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Abstract: Accurate predictions of wind speed and wind energy are essential in renewable energy
planning and management. This study was carried out to test the accuracy of two different neuro
fuzzy techniques (neuro fuzzy system with grid partition (NF-GP) and neuro fuzzy system with
substractive clustering (NF-SC)), and two heuristic regression methods (least square support vector
regression (LSSVR) and M5 regression tree (M5RT)) in the prediction of hourly wind speed and wind
power using a cross-validation method. Fourfold cross-validation was employed by dividing the
data into four equal subsets. LSSVR’s performance was superior to that of the M5RT, NF-SC, and
NF-GP models for all datasets in wind speed prediction. The overall average root-mean-square errors
(RMSE) of the M5RT, NF-GP, and NF-SC models decreased by 11.71%, 1.68%, and 2.94%, respectively,
using the LSSVR model. The applicability of the four different models was also investigated in
the prediction of one-hour-ahead wind power. The results showed that NF-GP’s performance was
superior to that of LSSVR, NF-SC, and M5RT. The overall average RMSEs of LSSVR, NF-SC, and
M5RT decreased by 5.52%, 1.30%, and 15.6%, respectively, using NF-GP.

Keywords: wind speed; wind power; forecasting; least square support vector regression;
M5 regression tree; neuro-fuzzy system; Sotavento Galicia wind farm

1. Introduction

Currently, because of increasing environmental pollution and the energy crisis, wind energy is
very important for the energy industry. The use of wind energy in electricity production is widespread,
and new units with a nominal capacity of thousands of megawatts are being installed each year [1].
In 2017, according to the report of World Wind Energy Association, the total installed wind power
capacity (WPC) of the whole world increased to 539 GW with recent installation of 52.6 GW [2], while
the global growth rate was 10.8%. In the same year in China, the recently installed WPC was 15 GW,
and the total capacity reached 163.67 GW with a 21.3% increment. Both the wind power capacity and
the growth rate of China were larger than those of other countries in 2017. Wind energy is important
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to the economic and environmental operation of electric power systems due to its characteristics of
clean and renewable energy; thus, such abilities make it a more attractive subject for researchers [3].
Nevertheless, wind power has innate features of randomness, instability, and intermittence. If the
electricity produced by unstable wind power, especially in large quantities, is injected into the power
grid, it will threaten the grid’s safety. This problem can be solved by accurately predicting wind
power [4]. Precise wind energy prediction can help workers (at the power grid control system) know
the precise amount of electric power produced by wind energy in a timely manner, and employ a
sensible dispatching plan for other forms of energy to serve an appropriate electricity amount. It can
be seen that the accurate prediction of wind power energy plays a vital role in the power grid’s safety
and economical operation; it can also guide the normal operation of wind turbines and extend the
equipment’s service life, while also reducing dependence on conventional expensive energy sources [5].

In recent years, many approaches were developed for wind speed and wind power prediction in
the literature. These approaches can be considered in three categories: the physical approach, statistical
approach, and soft computing approach. The principle of the physical approach is to find out the
relationships among wind speed, temperature, pressure, and moisture and build thermodynamics
formulas [6]. This kind of model is good for long-term wind speed prediction. However, the detection
and collection of this information needs a lot of sensors, which can be very expensive. What is
more, solving this kind of model requires complex calculations. In the physical approach, the models
require a huge number of physical specifications [7]. These disadvantages limit the application of
the physical model. In addition, physical models are selected for modeling long time horizons, while
statistical approach models are more suitable for short time horizons [8]. The statistical approach tries
to find inherent relationships within the actual data. Autoregressive models, such as autoregressive
moving average (ARMA) and autoregressive integrated moving average (ARIMA) are commonly
utilized for short-term wind speed prediction [9,10]. In recent years, some new and improved
statistical models were proposed for wind prediction [11–13]. Kavasseri and Seetharaman [14]
applied a fractional-ARIMA model in wind speed prediction of one- and two-day-ahead horizons
in four potential wind generation sites located in North Dakota, United States of America (USA).
The simulated results showed that fractional-ARIMA outperformed ARIMA when wind speed series
showed long-memory characteristics. Erdem and Shi [15] proposed four approaches based on ARMA
for the prediction of hourly wind speed obtained from two wind observation sites in North Dakota,
USA, and satisfactory simulation results were obtained. In the literature, some authors also used
space–time statistical models for wind energy prediction and found them better in comparison to
simple statistical time-series models. However, such models provide less accurate prediction results
because they cannot adequately address the nonlinearity of the data [16]. In addition, statistical
models establish that any phenomenon can be expressed as a linear combination of its own past values,
given that the studied stochastic process is stationary. However, it was documented that wind speed
time series have a heteroscedastic, non-stationary, and highly nonlinear behavior. Soft computing
methods, due to their excellent nonlinear processing capacity, which is very important for wind energy
high-precision predictions, were adopted in this study [17–19].

