estimated the
ind speed time series at 20 weather stations in Spain, using
he multi-layer perceptron (MLP) ANN. They stated that the MLP
NN method could reliably estimate wind speed. Su et al. (2014)
ecommended the coupled ARIMA-Kalman filter technique for
stimating mean daily wind speed at wind farms in the west
f China. Wang et al. (2015) developed a coupled model by
ntegrating the least square support vector machine (LSSVM),
article swarm optimization, and gravitational search algorithm
o model the wind speed at wind farms in the northwest of China.
hey compared the performance of their hybrid model with those
f ARIMA; radial basis function neural networks (RBFNN), gen-
ralized regression neural networks (GRNN), back-propagation
eural networks (BPNN), and Elman models. Wang et al. (2016)
ybridized the ensemble empirical mode decomposition (EEMD)
ith genetic algorithm back propagation-neural networks (GABP-
N) to estimate the short-term wind speed at a wind farm in
nner Mongolia (China). Their model outperformed the conven-
ional GA-BPNN approach. Chang et al. (2017) introduced an
mproved RBFNN with an error feedback scheme (IRBFNN-EF)
or forecasting the short-term wind speed at a wind farm in
aiwan. To show the superiority of their model, its outcomes
ere compared with those of adaptive neuro-fuzzy inference
ystem (ANFIS), BPNN, and RBFNN. Han et al. (2017) coupled
he ARMA time series model with soft computing techniques
uch as the BPNN, SVM, and random forest (R.F.) to model the
ind speed. Their results denoted the higher accuracy of hybrid
odels than those of single models. Sun et al. (2019) forecasted

he wind speed at the Sotavento Galicia wind farm in Spain
y a hybrid technique. They coupled fast ensemble empirical
ode decomposition (FEEMD) with regularized extreme learning
achine (RELM) optimized by a backtracking search algorithm

BSA). The hybrid FEEMD-BSA-RELM was found to present su-
erior performance than the conventional RELM. Zhang et al.
2019) utilized a new hybrid approach to estimate the short-term
ind speed at two wind farms in Spain and China. They coupled
ariational mode decomposition-wavelet transformation (VMD-
T) with principal component analysis-back propagation-radial
asis function (PCA-BP-RBF). The developed model provided sig-
ificantly better results compared to those of other models. Qu
t al. (2019) modeled the multi-step ahead wind speed at two
ind farms in Shandong (China) by coupling the decomposition
pproach with an improved flower-pollination algorithm-back
ropagation neural network (FPA-BPNN). They showed the supe-
iority of their model over other approaches. Samadianfard et al.
2020) utilized the hybrid MLP-whale optimization algorithm
WOA) to estimate the wind speed at several sites in Iran. They
ound out that the coupled MLP-WOA method outperforms MLP.

This study aims to examine the feasibility of five soft com-
uting techniques, namely the multivariate adaptive regression
plines (MARS), gene expression programming (GEP), ANN, ANFIS,
nd R.F., to estimate the long-term mean monthly wind speed
W ). The models were tested at 50 stations in Iran. Previous

studies estimated wind speed by using climatic variables such
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as relative humidity, air temperature, air pressure, lagged wind
speeds as inputs, and other factors (López and Arboleya, 2021; Li
et al., 2022). However, to the best of our knowledge, no studies
estimated the wind speed by using only the geographical in-
formation (i.e., latitude, longitude, altitude) and the number of
months in a year. The organization of this paper is as follows.
The methodology is explained in Section 2. In Section 3, the study
sites and data are presented. In Section 4, the results are given.
Finally, Section 5 reports the conclusions.

2. Methodology

As mentioned above, wind speed has inherent stochastic and
intermittency characteristics. Therefore, powerful soft computing
approaches are needed to estimate wind speed accurately. Also,
the inputs introduced to the soft computing methods play an im-
portant role in their performance. The geographical information,
including the latitude, longitude, and altitude of sites as well as
the number of months, were employed as the predictors of MARS,
GEP, ANN, ANFIS, and R.F. to estimate W. These input predictors
are readily available even in remote areas where weather data are
often inaccessible to feed the soft computing models.

2.1. MARS

MARS was introduced by Friedman (1991). It is a
non-parametric and non-linear regression technique. MARS does
not need any prior information on the basic functional relation-
ship among the independent and dependent variables. A set of
basic functions (B.F.s) is constructed during the learning phase of
MARS. The B.F.s define the relationship between a target variable
and a series of input data. A general type of a B.F. can be shown
by,

BFm(x) = max(0; x − c)
BFm(x) = max(0; c − x) (1)

where BFm(x), c, and x denote the mth basis function, a threshold
value, and an input predictor, respectively.

The MARS model estimates the response variable via an iter-
ative two-step procedure consisting of forwarding and backward
phases. First, all of the possible B.F.s are added to the model in
the forward stage. This phase creates an over-fitted model. Then,
the backward stage is pruned by B.F.s with the least contribution
in building the optimal MARS model. Thus, the backward phase
enhances the efficiency of this model. Finally, the MARS model
with the lowest generalized cross-validation (GCV) is chosen as
the optimal one.

A typical form of MARS to estimate a response variable (y) can
be shown as follows:

y = α0 +

M∑
m=1

αmBFm(x) (2)

where ao is the intercept, BFm is the mth B.F., am is its coefficient,
and M is the number of B.F.s.

