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Abstract

Considering the growing potential of artificial intelligence (AI), its application has become
increasingly relevant in climate-related studies and energy assessments. In this study,
the Random Forest algorithm was applied to impute missing values in time series of air
temperature, wind speed, atmospheric pressure, and wind direction. The performance of
the data imputation was evaluated using RMSE, MSE, and MAE metrics, as well as the
Kolmogorov–Smirnov (KS) test, which supported the selection of the most appropriate
exogenous variable. Subsequently, short-term wind speed forecasting was performed using
the SARIMAX model, and monthly energy generation was estimated for the V80/2000,
SWT-2.3-101, and S95/2100 wind turbine models. The proposed methodology was ap-
plied to data from 50 conventional meteorological stations of the National Institute of
Meteorology (INMET) located in Northeast Brazil. The results indicate that the gap-filling
procedure was effective, particularly for wind speed and mean air temperature. Moreover,
the SARIMAX model demonstrated good forecasting performance at most of the analyzed
stations. Overall, the findings suggest that the majority of the locations analyzed present
favorable conditions for wind-based electricity generation.

Keywords: SARIMAX; weather forecast; observed data; wind turbine

1. Introduction
In recent years, growing concern over climate change has intensified the search for

sustainable energy sources. According to reports by the Intergovernmental Panel on
Climate Change (IPCC), anthropogenic activities associated with greenhouse gas emissions
are the primary drivers of global warming [1]. The IPCC further highlights that the
continued reliance on fossil fuels is the main cause of the current climate crisis, with climate-
related impacts proving to be more severe and widespread than previously anticipated.
In addition, several studies have emphasized the urgency of transitioning to low-carbon
energy systems [2].

Rising global temperatures, the increasing frequency and intensity of extreme events,
and heightened variability in weather patterns pose significant challenges, directly af-
fecting human health, climate stability, and energy production [2]. Within this context,
the transition from fossil fuel–based energy systems to renewable energy sources has
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emerged as a critical strategy for mitigating greenhouse gas emissions and fostering
environmental sustainability.

Wind energy is a promising, sustainable and abundant source, which has the ad-
vantage of not using fossil fuels during its operation. The use of wind resources in the
global energy matrix is increasing. According to the Global Wind Energy Council (GWEC),
there was a new record in the wind sector in 2024, with 117 GW of new installations
worldwide [3].

Although the study by Ghamati et al. [4] focuses on tidal turbines operating in an
aquatic environment, it demonstrates the strong dependence of turbine performance on
external flow conditions imposed by the surrounding medium. This fundamental concept
is directly transferable to wind energy systems, where atmospheric variables (such as air
temperature) modulate air density and flow structure, thereby influencing wind speed
variability. As a result, accurately characterizing and modeling these atmospheric influences
is essential for reliable wind resource assessment and for improving the performance of
wind speed forecasting models.

In Brazil, the outlook is also positive. Newly installed wind capacity reached 4.8 GW
for the third consecutive year, with more than 1000 wind farms in operation and total
installed capacity exceeding 30 GW. The country ranked among the top five global markets
for new wind power installations in 2023 [3] and remained within the world’s top five wind
energy markets in 2024 [5].

The Brazilian Northeast subsystem stands out as the country’s leading region for wind
energy generation, accounting for 90.3% of total wind power generation in 2022 [6]. In
subsequent years, this share increased to 92.0% in 2023 and 92.2% in 2024 [7]. The region is
predominantly influenced by the South Atlantic trade winds, which are strong, persistent,
and highly favorable for wind energy production [8].

Wind energy is one of the main alternatives for renewable energy production, espe-
cially in areas with good wind potential, such as the Northeast of Brazil. However, wind
seasonality causes uncertainties that can affect the predictability and stability of wind
energy supply [9–11].

In recent years, artificial intelligence (AI) techniques have gained prominence and
present themselves as a promising tool in different areas. AI consists of a set of advanced
computational techniques capable of learning, recognizing patterns, and making decisions,
that is, performing tasks that are usually done by human intelligence. In addition, they are
able to work with large volumes of data and capture complex relationships [12,13].

Supervised learning algorithms, such as Random Forest (RF) and statistical methods,
such as the Seasonal Autoregressive Integrated Moving Average with eXogenous variables
(SARIMAX), continue to be applied due to their efficiency.