In soft computing (SC) approaches, models use an auto learning process from previous data to
recognize future trends. The most popular SC-based models are neural network (NN), neuro-fuzzy
system (NF), support vector regression (SVR), least square support vector regression (LSSVR), and
M5 regression tree (M5RT) models. Wind power production is mainly affected by wind speed
fluctuations [20–22]. Thus, SC-based models overcome the shortcomings of statistical models in
handling the nonlinearity of the data (e.g., wind speed) [23,24]. NF models were successfully utilized
for modeling wind energy in the past few decades [25–32]. Liu et al. [26] predicted wind energy
using NF and compared the results with a radial basis neural network (RBFNN), a backpropogation
neural network (BPNN), and LSSVR. In the study, they firstly predicted wind energy using BPNN,
RBFNN, and LSSVR, separately. Then, they used predicted results of these models as inputs to
the NF model and found that NF provided more accurate prediction results in comparison to these
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models. Saleh et al. [27] used NF to predict wind energy using fuzzy cluster means for selecting the
optimal fuzzy rules. They found that the proposed NF model provided good prediction accuracy in
wind energy prediction. Giorgi et al. [28] used NF, NN, and ARMA models to predict wind power.
Their results showed superior accuracy of the NF model compared to ARIMA and NN. Mohandes et
al. [29] estimated the wind speed at different heights using the NF model. The results demonstrated
that the NF model could be applied successfully in the estimation of wind speeds at higher heights,
using the wind speed at lower heights as inputs. Johnson et al. [31] applied the NF model to predict
five-minutes-ahead wind power. The results were compared with the persistence method, and it was
found that NF provided better accuracy compared to the latter model. LSSVR was also extensively
applied in solving many wind energy problems in recent years [33–40]. Zhang et al. [33] applied the
LSSVR model for wind energy prediction, compared with the RBF model, and found that LSSVR
provided better results than RBF. Wang et al. [34] used a model combination of ARIMA, extreme
learning machine, SVR, and LSSVR for wind speed prediction. Liu and Li [36] predicted short-term
wind speed and wind power by utilizing LSSVR with wavelet transform (WT). The results were
compared with a recursive least square (RLS) regression model, and the LSSVR-WT gave better results
than the RLS-WT model. Zhou et al. [38] made a study on the fine-tuning of SVR model parameters to
predict wind speed for one-step-ahead horizon. The simulated results showed that the SVR models
processed by fine-tuning outperformed the persistence model. Guo et al. [39] used the LSSVR model
for wind speed prediction in the Hexi corridor of China. They compared the results of LSSVR with two
statistical models, ARIMA and seasonal ARIMA (SARIMA), and also made a hybrid of LSSVR with
these models. The results indicated that LSSVR alone provided better accuracy compared to the others.
Yuan et al. [40] applied the LSSVR model with a gravitational search algorithm for the prediction of
wind power. They compared the optimized LSSVR with SVR and NN, and LSSVR’s performance
was superior to that of the other models. M5RT is not as popular as NF and LSSVR in the field of
wind energy, and there are limited applications in the literature related to wind prediction. To our best
knowledge, the applications of M5 regression trees in wind energy modeling were only reported by
Kusiak et al. [41,42].

In this research, the applicability of LSSVR, M5RT, NF-SC, and NF-GP methods was investigated
for predicting hourly wind speed (WS) and wind power (WP) time series using a cross-validation
method. The cross-validation method and M5RT were used successfully in recent years for modeling
hydrological time series [43,44]. Thus, the authors were compelled to apply these methods to wind
time series to check their performance. It is worthy to note that there are no published studies in
the literature that predict the wind speed and wind power by comparing LSSVR, M5RT, NF-SC, and
NF-GP models while also using the cross-validation method. The paper is organized as follows: in
Section 2, the basic structures of the LSSVR, M5RT, NF-SC, and NF-GP models are briefly explained.
In Section 3, the data used in the analysis are described. In Section 4, two neuro-fuzzy and two
heuristic regression models are applied for the prediction of hourly wind speed and wind power.
The performance of the four models is analyzed with respect to three statistical indexes. Section 5
contains the concluding remarks. The models were applied using MATLAB software in the present
study [45].

2. Methods Applied in the Research

2.1. Neuro-Fuzzy System

The NF system has an architecture which consolidates fuzzy logic and NN. This method was
introduced by Jang [46]. NF has an approximating capacity of any real continuous function on a
compact set to any level of exactness [47]. NF utilizes an NN learning algorithm for constructing
fuzzy if–then rules with proper membership functions (MFs) from the stipulated input–output pairs.
Numerous sorts of inference systems exist in the literature [48–50]. Sugeno’s fuzzy structure of the NF
system is computationally more accurate compared to other alternatives. This type of NF is the most
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common candidate for fuzzy modeling. It comprises five layers, as shown in Figure 1. More detailed
information about NF can be obtained from Jang [46].

NF-GP: In this NF model, the grid partition (GP) is used. GP utilizes an axis-paralleled partition
dependent on a predefined number of membership functions to divide the input space into rectangular
sub-spaces. In NF-GP, by expanding the quantity of the input variables, the quantity of fuzzy rules
also increases exponentially. For example, let us assume that we have t input variables and l MFs;
then, the quantity of rules will be tl [51]. More information regarding NF-GP can be obtained from
Abonyi et al. [52].

NF-SC: The NF sub-clustering model is an expansion of the mountain clustering approach
proposed by Yager and Filev [53], which combines the NF model with the subtractive clustering
method. This method was later modified by Chiu [54]. The benefit of NF-SC is that it takes out the
need to indicate a grid resolution, thereby diminishing the computational complexity of the previous
mountain clustering strategy. In the method, every data point is taken into account as a possible cluster
center and the potential of this point is computed by its distance to every other point. A data point
having many neighboring data points has a high potential value. The influential radius ought to be
distinguished for determining the quantity of clusters. If a small radius is selected, it causes numerous
clusters and, thus, requires numerous rules [55]. In this manner, the choice of appropriate radius is
critical for data space clustering. Details of NF-SC were given by Chiu [56] and Cobaner [57].
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2.2. Least Square Support Vector Regression

LSSVR, introduced by Suykens and Vandewalle [58], is an alteration of SVR to solve the issues
of regression, classification, and function estimation [58–61]. SVR is a supervised machine learning
technique proposed by Vapnik [62] and his co-workers in 1995. LSSVR has an advantage compared to
SVR due to a reduction in the complexity of the optimization process, due to its use of linear equations
instead of quadratic equations [63–65].