2.2. GEP

Ferreira (2001) proposed the GEP as an evolutionary algo-
rithm. The features of genetic programming and genetic algo-
rithm were merged to build the GEP. First, we create a random
population in the GEP. Then some chromosomes are generated
from the initial population. Next, these chromosomes are encoded
with the shape of expression trees. A fitness function finally eval-
uates the outcomes to determine the suitability of the solution.
If the solution is found to be the best one, the evolution process

will be stopped. Otherwise, the solution from the prior generation
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he magnitude of various parameters of the GEP model.
Head size 7
Number of chromosomes 30
Number of genes per chromosome 3
Mutation rate 0.044
Inversion rate 0.1
IS transposition rate 0.1
RIS transposition rate 0.1
One point recombination rate 0.3
Two point recombination rate 0.3
Gene recombination rate 0.1
Gene transposition rate 0.1

will be transferred to the next generation. In this context, the
chromosomes are modified by applying some genetic operators.
The evolution procedure will be continued until the best solution
is achieved.

The modeling process via the GEP is comprised of the follow-
ng five steps:
Defining a fitness function for assessing the performance of GEP.
oot mean square error (RMSE) was utilized in this study as the
itness function.
Introducing the terminal and function sets. The terminal set in-
ludes inputs (i.e., geographical information and periodicity term)
nd output (i.e., mean monthly wind speed) variables. Addition-
lly, (+, −, ×, ÷, ln x, ex, x2, x3,

√
x, 3

√
x, sin x, cos x, and arctan x)

were applied as the function set.
• Assigning the chromosomal architecture consisting of the head
size, the number of chromosomes, and the number of genes per
chromosome.
• Determining a linking function. Herein, an addition linking
function was applied.
• Assigning the rates of various genetic operators.

Table 1 shows the magnitude of parameters of GEP.

2.3. ANN

Recently, ANN has been increasingly used to solve engineering
problems. It consists of input, hidden, and output layers and the
layers act as the input receiver layer, the information processing
layer, and the output generator. Each layer consists of neurons.
Every neuron receives the inputs, processes them, and produces
an output signal.

Here, the feed-forward back propagation (FFBP) ANN approach
was applied to estimate W. The performance of FFBP ANN mainly
depends on the number of neurons in the hidden layer. The
optimum number of neurons in the hidden layer is often found
by trial-and-error (Bateni et al., 2007). The tangent-sigmoid and
linear transfer functions are used in the hidden and output lay-
ers, respectively, due to their widespread use. The Levenberg–
Marquardt training algorithm trained the ANN model because of
its fast convergence and common use (Zanetti et al., 2007).

2.4. ANFIS

Originally, Jang (1993) proposed ANFIS and its combination of
the fuzzy logic and ANN approaches. The fuzzy logic system es-
tablishes a relationship among the input and output variables. At
the same time, ANN determines the characteristics of the mem-
bership functions of the fuzzy logic approach. This has overcome
the major challenge with designing the fuzzy system (i.e., obtain-
ing its if-then rules). The ANFIS uses a combination of the least
square errors and back-propagation gradient descent algorithms
for the learning process.

Two methods, namely grid partitioning and subtractive clus-
tering, have been used in ANFIS classify data (Jang, 1993). In the
640
grid partitioning method, input data space is categorized in some
local fuzzy areas. While, in subtractive clustering, each data point
is used as a potential cluster center. In this study, the subtractive
clustering approach is utilized.

2.5. RF

RF is an ensemble-learning algorithm, which was proposed by
Breiman (2001). R.F. falls in the category of tree-based approaches
in which all trees are dependent on a set of random variables.
Regression trees together cause the forest to grow. As its name
implies, a collection or a forest of trees is used in this algorithm.
In the R.F. algorithm, a large number of decision trees are ini-
tially created. Next, all trees are combined to ensure the proper
modeling.

The R.F. approach overcomes the over-fitting and low gen-
eralizability of the decision tree method. Also, a small variation
in learning patterns of the decision tree approach changes its
structure (Quinlan, 1986). A specific category of existing patterns
is selected to create each tree, considering the replacement of
each selected pattern. This kind of sampling usually lists sev-
eral patterns outside of the category, the so-called out-of-bag
patterns. Out-of-bags that are not used in the formation of the
corresponding tree can be used to test the generalizability of that
tree.

The number of trees (ntrees) affects the performance of the R.F.
approach. Based upon the user-controlled parameter, a decision
tree is grown to the largest possible size.

3. Study sites

The feasibility of MARS, GEP, ANN, ANFIS, and R.F. to estimate
W was tested at 50 stations across Iran. The locations of study
stations are shown in Fig. 1. The long-term mean monthly wind
speed data over 1951–2018 were obtained from the Iran Meteo-
rological Organization (IMO). Table 2 summarizes the geograph-
ical information, the mean, standard deviation, and coefficient
of variation of wind speed measurements at the study sites.
The mean annual wind speed varies between 0.76 m/s at the
Kashan station and 5.38 m/s at the Zabol station. The lowest
and highest standard deviations are seen at Zabol (2.74 m/s) and
Bandar Anzali (0.17 m/s), respectively (Table 2). The coefficient
of variation ranges from 0.08 at Bandar Anzali to 0.51 at Zabol.
Fig. 2 shows the mean monthly variability of wind speed for all
of the 50 study stations. The mean monthly wind speed varies
from 1.7 m/s in November/December to 2.9 m/s in July.