Random Forest is a learning algorithm in which decision trees are built, trained, and
combined to make predictions [14]. The technique consists of calculating the average of
each individual tree that is generated to obtain the prediction [15]. SARIMAX is a statistical
tool that makes future predictions in time series, incorporating exogenous factors that can
influence the time series [16].

Permanent monitoring and accurate forecasts are essential and are only possible when
reliable and complete time series are available. Considering that meteorological data
often contain gaps, it is necessary to fill these gaps before applying methods to perform
the forecasts.

Therefore, RF was used to complement data series, preserving their characteristics,
and subsequently, SARIMAX was used to project wind speed data for a 24-month horizon
at 50 conventional stations located in the Northeast region of Brazil. Finally, the monthly en-
ergy generated by the V80/2000, SWT-2.3-101 and S95/2100 wind turbines was calculated.
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Accordingly, the main contribution of this study lies in the integrated application
of a machine learning algorithm and a statistical modeling approach to perform data
imputation and subsequently project wind speeds over a 24-month horizon. The proposed
framework evaluates the model’s ability to produce reliable forecasts based on observed
data and enables the estimation of monthly energy generation for wind turbines using
wind speed data in conjunction with their respective power curves.

2. Methodology
2.1. Characterization of the Study Area

Located in the easternmost portion of South America, the Brazilian Northeast re-
gion borders the Atlantic Ocean. The region covers an area of 1,552,167.01 km2 and had
an estimated population of 57,112,096 in 2024 (Figure 1) [17].
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Figure 1. Location map of the Northeast Region of Brazil and the meteorological stations [18,19].

The regional climate is predominantly tropical along the coastline, while semi-arid
conditions prevail in inland areas, characterized by low rainfall and prolonged drought
periods. Another notable feature is the mean air temperature, which typically ranges
between 20 and 28 ◦C [20–22]. The Brazilian Northeast is strongly influenced by the South
Atlantic trade winds, which are persistent, stable, and highly favorable for wind energy
production [8].

2.2. Data Preparation

The set of observed data of wind speed (m/s), average air temperature (◦C), atmo-
spheric pressure (mb) and wind direction (◦) used in the present study was made available
by the National Institute of Meteorology (INMET). Data were collected from conventional
stations and complemented with data from automatic stations located throughout the
Northeast region (Figure 1). It should be noted that the beginning of the analyzed period is
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determined by the initial data made available by the station and the final period considered
was December 2024 or the last year of available data, with the last 24 months being used to
validate the forecasts.

Data from conventional stations often contain gaps; that is, there is a lack of informa-
tion in certain periods. Before applying the method for forecasting, it is essential to fill these
gaps. Initially, the data were tabulated, and gaps were identified. Subsequently, the data
from automatic stations were used to complement data from some conventional stations
and finally, the Random Forest Regressor technique was applied to fill in the missing data.

2.3. Data Analysis
2.3.1. Random Forest Regressor

The Random Forest Regressor is a machine learning technique widely adopted for
missing data imputation due to its ability to combine multiple decision trees, reduce
overfitting, and improve predictive accuracy compared to single-tree models [15]. The
method relies on random sampling of the training data and the construction of an ensemble
of decision trees, which has demonstrated robust performance across a wide range of
applications, including datasets with missing values.

Random Forest Regressor was trained using the Scikit-Learn library. Subsequently,
the Kolmogorov–Smirnov (KS) test was performed to compare the original and imputed
data, and the following evaluation metrics were applied: Mean Absolute Error (MAE)
(Equation (1)), Root Mean Squared Error (RMSE) (Equation (2)) and Mean Squared Error
(MSE) (Equation (3)):

MAE =
1
n∑n

i=1

∣∣xi − x′ i
∣∣, (1)

RMSE =

√
1
n∑n

i=n

(
xi − x′ i

)2, (2)

MSE =
n

∑
i=n

(
xi − x′ i

)2, (3)

where xi and x′ i represent the actual results and the expected results, respectively.
Kolmogorov–Smirnov is a statistical and non-parametric test that compares the dis-

tribution of two samples and evaluates the similarity between them [23]. The lower
the KS, the better the distribution fit. Evaluation metrics are understood as quantitative
measures aimed at evaluating the effectiveness and performance of learning models and
algorithms [24–26].