Figure 2 shows the procedure of LSSVR. By utilizing input xi (previous wind speed/wind power
values) and output yi (current wind speed/wind power) time series, the LSSVR function can be
expressed as shown below.
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y(x) = ωT ϕ(x) + b, (1)

where x is the input, y indicates the output, ω is the weight vector with m dimension, ϕ is the mapping
term, and b is the bias term [66,67]. The cost function of LSSVR can be expressed as

minJ(ω, e) =
1
2

ωTω+
γ

2

N

∑
i=1

e2
i , (2)

which has the following constraints:

yi = ωT ϕ(xi) + b + ei (i = 1, 2, . . . , N), (3)

where γ and ei represent the regularization constant and the training error for xi, respectively.
To solve Equation (2), the Lagrange multiplier optimal programming method is employed to

find the solutions of ω and e. By altering the constraint problem into an non-constraint problem, the
objective function can be achieved [23]. The Lagrange function, L, can be calculated as

L(ω, b, e, β) = J(ω, e)−
N

∑
i=1

βi

{
ωT ϕ(xi) + b + ei − yi

}
, (4)

where βi is the Lagrange multiplier.
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By applying the Karush–Kuhn–Tucker conditions [68], the optimal conditions can be computed
by independently calculating the partial derivatives of Equation (4) with respect to ω, b, e, and β,
as follows: 

ω =
N
∑

i=1
βi ϕ(xi) + b

N
∑

i=1
βi = 0

βi = γei
ωT ϕ(xi) + b + ei − yi = 0

. (5)

The linear equations are obtained after the disposal of ei, and ω can be expressed as(
0
E

ET

Ω + γ−1E

)(
b
β

)
=

(
0
y

)
. (6)

After the elimination of ei and ω from Equation (4), the kernel trick is applied. According to
Mercer’s condition, the Kernel trick can be expressed as k(x, xi) = f (x)T f (xi), i = 1, 2, . . . , N. Thus,
the LSSVR can be expressed as

f (x) =
N

∑
i=1

βik(x, xi) + b. (7)

k(x, xi) = exp

(
−‖x− xi‖2

2σ2

)
. (8)

Numerous kernel functions (e.g., linear, polynomial, radial basis (RBF), and spline functions) are
utilized to solve regression problems [69,70]. The accuracies of LSSVR models developed using various
kernel functions differ from each other. The kernel function type plays a vital role in constructing a
highly accurate LSSVR model [71]. In the present study, the commonly used RBF was applied, and it is
expressed in Equation (8).

2.3. M5RT

The M5 model regression tree (M5RT), first introduced by Quinlan [72], is a decision-tree-based
regression approach. The M5 model regression tree changes over the nonlinear relationship between
input and output parameters into a piecewise linear relationship. The M5RT splitting criterion is the
difference principle of sample attributes (standard deviation reduction, SDR).

SDR = sd(T)−∑
|Ti|
|T| sd(Ti) (9)

where T speaks to a set of examples that achieves the node, Ti is the subset of examples having the i-th
result of the potential set; and sd speaks to the standard deviation [73,74].

In M5RT splitting, linear regression functions exist at the leaves instead of the class labels in
decision trees. Model regression trees sum up the idea of simple regression trees [75]. Figure 3 shows
how the space partition of M5RT should be possible. As observed from the figure, space partitioning
of the model is a recursive space two-differentiation problem. In the first step, two differentiation rules
(X2, X1) are developed; in the second step, a chopping process is employed. In the first step, the initial
tree is built using the splitting criterion that minimizes the intra-subset variation in the class values
down each branch, instead of maximizing the information gain at each interior node.
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model tree with four linear regression models at the leaves.

Model 5 regression trees are better than classic regression trees due to having a smaller size and
containing fewer variables in the regression functions [76–78]. Details on M5RT can be obtained from
Quinlan [72].

3. Dataset and Statistical Analysis

The hourly wind speed and wind power data from 1 January to 28 February 2015 were used in
this study to forecast one-hour-ahead wind speed (WS) and wind power (WP). Data were obtained
from the Sotavento Galicia (SG) wind farm, which is supported by the Galician Regional Autonomous
Government (http://www.sotaventogalicia.com/en/technical-area/monitored-data). Five different
technologies and nine different machine models are used in the wind farm, and it comprises 24 wind
turbines. The rating of the power and the mean yearly generation of the SG farm are 17.56 MW and
33,364 MWh, respectively. This farm is associated with the substation at A Mourela in As Pontes
through a 9-km high-volt energy feed line. In the region, the wind prevails on the east–west axis with
an average WS of 6.41 m/s. The anemometric towers measure the WS and its direction at two heights,
the pressure and temperature of air at the lower level, and the solar radiation and air density. The wind
turbine supervisory control and data acquisition (SCADA) system measures the 10-min average data
of wind speed, and the wind power generated cumulatively.

In this study, a cross-validation procedure was adopted for evaluating the methods.
The cross-validation method is utilized in data-driven modeling because methods are highly dependent
on data characteristics (e.g., distribution, complexity, correlation among the variables, etc.). Each SC
method applied in this study highly depends on its control parameters, and these parameters are
calibrated using measured input–output data. Therefore, applying various datasets and evaluating
employed methods with respect to their average accuracy is a good approach. In the cross-validation
procedure, the data were first divided into four equal parts. Three parts were then utilized for training
and the remaining part was adopted for testing the methods. The process was repeated until each part
of the data was utilized for testing. The summary statistics of hourly wind speed and wind power data
are summarized in Table 1. In the table, M1, M2, M3, and M4 are the four equal parts of the entire data

http://www.sotaventogalicia.com/en/technical-area/monitored-data
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for the cross-validation process. As clearly seen from the table, wind speed and wind power generally
indicate high positive skewness.

Table 1. Statistics of hourly wind speed and wind power time series.