4. Results

The long-term mean monthly wind speed over 1951–2018
was estimated at 50 stations in Iran by MARS, GEP, ANN, ANFIS,
and R.F. The latitude, longitude, and altitude of each station, as
well as the number of months in a year (1 for January and 12
for December), were used as inputs to models. 40 and 10 of
the study stations were chosen randomly as the training and
testing stations, respectively. Testing stations are Bandar Abbas,
Ramsar, Saqez, Shahrekord, Shiraz, Tabriz, Torbat-e Heydarieh,
Yasuj, Zahedan, and Zanjan. The performance of all methods
was compared with each other using the root mean square er-
ror (RMSE), mean absolute error (MAE), Bias, correlation co-
efficient (CC), and scatter index (S.I.). The expressions for the
abovementioned statistical metrics are given by,

RMSE =

√∑N
i=1

(
WSo,i − WSe,i

)2
(3)
N
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Fig. 1. Geographical locations of the study stations in Iran.
Fig. 2. Long-term mean monthly variations of wind speed at the study stations in Iran.
MAE =

∑N
i=1

⏐⏐WSo,i − WSe,i
⏐⏐

N
(4)

Bias = WSe − WSo (5)

CC =

∑N
i=1

(
WSo,i − WSo

)
·
(
WSe,i − WSe

)√∑N
i=1

(
WSo,i − WSo

)2
·
∑N

i=1

(
WSe,i − WSe

)2 (6)

SI =

√∑N
i=1((WSo,i − WSo) − (WSe,i − WSe))2∑N

i=1 WS2o,i
(7)

where WSo,i and WSe,i are the ith observed and estimated long-
term mean monthly wind speed, respectively. WSo and WSe de-
note the average of observed and estimated long-term mean
monthly wind speed, respectively. N represents the number of
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long-term mean monthly wind speed observations for the train-
ing and testing phases. A lower value of RMSE, MAE, Bias, and
S.I. and a higher value of CC illustrate a better results in terms of
prediction.

The ANN, ANFIS, and R.F. models must be calibrated to obtain
the best wind speed estimates. Hence, the optimal number of
neurons in the hidden layer for FFBP ANN, the optimal radii value
for the subtractive clustering in ANFIS, and the optimal number
of trees for R.F. were found by trial-and-error. The number of
neurons in the hidden layer was varied from 1 to 20. The optimal
number of neurons was found to be 4 for ANN. We changed the
radii value for the subtractive clustering from 0 to 1, and an
optimum value of 0.67 is obtained for ANFIS. Ntree was set to
500 to establish the R.F. model. Adding more trees to R.F. did not
improve its results.
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able 2
eographical information of the study stations and the statistical metrics of wind speed data at each station.
Station name Latitude (◦N) Longitude (◦E) Altitude (m) Mean (m/s) Standard deviation (m/s) Coefficient of variation

Abadan 30.37 48.25 6.6 3.23 0.80 0.25
Ahwaz 31.33 48.67 22.5 2.49 0.59 0.24
Arak 34.10 49.77 1708 1.57 0.45 0.29
Ardabil 38.25 48.28 1332 3.77 0.36 0.10
Babolsar 36.72 52.65 −21 1.49 0.23 0.16
Bam 29.10 58.35 1066.9 3.00 0.48 0.16
Bandar Abbas 27.22 56.37 9.8 3.05 0.40 0.13
Bandar Anzali 37.48 49.45 −23.6 2.23 0.17 0.08
Bandar Lengeh 26.53 54.83 22.7 3.55 0.38 0.11
Birjand 32.87 59.20 1491 2.76 0.75 0.27
Bojnurd 37.47 57.27 1112 2.24 0.72 0.32
Bushehr 28.97 50.82 9 3.09 0.47 0.15
Chabahar 25.28 60.62 8.0 2.90 0.46 0.16
Dezful 32.40 48.38 143 1.74 0.48 0.28
Fasa 28.97 53.68 1288.3 1.68 0.36 0.21
Gorgan 36.90 54.40 0 1.42 0.32 0.23
Hamedan 34.87 48.53 1741.5 1.81 0.49 0.27
Ilam 33.63 46.43 1337 2.30 0.39 0.17
Iranshahr 27.20 60.70 591.1 2.07 0.49 0.24
Isfahan 32.62 51.67 1550.4 2.07 0.65 0.31
Jask 25.63 57.77 5.2 4.05 0.64 0.16
Karaj 35.92 50.90 1312.5 2.42 0.47 0.19
Kashan 33.98 51.45 982.3 0.76 0.36 0.48
Kerman 30.25 56.97 1753.8 3.14 0.72 0.23
Kermanshah 34.35 47.15 1318.6 2.53 0.38 0.15
Khorramabad 33.43 48.28 1147.8 1.79 0.24 0.14
Khoy 38.55 44.97 1103 1.21 0.30 0.24
Mashhad 36.27 59.63 999.2 2.23 0.54 0.24
Qazvin 36.25 50.05 1279.2 1.97 0.41 0.21
Qom 34.70 50.85 877.4 2.26 0.57 0.25
Ramsar 36.90 50.67 −20 1.71 0.18 0.10
Rasht 37.32 49.62 −8.6 1.33 0.18 0.13
Sabzevar 36.20 57.65 972 3.39 0.83 0.24
Sanandaj 35.33 47.00 1373.4 2.02 0.36 0.18
Saqez 36.25 46.27 1522.8 2.05 0.43 0.21
Sari 36.55 53.00 23 1.55 0.22 0.14
Semnan 35.58 53.42 1127 1.52 0.52 0.35
Shahrekord 32.28 50.85 2048.9 1.43 0.39 0.27
Shahrud 36.42 54.95 1349.1 2.27 0.60 0.27
Shiraz 29.53 52.60 1484 2.18 0.45 0.21
Tabas 33.60 56.92 711 1.50 0.52 0.34
Tabriz 38.08 46.28 1361 3.16 0.95 0.30
Tehran 35.68 51.32 1190.8 2.73 0.64 0.24
Torbat-e Heydarieh 35.27 59.22 1450.8 2.22 0.88 0.40
Urmia 37.67 45.05 1328 1.62 0.34 0.21
Yasuj 30.68 51.55 1816.3 1.43 0.28 0.19
Yazd 31.90 54.28 1237.2 2.59 0.46 0.18
Zabol 31.03 61.48 489.2 5.38 2.74 0.51
Zahedan 29.47 60.88 1370 3.32 0.66 0.20
Zanjan 36.68 48.48 1663 1.98 0.27 0.14
T
S
c

0
0
0
M

The overall statistical indices of utilized models are shown
n Table 3. ANFIS (RMSE = 0.67 m/s, MAE = 0.51 m/s, Bias =

.00 m/s, CC = 0.79, and SI = 0.26) and RF (RMSE = 0.71 m/s,
AE = 0.47 m/s, Bias = −0.02 m/s, CC = 0.83, and SI = 0.27) for

he training stations, as well as MARS (RMSE = 0.56 m/s, MAE =

.42 m/s, Bias = 0.02 m/s, CC = 0.75, and SI = 0.23) and RF (RMSE
0.56 m/s, MAE = 0.41 m/s, Bias = 0.07 m/s, CC = 0.82, and SI
0.23) for the testing stations are the best-performing models

o estimate W.
To assess the accuracy of the utilized soft computing tech-

iques in more details, the statistical metrics of W estimates at
ll the training and testing stations are shown in Tables 4 and 5,
espectively. For the training stations, the best W estimates were
btained by MARS at Bam (RMSE = 0.13 m/s, MAE = 0.10 m/s,
ias = −0.05 m/s, CC = 0.98, SI = 0.04), GEP at Sanandaj (RMSE
0.25 m/s, MAE = 0.22 m/s, Bias = 0.22 m/s, CC = 0.95, SI =

.06), ANN at Sanandaj (RMSE = 0.15 m/s, MAE = 0.11 m/s, Bias
0.08 m/s, CC = 0.95, SI = 0.06), ANFIS at Sanandaj (RMSE =

.15 m/s, MAE = 0.13 m/s, Bias = −0.01 m/s, CC = 0.93, SI =

.07), and RF at Khorramabad (RMSE = 0.21 m/s, MAE = 0.18 m/s,
 a

642
able 3
tatistical metrics of mean monthly wind speed estimates from the utilized soft
omputing approaches at training and testing stations.
Models Training stations Testing stations

RMSE
(m/s)

MAE
(m/s)

Bias
(m/s)

CC SI RMSE
(m/s)

MAE
(m/s)

Bias
(m/s)

CC SI

MARS 0.83 0.59 0.00 0.64 0.32 0.56 0.42 0.02 0.75 0.23
GEP 0.96 0.66 0.01 0.50 0.37 0.76 0.60 0.11 0.45 0.31
ANN 0.84 0.58 −0.07 0.63 0.33 0.68 0.49 0.16 0.64 0.28
ANFIS 0.67 0.51 0.00 0.79 0.26 0.81 0.61 0.16 0.56 0.33
RF 0.71 0.47 −0.02 0.83 0.27 0.56 0.41 0.07 0.82 0.23

Bias = 0.17 m/s, CC = 0.89, SI = 0.07). Also, all the models had
the worst performance at Zabol (Table 4).

For the testing stations (Table 5), MARS at Ramsar (RMSE =

.25 m/s, MAE = 0.20 m/s, Bias = −0.14 m/s, CC = 0.75, SI =

.12), GEP at Saqez (RMSE = 0.24 m/s, MAE = 0.21 m/s, Bias =

.15 m/s, CC = 0.92, SI = 0.09), ANN at Zanjan (RMSE = 0.17 m/s,
AE = 0.14 m/s, Bias = 0.05 m/s, CC = 0.88, SI = 0.08), ANFIS
t Ramsar (RMSE = 0.20 m/s, MAE = 0.17 m/s, Bias = 0.17 m/s,
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T
S

able 4
tatistical metric of mean monthly wind speed estimates from the utilized soft computing approaches at each training station.
Stations MARS GEP ANN

RMSE
(m/s)

MAE
(m/s)

Bias
(m/s)

CC SI RMSE
(m/s)

MAE
(m/s)

Bias
(m/s)

CC SI RMSE
(m/s)

MAE
(m/s)

Bias
(m/s)