Dataset Data Type Min Max Mean SD Skewness

M1 (15 February 1:00 a.m.
to 28 February 12:00 a.m.)

Wind Speed (ms−1)
Wind Power (MW)

3.62
0

16.24
14.32

9.42
6.11

2.48
3.57

0.14
0.06

M2 (1 February 1:00 a.m. to
14 February 12:00 a.m.)

Wind Speed (ms−1)
Wind Power (MW)

3.71
0

23.13
15.85

9.45
5.65

3.42
4.51

0.61
0.45

M3 (16 January 1:00 a.m. to
31 January 12:00 a.m.)

Wind Speed (ms−1)
Wind Power (MW)

1.98
0

21.95
14.91

8.08
3.86

4.45
4.66

0.92
1.05

M4 (1 January 1:00 a.m. to
15 January 12:00 a.m.)

Wind Speed (ms−1)
Wind Power (MW)

0.36
0

20.79
14.33

6.31
2.67

4.21
3.81

1.26
1.63

4. Results and Discussion

In the first part of the research, the prediction of hourly wind speed using previous values was
carried out. Then, the accuracy of LSSVR, M5RT, NF-GP, and NF-SC was tested for hourly wind
power prediction. Root-mean-square errors (RMSE), mean absolute errors (MAE), and coefficients of
determination (R2) were used for evaluating the applied models. RMSE is one of the most commonly
used statistics for measuring prediction error. MAE is another statistical index used for measuring the
absolute error between observed and predicted values. R2 represents the degree of linear relationship
between the predicted and observed data. These three indices are commonly utilized for evaluating
model prediction performance in the field of wind energy [79–83]. Their equations are as follows:

RMSE =
1
N

N

∑
t=1

(
WO − W f

)2
, (10)

MAE =
1
N

N

∑
t=1
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∣∣∣, (11)
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)(
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)
√
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t=1
(
WO − WO

)2
(

W f − W f

)2


2

, (12)

where N is the total number of observations, WO is the observed wind speed/wind power, W f is the
predicted wind speed/wind power, WO is the average of observed wind speed/wind power, and W f
is the average predicted wind speed/wind power.

Before application of the models, the input numbers should be decided to predict the wind
speed/wind power. For this purpose, correlation analysis (CA) was employed to wind speed and wind
power time series to observe the effect of antecedent wind speed and wind power values. Correlation
analysis was successfully used in previous studies for the determination of inputs of data-driven
models [84–87]. Sudheer et al. [84] used correlation analysis and determined the optimal inputs for
an artificial neural network (ANN) in modeling the complex rainfall–runoff phenomenon. Kisi [85]
determined the optimal inputs of ANN in modeling a nonlinear discharge–sediment relationship.
Li and Shi [86] applied correlation analysis for the determination optimal inputs of ANN in wind
speed forecasting. Zemzami and Benaabidate [87] applied correlation analysis for deciding the inputs
of data-driven models in the prediction of daily streamflows. On the basis of correlation analysis
employed in the current study, four previous values were selected for each variable as follows: (i)
WSt−1; (ii) WSt−1, WSt−2; (iii) WSt−1, WSt−2, WSt−3; and (iv) WSt−1, WSt−2, WSt−3, WSt−4 for wind
speed, and (i) WPt−1; (ii) WPt−1, WPt−2; (iii) WPt−1, WPt−2, WPt−3; and (iv) WPt−1, WPt−2, WPt−3,
WPt−4 for wind power (see Table 2).
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4.1. Hourly Wind Speed Prediction Using NF-SC, NF-GP, LSSVR, and M5RT Methods

The test results of the two NF methods are given in Table 2. It can be seen from the table that
NF-SC and NF-GP models give different prediction results for different inputs and datasets. It can be
observed from the average statistics that both methods provided the worst accuracy in the third input
combination. Input combinations (ii) and (iv) had better accuracy compared to input combinations
(i) and (iii) for all datasets. Input combination (ii) gave slightly better results for the NF-GP method
compared to input combination (iv). For the NF-SC method, the performance of input combination (iv)
was superior to the other combinations. It is obvious from the table that both methods had the worst
accuracy for the M2 dataset. The reason for this may be the fact that the maximum and minimum
wind speed values of the testing data set (WSmax = 23.13 m/s and WSmin = 3.71 m/s) were higher
and lower, respectively, than the corresponding values of the training dataset (Table 1). From this, we
can say that the trained NF-GP and NF-SC methods may have difficulties in extrapolating lower and
higher values in the M2 case. It is clear that the NF-GP and NF-SC methods gave good results for the
M4 dataset for all input combinations. It is obvious from Table 2 that the NF-GP method performed
slightly better than the NF-SC method with respect to average performance criteria. The reason for
this may be the fact that NF-GP includes much more fuzzy rules (or consequent parameters) than the
NF-SC model, and this may provide more flexibility to this method in predicting wind speed.

Table 2. The neuro-fuzzy grid partition (NF-GP) and neuro-fuzzy sub-clustering (NF-SC) model results
in wind speed prediction. RMSE—root-mean-square error; MAE—mean absolute error; R2—coefficient
of determination.