CC SI

Abadan 0.77 0.61 −0.55 0.75 0.16 0.93 0.71 −0.71 0.70 0.18 1.01 0.88 −0.88 0.79 0.15
Ahwaz 0.37 0.29 −0.01 0.76 0.14 0.40 0.32 −0.04 0.76 0.15 0.41 0.29 −0.23 0.81 0.13
Arak 0.50 0.44 0.38 0.66 0.20 0.75 0.73 0.73 0.96 0.12 0.39 0.37 0.35 0.91 0.12
Ardabil 1.42 1.37 −1.37 0.20 0.10 1.70 1.66 −1.66 0.22 0.10 1.85 1.83 −1.83 0.48 0.08
Babolsar 0.41 0.36 0.33 0.79 0.16 0.69 0.68 0.68 0.96 0.05 0.41 0.38 0.38 0.83 0.10
Bam 0.13 0.10 −0.05 0.98 0.04 0.53 0.40 −0.40 0.67 0.11 0.28 0.25 0.00 0.89 0.09
Bandar Anzali 1.00 0.92 −0.92 −0.72 0.17 0.41 0.35 −0.09 −0.80 0.18 0.41 0.34 −0.33 −0.15 0.11
Bandar Lengeh 0.28 0.21 −0.16 0.88 0.06 0.80 0.77 −0.77 0.81 0.06 0.39 0.29 −0.22 0.89 0.09
Birjand 0.33 0.25 0.00 0.90 0.12 0.71 0.45 −0.39 0.63 0.21 0.33 0.23 −0.13 0.91 0.11
Bojnurd 0.34 0.29 0.15 0.90 0.13 0.54 0.42 −0.10 0.74 0.23 0.50 0.40 −0.31 0.87 0.17
Bushehr 0.49 0.44 −0.08 0.39 0.16 0.59 0.50 −0.49 0.70 0.10 0.65 0.53 −0.48 0.57 0.14
Chabahar 0.65 0.53 0.52 0.66 0.13 0.40 0.32 −0.03 0.47 0.13 0.53 0.36 0.30 0.67 0.15
Dezful 0.55 0.49 0.46 0.75 0.17 0.70 0.65 0.65 0.87 0.15 0.50 0.45 0.45 0.90 0.12
Fasa 0.52 0.46 0.46 0.84 0.14 0.94 0.92 0.92 0.87 0.10 1.00 0.94 0.94 0.94 0.21
Gorgan 0.62 0.58 0.58 0.88 0.15 0.77 0.75 0.75 0.81 0.13 0.54 0.50 0.50 0.76 0.14
Hamedan 0.46 0.41 0.22 0.51 0.22 0.52 0.48 0.45 0.88 0.14 0.30 0.27 0.16 0.84 0.14
Ilam 0.71 0.66 −0.66 0.77 0.10 0.24 0.22 0.03 0.77 0.10 0.24 0.21 −0.12 0.90 0.09
Iranshahr 1.34 1.32 1.32 0.87 0.12 0.73 0.66 0.66 0.76 0.15 1.07 1.06 1.06 0.96 0.09
Isfahan 0.51 0.41 −0.13 0.62 0.23 0.48 0.43 0.31 0.97 0.17 0.34 0.27 −0.11 0.86 0.15
Jask 0.68 0.60 −0.58 0.83 0.08 1.31 1.21 −1.21 0.58 0.12 0.78 0.70 −0.68 0.80 0.09
Karaj 0.37 0.31 −0.23 0.77 0.12 0.32 0.27 −0.21 0.91 0.10 0.63 0.58 −0.58 0.87 0.10
Kashan 1.37 1.35 1.35 0.80 0.27 1.55 1.55 1.55 0.92 0.17 1.21 1.20 1.20 0.88 0.20
Kerman 0.78 0.62 −0.62 0.72 0.15 0.75 0.65 −0.62 0.95 0.14 0.59 0.51 −0.51 0.90 0.09
Kermanshah 0.76 0.73 −0.73 0.77 0.09 0.28 0.25 −0.24 0.95 0.05 0.45 0.42 −0.42 0.94 0.06
Khorramabad 0.20 0.17 0.01 0.77 0.11 0.55 0.54 0.54 0.96 0.04 0.36 0.31 0.28 0.96 0.12
Khoy 0.94 0.91 0.91 0.71 0.19 0.90 0.89 0.89 0.91 0.10 0.97 0.96 0.96 0.91 0.12
Mashhad 0.42 0.36 0.34 0.91 0.11 0.34 0.26 −0.03 0.82 0.15 0.26 0.21 0.20 0.95 0.07
Qazvin 0.30 0.24 0.20 0.83 0.11 0.30 0.24 0.22 0.91 0.10 0.25 0.21 −0.10 0.82 0.12
Qom 0.38 0.32 −0.20 0.83 0.14 0.31 0.28 0.01 0.93 0.13 0.45 0.36 −0.33 0.89 0.13
Rasht 0.35 0.30 0.05 −0.33 0.26 0.88 0.82 0.82 −0.17 0.24 0.59 0.58 0.58 0.59 0.11
Sabzevar 0.99 0.93 −0.93 0.94 0.10 1.36 1.19 −1.19 0.67 0.19 1.32 1.26 −1.26 0.94 0.12
Sanandaj 0.24 0.18 −0.06 0.74 0.11 0.25 0.22 0.22 0.95 0.06 0.15 0.11 0.08 0.95 0.06
Sari 0.46 0.38 0.35 0.66 0.19 0.64 0.63 0.63 0.95 0.06 0.37 0.34 0.34 0.73 0.09
Semnan 0.79 0.74 0.74 0.86 0.16 0.78 0.71 0.71 0.81 0.20 0.41 0.33 0.32 0.92 0.16
Shahrud 0.28 0.23 0.11 0.90 0.11 0.44 0.34 −0.08 0.71 0.19 0.58 0.48 −0.48 0.86 0.14
Tabas 1.09 1.07 1.07 0.92 0.13 0.89 0.83 0.83 0.77 0.21 0.94 0.93 0.93 0.95 0.10
Tehran 0.74 0.59 −0.57 0.65 0.17 0.63 0.51 −0.51 0.96 0.13 0.97 0.88 −0.88 0.89 0.14
Urmia 0.71 0.66 0.66 0.64 0.16 0.53 0.51 0.51 0.92 0.08 0.61 0.57 0.57 0.83 0.12
Yazd 0.42 0.36 −0.29 0.76 0.12 0.28 0.23 −0.17 0.91 0.08 0.43 0.36 −0.34 0.87 0.10
Zabol 3.06 2.24 −2.24 0.93 0.35 3.86 2.91 −2.91 0.35 0.42 3.07 2.18 −2.18 0.78 0.36