Statistics Cross-Validation Test Dataset Input (i) Input (ii) Input (iii) Input (iv) Mean

NF-GP

RMSE M1 15 February to 28 February 1.354 1.349 1.361 1.351 1.354
M2 1 February to 14 February 1.496 1.459 1.505 1.489 1.487
M3 16 January to 31 January 1.363 1.306 1.369 1.349 1.347
M4 1 January to 15 January 1.059 1.046 1.071 1.055 1.058

Mean 1.318 1.290 1.327 1.311 1.311

MAE M1 15 February to 28 February 0.975 0.944 0.991 0.962 0.968
M2 1 February to 14 February 1.032 1.018 1.101 1.026 1.044
M3 16 January to 31 January 0.926 0.913 0.997 0.921 0.939
M4 1 January to 15 January 0.846 0.829 0.836 0.839 0.838

Mean 0.945 0.926 0.981 0.937 0.947

R2 M1 15 February to 28 February 0.8178 0.8185 0.8163 0.8165 0.817
M2 1 February to 14 February 0.8099 0.8192 0.7936 0.8164 0.809
M3 16 January to 31 January 0.8986 0.9104 0.8931 0.9088 0.903
M4 1 January to 15 January 0.9062 0.9189 0.8905 0.9148 0.907

Mean 0.8581 0.8668 0.8484 0.8641 0.859

NF-SC

RMSE M1 15 February to 28 February 1.334 1.325 1.318 1.315 1.323
M2 1 February to 14 February 1.497 1.492 1.488 1.486 1.491
M3 16 January to 31 January 1.364 1.325 1.332 1.312 1.333
M4 1 January to 15 January 1.173 1.167 1.168 1.158 1.167

Mean 1.342 1.327 1.327 1.318 1.328

MAE M1 15 February to 28 February 0.925 0.927 0.927 0.896 0.919
M2 1 February to 14 February 1.042 1.045 1.058 1.039 1.046
M3 16 January to 31 January 0.958 0.945 0.953 0.941 0.949
M4 1 January to 15 January 0.852 0.839 0.854 0.836 0.845

Mean 0.975 0.972 0.979 0.959 0.971

R2 M1 15 February to 28 February 0.8152 0.8178 0.8172 0.8181 0.817
M2 1 February to 14 February 0.8094 0.8096 0.8115 0.8104 0.810
M3 16 January to 31 January 0.8363 0.9078 0.9037 0.9093 0.889
M4 1 January to 15 January 0.9059 0.9135 0.9127 0.9143 0.912

Mean 0.8417 0.8622 0.8613 0.8630 0.857

* The bold numbers indicate the best accuracy.
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The test statistics of the optimal LSSVR and M5RT models are summarized in Table 3. Here, input
combinations (iii) and (iv) performed worse than the other combinations. Input combination (ii) gave
slightly better results for the LSSVR method compared to input combination (i). For the M5RT method,
input combination (i) outperformed the other combinations. Similar to the NF-GP and NF-SC methods,
the LSSVR and M5RT methods had the worst accuracy for the M2 dataset due to the extrapolation
difficulties as mentioned before. The best models of the LSSVR and M5RT methods were obtained for
the M4 dataset using input combinations (ii) and (i), respectively. As observed from Table 3, LSSVR’s
performance was superior to M5RT in one-hour-ahead wind speed prediction. The main reason for
this might be the nonlinear structure of LSSVR compared to M5RT, which uses linear equations for
simulation. Various control parameters were considered for each LSSVR model, and the optimal values
that provided the minimum RMSE in the test period were selected for each dataset. The optimal
parameters of LSSVR are reported in Table 4. Here, M1 shows model 1 whereas (100, 12) refers to the
regularization constant and the RBF kernel’s width, respectively. The variation in control parameters
of LSSVR with respect to RMSE is illustrated in Figure 4 for the M4 dataset.Energies 2018, 11, x FOR PEER REVIEW  11 of 23 
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radial basis function (RBF) kernel for the LSSVR model for input combination (i) and the M1 dataset of
the wind speed time series.

Table 3. The least square support vector regression (LSSVR) and M5 model regression tree (M5RT)
model results in wind speed prediction.

Statistics Cross-Validation Test Dataset Input (i) Input (ii) Input (iii) Input (iv) Mean

LSSVR

RMSE M1 15 February to 28 February 1.319 1.305 1.327 1.329 1.320
M2 1 February to 14 February 1.461 1.454 1.468 1.471 1.464
M3 16 January to 31 January 1.327 1.301 1.315 1.323 1.317
M4 1 January to 15 January 1.058 1.041 1.063 1.065 1.057

Mean 1.291 1.275 1.293 1.297 1.289

MAE M1 15 February to 28 February 0.928 0.922 0.943 0.948 0.935
M2 1 February to 14 February 1.031 1.014 1.023 1.027 1.024
M3 16 January to 31 January 0.922 0.913 0.926 0.931 0.923
M4 1 January to 15 January 0.827 0.825 0.828 0.830 0.828

Mean 0.927 0.919 0.930 0.934 0.927

R2 M1 15 February to 28 February 0.8185 0.8189 0.8180 0.8171 0.8181
M2 1 February to 14 February 0.8109 0.8153 0.8117 0.8095 0.8119
M3 16 January to 31 January 0.9010 0.9056 0.9051 0.8931 0.9012
M4 1 January to 15 January 0.9065 0.9169 0.9090 0.8981 0.9076

Mean 0.8592 0.8642 0.8610 0.8545 0.8597
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Table 3. Cont.

Statistics Cross-Validation Test Dataset Input (i) Input (ii) Input (iii) Input (iv) Mean

M5RT

RMSE M1 15 February to 28 February 1.377 1.406 1.398 1.498 1.420
M2 1 February to 14 February 1.597 1.715 1.726 1.782 1.705
M3 16 January to 31 January 1.426 1.453 1.494 1.698 1.518
M4 1 January to 15 January 1.068 1.213 1.219 1.287 1.197

Mean 1.367 1.447 1.459 1.566 1.460

MAE M1 15 February to 28 February 0.985 1.021 1.019 1.101 1.032
M2 1 February to 14 February 1.136 1.226 1.225 1.26 1.212
M3 16 January to 31 January 0.989 1.023 1.051 1.103 1.042
M4 1 January to 15 January 0.836 0.958 0.96 1.021 0.944

Mean 0.987 1.057 1.064 1.121 1.057

R2 M1 15 February to 28 February 0.8161 0.7736 0.7685 0.7464 0.7762
M2 1 February to 14 February 0.7840 0.7540 0.7518 0.7402 0.7575
M3 16 January to 31 January 0.8969 0.8918 0.8869 0.8543 0.8825
M4 1 January to 15 January 0.8979 0.8931 0.8936 0.8798 0.8911

Mean 0.8487 0.8281 0.8252 0.8052 0.8268

* The bold numbers indicate the best accuracy.