Stations ANFIS RF

RMSE (m/s) MAE (m/s) Bias (m/s) CC SI RMSE (m/s) MAE (m/s) Bias (m/s) CC SI

Abadan 0.75 0.57 −0.21 0.34 0.22 0.73 0.56 −0.32 0.78 0.20
Ahwaz 0.55 0.48 0.24 0.47 0.19 0.44 0.36 −0.10 0.81 0.17
Arak 0.64 0.60 0.60 0.87 0.14 0.45 0.40 0.34 0.85 0.18
Ardabil 1.23 1.19 −1.19 0.52 0.09 1.10 1.05 −1.05 0.37 0.09
Babolsar 0.34 0.30 0.30 0.77 0.11 0.23 0.19 0.19 0.94 0.09
Bam 0.44 0.38 −0.10 0.93 0.14 0.38 0.33 −0.13 0.68 0.12
Bandar Anzali 0.42 0.34 −0.34 −0.34 0.11 0.43 0.37 −0.37 −0.69 0.10
Bandar Lengeh 0.25 0.18 0.08 0.79 0.07 0.59 0.53 −0.53 0.77 0.07
Birjand 0.47 0.38 0.14 0.83 0.16 0.58 0.40 −0.20 0.79 0.19
Bojnurd 0.61 0.41 −0.38 0.73 0.20 0.55 0.45 0.07 0.84 0.23
Bushehr 0.43 0.37 0.26 0.67 0.11 0.47 0.41 −0.29 0.72 0.12
Chabahar 0.55 0.43 0.35 0.51 0.15 0.44 0.41 0.30 0.76 0.11
Dezful 0.38 0.29 −0.18 0.87 0.19 0.38 0.34 0.18 0.85 0.19
Fasa 0.57 0.50 0.19 0.77 0.31 0.63 0.58 0.58 0.83 0.15
Gorgan 0.28 0.24 −0.01 0.71 0.19 0.36 0.30 0.28 0.87 0.15
Hamedan 0.42 0.39 0.26 0.86 0.17 0.39 0.36 0.14 0.73 0.20
Ilam 0.62 0.58 −0.58 0.82 0.10 0.25 0.21 −0.11 0.89 0.09
Iranshahr 0.53 0.42 0.32 0.78 0.20 0.74 0.65 0.65 0.81 0.16
Isfahan 0.38 0.30 0.04 0.80 0.17 0.47 0.39 −0.10 0.86 0.21
Jask 0.70 0.60 −0.55 0.71 0.10 0.86 0.72 −0.72 0.78 0.12
Karaj 0.21 0.16 0.03 0.94 0.08 0.26 0.21 −0.16 0.93 0.09
Kashan 0.99 0.95 0.95 0.94 0.35 0.81 0.77 0.77 0.94 0.30
Kerman 0.42 0.32 −0.16 0.82 0.12 0.55 0.50 −0.23 0.92 0.16
Kermanshah 0.64 0.62 −0.62 0.93 0.05 0.37 0.32 −0.32 0.90 0.07
Khorramabad 0.31 0.28 0.03 0.87 0.17 0.21 0.18 0.17 0.89 0.07
Khoy 0.85 0.81 0.81 0.56 0.19 0.74 0.71 0.71 0.91 0.19
Mashhad 0.98 0.97 0.97 0.93 0.09 0.42 0.34 0.26 0.87 0.15

(continued on next page)
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Stations ANFIS RF

RMSE (m/s) MAE (m/s) Bias (m/s) CC SI RMSE (m/s) MAE (m/s) Bias (m/s) CC SI

Qazvin 0.56 0.50 0.50 0.91 0.12 0.28 0.21 0.18 0.90 0.11
Qom 0.80 0.77 −0.77 0.90 0.10 0.41 0.34 −0.23 0.93 0.15
Rasht 0.41 0.37 0.37 0.34 0.12 0.48 0.45 0.45 0.14 0.13
Sabzevar 1.02 0.96 −0.96 0.92 0.10 0.87 0.71 −0.63 0.74 0.17
Sanandaj 0.15 0.13 −0.01 0.93 0.07 0.23 0.20 0.13 0.88 0.09
Sari 0.36 0.33 −0.33 0.83 0.11 0.23 0.19 0.19 0.90 0.07
Semnan 0.63 0.60 0.60 0.96 0.12 0.50 0.38 0.32 0.81 0.24
Shahrud 0.40 0.31 −0.15 0.78 0.16 0.41 0.34 0.02 0.86 0.18
Tabas 1.10 0.94 0.94 0.80 0.36 0.71 0.61 0.61 0.83 0.23
Tehran 0.46 0.40 −0.40 0.93 0.08 0.58 0.45 −0.42 0.82 0.15
Urmia 0.44 0.32 0.25 −0.23 0.22 0.53 0.49 0.49 0.87 0.13
Yazd 0.68 0.59 −0.59 0.82 0.13 0.34 0.26 −0.24 0.95 0.09
Zabol 1.76 1.22 −0.73 0.90 0.27 2.95 2.20 −1.51 0.49 0.42
Table 5
Statistical metric of mean monthly wind speed estimates from the utilized soft computing approaches at each testing station.
Stations MARS GEP ANN

RMSE
(m/s)

MAE
(m/s)

Bias
(m/s)

CC SI RMSE
(m/s)

MAE
(m/s)

Bias
(m/s)

CC SI RMSE
(m/s)

MAE
(m/s)

Bias
(m/s)

CC SI

Bandar Abbas 0.31 0.29 0.26 0.95 0.05 0.42 0.33 −0.32 0.71 0.09 0.50 0.44 0.38 0.89 0.11
Ramsar 0.25 0.20 −0.14 0.75 0.12 0.48 0.46 0.46 0.92 0.07 0.22 0.19 0.19 0.74 0.07
Saqez 0.35 0.29 0.13 0.64 0.15 0.24 0.21 0.15 0.92 0.09 0.26 0.21 0.18 0.89 0.09
Sharekord 0.45 0.39 0.18 0.41 0.28 0.99 0.97 0.97 0.87 0.13 0.75 0.65 0.59 0.67 0.32
Shiraz 0.46 0.38 −0.34 0.76 0.14 0.43 0.39 0.39 0.98 0.08 0.55 0.49 0.43 0.93 0.16
Tabriz 1.12 0.83 −0.76 0.78 0.25 1.30 1.04 −1.04 0.61 0.24 1.31 0.99 −0.98 0.31 0.26
Torbat-e Heydarieh 0.54 0.47 0.37 0.91 0.17 0.70 0.59 0.02 0.63 0.30 0.49 0.46 0.28 0.90 0.17
Yasuj 0.29 0.25 0.11 0.76 0.19 1.07 1.06 1.06 0.96 0.05 0.96 0.85 0.82 0.87 0.34
Zahedan 0.81 0.72 −0.03 0.08 0.24 0.90 0.76 −0.75 0.67 0.15 0.73 0.51 −0.35 0.43 0.19
Zanjan 0.46 0.42 0.42 0.69 0.10 0.24 0.21 0.20 0.85 0.07 0.17 0.14 0.05 0.88 0.08

Stations ANFIS RF

RMSE (m/s) MAE (m/s) Bias (m/s) CC SI RMSE (m/s) MAE (m/s) Bias (m/s) CC SI

Bandar Abbas 0.69 0.62 0.61 0.77 0.10 0.29 0.24 0.01 0.75 0.09
Ramsar 0.20 0.17 0.17 0.78 0.06 0.13 0.11 0.09 0.89 0.05
Saqez 0.41 0.37 −0.17 0.49 0.18 0.30 0.25 0.06 0.79 0.14
Sharekord 0.91 0.83 0.83 0.60 0.25 0.56 0.49 0.48 0.68 0.19
Shiraz 0.54 0.41 −0.24 0.81 0.22 0.35 0.30 0.13 0.90 0.15
Tabriz 1.37 1.02 −1.00 −0.11 0.29 1.01 0.74 −0.65 0.81 0.23
Torbat-e Heydarieh 0.76 0.58 −0.18 0.56 0.31 0.74 0.66 0.31 0.76 0.28
Yasuj 0.90 0.76 0.76 0.74 0.34 0.65 0.63 0.63 0.92 0.13
Zahedan 1.16 1.07 0.58 0.11 0.30 0.68 0.56 −0.46 0.76 0.15
Zanjan 0.32 0.29 0.29 0.90 0.07 0.15 0.13 0.08 0.89 0.06
CC = 0.78, SI = 0.06), and RF at Ramsar (RMSE = 0.13 m/s, MAE
0.11 m/s, Bias = 0.09 m/s, CC = 0.89, SI = 0.05) had the best

results. Also, all the models indicated the worst performance at
Tabriz.

The utilized models were ranked for the training and testing
stations based on their RMSE values in Tables 6 and 7. MARS,
GEP, ANN, ANFIS, and R.F. performed the best at 8, 4, 10, 10,
and 8 stations for the training stations, respectively. The R.F. and
ANFIS techniques are the best models at the training stations
according to their lowest total ranks. Additionally, 6, 2, 1, and 1
stations from the test stations had the first rank in the R.F., MARS,
GEP, and ANN. The lowest total rank value from R.F. indicates
its outperformance compared to the other models at the testing
stations.

Fig. 3 shows the histogram of observed and estimated W
values at the testing stations. As can be seen, all the models
underestimate W for some months and overestimate it for other
months. For example, the highest W underestimations are seen
t Tabriz in June, July, and August.
The performance of soft computing models depends mainly

n their inputs. In addition, air temperature, air pressure, relative
umidity and other weather data could be used as inputs. How-
ver, these climatic variables may be unavailable in some regions.
ence, it is advantageous to utilize easily available predictors
644
such as geographic information (latitude, longitude, and altitude)
and the number of months.

Other studies also used geographical information and the
number of months in soft computing techniques to estimate
different variables of interest. For example, Sanikhani et al. (2018)
and Mehdizadeh (2018) showed that soft computing methods
could estimate long-term mean monthly air temperature using
geographical properties and periodicity terms. Kisi and Sanikhani
(2015) employed these predictors to predict the long-term mean
monthly precipitation in machine learning methods. In addition,
Kisi et al. (2015) estimated long-term mean monthly reference
evapotranspiration. The abovementioned studies proved that ge-
ographic information and periodicity components could estimate
long-term mean monthly hydro-climatological variables.