Table 4. Parameters of LSSVR for each input combination for wind speed prediction.

Cross-Validation Test Dataset
Input Combination

(i) (ii) (iii) (iv)

M1 15 February 1:00 a.m. to 28 February 12:00 a.m. (100, 12) (100, 20) (90, 7) (100, 7)
M2 1 February 1:00 a.m. to 14 February 12:00 a.m. (30, 2) (100, 5) (30, 2) (100, 20)
M3 16 January 1:00 a.m. to 31 January 12:00 a.m. (60, 3) (100, 65) (100, 24) (100, 3)
M4 1 January 1:00 a.m. to 15 January 12:00 a.m. (70, 6) (100, 4) (50, 10) (80, 100)

According to the comparison of NF-GP, NF-SC, LSSVR, and M5RT methods (Tables 2 and 3), it is
clear that the LSSVR method outperformed the other models in predicting wind speed of the Sotavento
Galicia wind farm. There was a slight difference between LSSVR and NF-GP methods. The M5RT
method gave inferior results compared to the other methods. The linear structure of this method might
be the reason for this, because wind speed fluctuations are highly nonlinear. The average errors of the
NF-GP, NF-SC, LSSVR, and M5RT methods for each input combination are illustrated in Figure 5a,b.
As observed from the figure, the average RMSE and MAE values of the LSSVR method were smaller
than those of the other models for all input combinations. The LSSVR decreased the overall average
RMSE error of NF-GP, NF-SC, and M5RT by 1.68%, 2.94%, and 11.71%, respectively.
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Figure 5. Average (a) RMSE and (b) mean absolute error (MAE) of the applied models in predicting
wind speed for all input combinations.

Figure 6a–d show the observed and predicted hourly wind speeds using all methods for the
M4 dataset with their best input combinations. It is apparent from the figure that NF-GP, NF-SC,
and LSSVR methods provided higher R2 values for the M4 dataset. The figure also shows that the
NF-GP model gave a slightly higher value of R2 than the LSSVR model. From the fitted line equations,
however, it is apparent that the LSSVR model was closer to the ideal line compared to NF-GP (see the
slope and bias coefficients in Figure 6). In fact, both models (LSSVR and NF-GP) had almost the same
accuracy in wind speed forecasting.
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Figure 6. The scatterplots of the observed and predicted wind speeds using the (a) NF grid partition
(NF-GP),(b) NF sub-clustering (NF-SC), (c) LSSVR, and (d) M5RT models for the M4 dataset.

The best (NF-GP) and worst (M5RT) models were also tested in wind speed prediction for
multiple horizons (from one to five hours ahead) using the best dataset (M4). The new model results
are compared in Table 5. As expected, the models’ accuracies deteriorated upon increasing the forecast
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horizons. From the table, it is clear that the NF-GP model’s performance was superior to that of the
M5RT model in wind speed prediction for all considered horizons. It can be observed that increasing
the input lag beyond two (combination (ii)) generally did not increases model accuracy. These results
are parallel to previous studies [88–92]. This indicates the necessity of examining different input lags
to obtain the most effective one in WS forecasting.

Table 5. NF-GP and M5RT results in wind speed prediction for multiple horizons.

Forecasting Horizon

Input Combination

(i) (ii) (iii) (iv)

RMSE MAE RMSE MAE RMSE MAE RMSE MAE

NF-GP
1 1.059 0.836 1.046 0.829 1.071 0.836 1.055 0.839
2 1.830 1.354 1.827 1.347 2.014 1.495 1.841 1.384
3 2.208 1.674 2.200 1.664 2.466 1.835 2.257 1.738
4 2.507 1.922 2.466 1.909 2.770 2.043 2.565 2.003
5 2.743 2.111 2.702 2.109 3.012 2.333 2.750 2.166

M5RT
1 1.068 0.846 1.213 0.958 1.219 0.960 1.287 1.021
2 1.936 1.429 1.977 1.430 2.184 1.605 2.584 1.597
3 2.216 1.681 2.387 1.836 2.582 1.926 2.821 1.852
4 2.574 2.027 2.661 2.043 2.856 2.150 2.947 2.067
5 2.763 2.171 2.938 2.239 3.031 2.435 3.104 2.623

* The bold numbers indicate the best accuracy.

4.2. Hourly Wind Power Prediction Using NF-SC, NF-GP, LSSVR, and M5RT Methods

In this section, the accuracy of the four methods was examined in one-hour-ahead wind power
prediction using previous values. Similar to the previous application, the cross-validation method
was also utilized here. The best control parameters of the LSSVR models are reported in Table 6.
The RMSE, MAE, and R2 statistics of the applied methods are reported in Tables 7 and 8. As obviously
seen from the tables, all methods also performed the worst for the M2 dataset, probably due to the
extrapolation difficulties (WPmax = 15.85 MW), while they performed very well for the M4 dataset.
It is also obvious from Tables 7 and 8 that LSSVR, NF-GP, and NF-SC showed similar accuracy for
different input combinations. However, the M5RT method gave worse results than the other methods
for all datasets probably due to its linear structure.

Table 6. Parameters of LSSVR for each input combination for wind power prediction.

Cross-Validation Test Dataset
Input Combination

(i) (ii) (iii) (iv)

M1 15 February 1:00 a.m. to 28 February 12:00 a.m. (100, 1) (100, 3) (100, 1) (100, 7)
M2 1 February 1:00 a.m. to 14 February 12:00 a.m. (31, 3) (100, 18) (100, 10) (90, 7)
M3 16 January 1:00 a.m. to 31 January 12:00 a.m. (28, 1) (100, 28) (80, 10) (10, 10)
M4 1 January 1:00 a.m. to 15 January 12:00 a.m. (100, 1) (40, 10) (100, 10) (10, 100)
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Table 7. NF-GP and NF-SC results in wind power prediction.

Statistics Cross-Validation Test Dataset Input (i) Input (ii) Input (iii) Input (iv) Mean

NF-GP

RMSE M1 15 February to 28 February 1.302 1.346 1.426 1.413 1.372
M2 1 February to 14 February 1.545 1.552 1.572 1.58 1.562
M3 16 January to 31 January 1.138 1.146 1.163 1.150 1.149
M4 1 January to 15 January 1.060 1.066 1.070 1.074 1.068

Mean 1.261 1.278 1.308 1.304 1.288

MAE M1 15 February to 28 February 1.047 1.067 1.085 1.081 1.070
M2 1 February to 14 February 1.062 1.086 1.096 1.091 1.084
M3 16 January to 31 January 0.747 0.753 0.776 0.762 0.760
M4 1 January to 15 January 0.686 0.699 0.702 0.692 0.695

Mean 0.886 0.901 0.915 0.907 0.902

R2 M1 15 February to 28 February 0.8826 0.8718 0.8665 0.8774 0.875
M2 1 February to 14 February 0.8466 0.8401 0.8353 0.8446 0.842
M3 16 January to 31 January 0.9193 0.9057 0.8979 0.9046 0.907
M4 1 January to 15 January 0.9387 0.9381 0.9372 0.9315 0.936

Mean 0.8968 0.8889 0.8842 0.8895 0.890

NF-SC

RMSE M1 15 February to 28 February 1.411 1.403 1.454 1.429 1.424
M2 1 February to 14 February 1.567 1.554 1.587 1.592 1.575
M3 16 January to 31 January 1.139 1.128 1.167 1.158 1.148
M4 1 January to 15 January 1.061 1.071 1.083 1.075 1.073

Mean 1.295 1.289 1.323 1.314 1.305

MAE M1 15 February to 28 February 1.057 1.071 1.091 1.079 1.075
M2 1 February to 14 February 1.101 1.089 1.113 1.110 1.103
M3 16 January to 31 January 0.761 0.759 0.794 0.784 0.775
M4 1 January to 15 January 0.711 0.696 0.691 0.685 0.696

Mean 0.908 0.904 0.922 0.915 0.912

R2 M1 15 February to 28 February 0.8794 0.8814 0.8764 0.8757 0.878
M2 1 February to 14 February 0.8449 0.8333 0.8364 0.8414 0.839
M3 16 January to 31 January 0.9107 0.9091 0.9077 0.9078 0.909
M4 1 January to 15 January 0.9384 0.9394 0.9385 0.9359 0.938

Mean 0.8934 0.8908 0.8898 0.8902 0.891

* The bold numbers indicate the best accuracy.

Table 8. LSSVR and M5RT results in wind power prediction.

Statistics Cross-Validation Test Dataset Input (i) Input (ii) Input (iii) Input (iv) Mean

LSSVR

RMSE M1 15 February to 28 February 1.408 1.386 1.517 1.596 1.477
M2 1 February to 14 February 1.555 1.54 1.588 1.592 1.569
M3 16 January to 31 January 1.160 1.143 1.176 1.271 1.188
M4 1 January to 15 January 1.148 1.112 1.165 1.219 1.161

Mean 1.318 1.295 1.362 1.420 1.349

MAE M1 15 February to 28 February 1.085 1.079 1.161 1.173 1.125
M2 1 February to 14 February 1.097 1.092 1.102 1.122 1.103
M3 16 January to 31 January 0.782 0.772 0.789 0.815 0.790
M4 1 January to 15 January 0.698 0.681 0.686 0.705 0.693

Mean 0.916 0.906 0.935 0.954 0.927

R2 M1 15 February to 28 February 0.8773 0.8811 0.876 0.8755 0.877
M2 1 February to 14 February 0.8362 0.8455 0.823 0.8091 0.828
M3 16 January to 31 January 0.9095 0.9132 0.9064 0.8982 0.907
M4 1 January to 15 January 0.9384 0.9408 0.9378 0.9262 0.936

Mean 0.8904 0.8952 0.8858 0.8773 0.887

M5RT

RMSE M1 15 February to 28 February 1.555 1.734 1.765 1.796 1.713
M2 1 February to 14 February 1.595 1.664 1.734 1.867 1.715
M3 16 January to 31 January 1.231 1.334 1.438 1.471 1.369
M4 1 January to 15 January 1.171 1.305 1.362 1.401 1.310

Mean 1.388 1.509 1.575 1.634 1.526
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Table 8. Cont.

Statistics Cross-Validation Test Dataset Input (i) Input (ii) Input (iii) Input (iv) Mean

M5RT

MAE M1 15 February to 28 February 1.128 1.162 1.211 1.313 1.204
M2 1 February to 14 February 1.169 1.291 1.315 1.340 1.279
M3 16 January to 31 January 0.786 0.878 0.936 0.965 0.891
M4 1 January to 15 January 0.686 0.788 0.808 0.845 0.782

Mean 0.942 1.030 1.068 1.116 1.039

R2 M1 15 February to 28 February 0.8754 0.8647 0.8540 0.8320 0.857
M2 1 February to 14 February 0.8143 0.7758 0.7714 0.7623 0.781
M3 16 January to 31 January 0.9061 0.8847 0.8741 0.8673 0.883
M4 1 January to 15 January 0.9303 0.9186 0.9067 0.9023 0.914

Mean 0.8815 0.8610 0.8516 0.8410 0.859

* The bold numbers indicate the best accuracy.