According to the rank of the models in Tables 6 and 7, R.F.
is generally the best-performing approach for the training and
test stations. Unlike many soft computing techniques, R.F. does
not need to be tuned (Lahouar and Ben Hadj Slama, 2017). For
example, a time-consuming trial and error procedure should ob-
tain the optimal number of neurons of the hidden layer in ANN
and the optimal radii value for the ANFIS. In contrast, the R.F.
development requires less time (Jia et al., 2021).

Other studies (e.g., Lahouar and Ben Hadj Slama (2017), Jia
et al. (2021), Wang et al. (2021), and Sun et al. (2021)) also il-
lustrated the robustness of R.F. in estimating wind characteristics
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Fig. 3. Histogram of observed and estimated long-term monthly mean wind speed values from the utilized soft computing approaches at the testing stations.
uch as wind power. In addition, Feng et al. (2017), Jiajun et al.

2020) and Neupane et al. (2021) reported the capability of R.F.

or estimating the wind speed time series.
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5. Conclusions

This study investigated the performance of five soft comput-
ing techniques, namely multivariate adaptive regression splines
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Fig. 3. (continued).
(MARS), gene expression programming (GEP), artificial neural
networks (ANN), adaptive neuro-fuzzy inference system (ANFIS),
and random forest (R.F.) for the estimation of long-term mean
monthly wind speed. Fifty stations in Iran were chosen as the
646
study sites. The long-term mean monthly wind speed data were
used to train and test the models at 40 (i.e., 40 stations × 12
months = 480 data points) and 10 (i.e., 10 stations × 12 months
= 120 data points) stations, respectively. Latitude, longitude and
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Fig. 3. (continued).
Table 6
The rank of utilized models at the training stations based on their accuracy.
Stations MARS GEP ANN ANFIS RF

Abadan 3 4 5 2 1
Ahwaz 1 2 3 5 4
Arak 3 5 1 4 2
Ardabil 3 4 5 2 1
Babolsar 3 5 4 2 1
Bam 1 5 2 4 3
Bandar Anzali 5 2 1 3 4
Bandar Lengeh 2 5 3 1 4
Birjand 2 5 1 3 4
Bojnurd 1 3 2 5 4
Bushehr 3 4 5 1 2
Chabahar 5 1 3 4 2
Dezful 4 5 3 1 2
Fasa 1 4 5 2 3
Gorgan 4 5 3 1 2
Hamedan 4 5 1 3 2
Ilam 5 2 1 4 3
Iranshahr 5 2 4 1 3
Isfahan 5 4 1 2 3
Jask 1 5 3 2 4
Karaj 4 3 5 1 2
Kashan 4 5 3 2 1
Kerman 5 4 3 1 2
Kermanshah 5 1 3 4 2
Khorramabad 1 5 4 3 2
Khoy 4 3 5 2 1
Mashhad 4 2 1 5 3
Qazvin 4 5 1 5 2
Qom 2 1 4 5 3

(continued on next page)

altitude (i.e., the geographical attributes) and the number of
months (i.e., the periodicity term) were employed as inputs to the
models. The aforementioned soft computing techniques success-
fully estimated long-term mean monthly wind speed using the
647
Table 6 (continued).
Stations MARS GEP ANN ANFIS RF

Rasht 1 5 4 2 3
Sabzevar 2 5 4 3 1
Sanandaj 4 5 1 2 3
Sari 4 5 3 2 1
Semnan 5 4 1 3 2
Shahrud 1 4 5 2 3
Tabas 4 2 3 5 1
Tehran 4 3 5 1 2
Urmia 5 3 4 1 2
Yazd 3 1 4 5 2
Zabol 3 5 4 1 2

Total ranks 130 148 123 107 94

Table 7
The rank of utilized models at the testing stations based on their accuracy.
Stations MARS GEP ANN ANFIS RF

Bandar Abbas 2 3 4 5 1
Ramsar 4 5 3 2 1
Saqez 4 1 2 5 3
Sharekord 1 5 3 4 2
Shiraz 3 2 5 4 1
Tabriz 2 3 4 5 1
Torbat-e Heydarieh 2 3 1 5 4
Yasuj 1 5 4 3 2
Zahedan 3 4 2 5 1
Zanjan 5 3 2 4 1

Total ranks 27 34 30 42 17

geographical information and periodicity term. It was found that
the R.F. method generally yielded superior results than the other
four methods at the training and testing stations. ANFIS and MARS
were ranked the second and third best models at the training
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nd test stations. GEP and ANFIS provided the lowest accuracy at
he training and testing stations, respectively. The most accurate
stimates of long-term mean monthly wind speed were obtained
y MARS at Bam (RMSE = 0.13 m/s, MAE = 0.10 m/s), GEP at
aqez and Zanjan (RMSE = 0.24 m/s, MAE = 0.21 m/s), ANN at
anandaj (RMSE = 0.15 m/s, MAE = 0.11 m/s), ANFIS at Sanandaj

(RMSE = 0.15 m/s, MAE = 0.13 m/s), and RF at Ramsar (RMSE =

.13 m/s, MAE = 0.11 m/s).
The present study examined the potential of the abovemen-

ioned soft computing techniques for estimating the long-term
ean monthly wind speed. Further studies should be directed to-
ards evaluating the performance of other soft computing tech-
iques. Furthermore, the feasibility of soft computing techniques
an also be investigated to estimate long-term mean monthly
olar radiation as another source of clean energy utilizing geo-
raphical information and periodicity term.
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