Figure 7a,b show the average errors statistics of all the applied methods for different input
combinations. As seen from the figure, NF-GP performed better than the other methods for all input
combinations from the viewpoints of RMSE, MAE, and R2. Input combination (i) gave the best results
for the NF-GP and M5RT models, whereas input combination (ii) provided the best accuracy for the
LSSVR and NF-SC models. However, input combination (iii) gave the worst results for the NF-GP and
NF-SC models, whereas input combination (iv) performed the worst for the LSSVR and M5RT models.
The figure also reports that both NF methods performed slightly better than the LSSVR method for
all input combinations. NF-GP decreased the overall average RMSE errors of the NF-SC, LSSVR, and
M5RT methods by 1.30%, 4.52%, and 15.6%, respectively.
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The observed and predicted hourly wind powers using all the methods are shown in Figure 8a–d
for the M4 dataset. As apparent from the figure, the NF-GP and NF-SC models were in good agreement
with the observed wind power data. The NF-GP and NF-SC methods provided higher R2 values for
each dataset than the other methods. The figure also reports that the LSSVR method gave slightly
higher values of R2 than the NF-GP method. The slope and bias coefficients for the NF-GP model were
closer to the 1 and 0, respectively, compared to values for the LSSVR, NF-SC, and M5RT models. It can
be clearly seen from the scatterplots that M5RT had more scattered predictions compared to LSSVR,
NF-GP, and NF-SC.
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Figure 8. The scatterplots of the observed and predicted wind powers using the (a) NF-GP, (b) NF-SC,
(c) LSSVR, and (d) M5RT models for the M4 dataset.

Table 9 compares the best (NF-GP) and worst (M5RT) models in wind power prediction for
multiple horizons (from one to five hours ahead) using the best dataset (M4). A decrease in model
accuracy can also be clearly observed here with respect to an increase in forecast horizons. As seen
from the test results, the NF-GP model outperformed the M5RT model for the all horizons and input
combinations. It can be observed that increasing the input lag beyond one (combination (i)) generally
did not improves the model accuracy. It is evident from the existing literature that increasing the
input lag does not guarantee better forecast performance [93,94]. Sometimes, a high number of inputs
has a negative impact on variance and causes a more complex model, leading to poor forecasting
performance. Therefore, several values of input lag should be searched in the case of WS or WP
forecasting using data-driven methods.
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Table 9. NF-GP and M5RT results in wind speed prediction for multiple horizons.

Forecasting Horizon

Input Combination

(i) (ii) (iii) (iv)

RMSE MAE RMSE MAE RMSE MAE RMSE MAE

NF-GP
1 1.060 0.686 1.066 0.692 1.074 0.702 1.070 0.699
2 1.572 1.007 1.584 1.030 1.596 1.044 1.590 1.033
3 1.857 1.290 1.858 1.302 1.873 1.309 1.866 1.304
4 2.073 1.501 2.098 1.506 2.103 1.519 2.101 1.513
5 2.285 1.677 2.317 1.683 2.321 1.691 2.319 1.689

M5RT
1 1.171 0.702 1.305 0.788 1.362 0.808 1.401 0.845
2 1.617 1.023 1.650 1.062 1.744 1.136 1.798 1.129
3 1.929 1.311 2.068 1.394 2.240 1.488 2.113 1.442
4 2.167 1.527 2.310 1.551 2.218 1.569 2.342 1.615
5 2.471 1.737 2.629 1.775 2.683 1.825 2.842 1.914

* The bold numbers indicate the best accuracy.

5. Conclusions

In this study, hourly wind speed and wind power time-series data were used to examine the
prediction capability of the NF-GP, NF-SC, LSSVR, and M5RT methods. Three statistical indices
(RMSE, MAE, and R2) were used for evaluating the performance of these methods. Four heuristic soft
computing techniques were employed in one-hour-ahead wind speed prediction using previous values.
The cross-validation method was employed to better evaluate the applied methods. The comparison
results showed that LSSVR and NF-GP had almost same accuracy, and they performed better than the
other soft computing models. LSSVR decreased the overall average RMSE error of NF-GP, NF-SC, and
M5RT by 1.68%, 2.94%, and 11.71%, respectively. The capability of the four methods was also examined
in the prediction of wind power using previous values. NF-GP decreased the overall average RMSE
error of NF-SC, LSSVR, and M5RT by 1.30%, 4.52%, and 15.60%, respectively. The results indicated that
LSSVR and NF-GP had almost the same accuracy and performed better compared to other methods.
The overall results also indicated that the M5RT method gave the worst results in both applications.
The results showed that hourly WS and WP could be successfully predicted using the NF-GP and
LSSVR methods.

NF-GP and M5RT were also compared in forecasting WS and WP for multiple horizons (from
one to five hours ahead). The results indicated the superior accuracy of the first model compared to
the latter one. Only one or two input lags were found to be enough for multiple-hours-ahead WS and
WP forecasting.

This study examined the ability of two different neuro-fuzzy methods, as well as the LSSVR
and M5RT methods, in predicting hourly wind speed and wind power. The main limitation of this
study was using limited data from one site. It is known that the effect of inter-annual variability on
one-hour-ahead WS or WP prediction is relatively small. It will be better to get more training data
from different years to address this effect. In fact, this is a limitation of the models presented in the
current study. The NF-GP, NF-SC, LSSVR, and M5RT methods can be compared to each other using
much more hourly data from other climatic regions. The accuarcy of the four methods may also be
compared using evolutionary algorithms in the calibration of their control parameters.
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