In addition to wind speed, the variables average air temperature, atmospheric pressure
and wind direction were considered as potential exogenous variables. However, their use
depended on the quality of the statistical performance in complementing the data.

2.3.2. Seasonal Autoregressive Integrated Moving Average with Exogenous Variables
(SARIMAX) Model

The SARIMAX model is employed when it is necessary to incorporate external factors
that influence the behavior of a time series [16]. Given the importance of including exoge-
nous variables in the wind speed forecasting process, SARIMAX was selected due to its
ability to explicitly integrate external predictors while accounting for seasonal patterns, all
with relatively low computational cost.

The SARIMAX model parameters were selected through systematic testing of differ-
ent parameter configurations and seasonal period combinations. In addition, multiple
training–testing splits were evaluated, and the final model was chosen based on a com-
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bined criterion incorporating RMSE together with the Akaike (AIC) and Bayesian (BIC)
information criteria.

The general form of the SARIMAX model is written as follows [16,27] (Equation (4)):

∅p(B)∅P
(

B S)(1 − B
)d(1 − BS)DYt = c + Xtβ + θq

(
B
)
θQBS)εt,. (4)

where Yt is the value of the dependent time series at time t; εt is the residual at time T;
B is the backshift operator (BYt = Yt−1); p, d and q are non-negative integers that denote
the order of the autoregressive model, the degree of differentiation, and the order of the
moving average model, respectively. In turn, S is the number of periods in each season;
P, D, and Q are the autoregressive, differential, and moving average terms for the seasonal
part, respectively. In addition, ∅ and θ are autoregressive and moving average coefficients,
and β represents how much the exogenous variable ( Xt) influences the time series.

In each of the 50 stations located in the Northeast region of Brazil, the wind speed
forecasts for 24 months were divided into training and test sets, in three distinct proportions:
80/20, 70/30 and 60/40. Air temperature was considered to be an exogenous variable;
in this case, the model performs the tests with and without temperature, providing both
results. Then, the results are compared to check which is the best.

Some metrics were used in the evaluation of the model. The Akaike information
criterion (AIC) (Equation (5)) and the Bayesian information criterion (BIC) (Equation (6))
were used in conjunction with RMSE to select the best SARIMAX model. Thus, the model
sought to minimize error, in addition to avoiding great complexity.

AIC = 2(k)− 2ln (L), (5)

BIC = (K)ln(N)− 2ln (L), (6)

where k is the number of model parameters, ln (L) is the log-likelihood of the model in the
data, and N is the sample size [28].

AIC and BIC are used to analyze the fit of the model. AIC is applied with the purpose
of identifying the best model regardless of the size of the sample set. In turn, BIC aims
to determine the most accurate model considering the sample size. Both penalize the
number of parameters in the model in order to avoid overfitting, but BIC does that more
rigorously [28].

In addition, it was decided to use the last 24 months of observed data to evaluate and
validate the forecasts, as well as the following evaluation metrics: Mean Absolute Error
(MAE) (Equation (1)), Root Mean Squared Error (RMSE) (Equation (2)), Mean Squared
Error (MSE) (Equation (3)), Mean Absolute Percentage Error (MAPE) (Equation (7)), Mean
Absolute Scaled Error (MASE) (Equation (8)) and Nash–Sutcliffe Efficiency Coefficient
(NS) (Equation (9)).

MAPE =
1
n∑n

i=1

∣∣∣∣ xi − x̂i
xi

∣∣∣∣ . 100, (7)

MASE =
1
n∑n

i=1

∣∣∣∣∣ xi − x̂i
1

n−1 ∑n
i=2|xi − xi−1|

∣∣∣∣∣ . 100, (8)

NS = 1 −
∑n

i=1

(
vobs − vadj

)2

∑n
i=1

(
vobs −

↼
v obs

)2
, (9)

where xi and x′i represent the actual results and the predicted results, respectively, n is the
number of observations, and

↼
v obs is the average of the observed time series.

https://doi.org/10.3390/wind6010009

https://doi.org/10.3390/wind6010009


Wind 2026, 6, 9 6 of 18

MAE averages the observed series and the predicted series in order to show the mean
absolute errors of the set. In turn, RMSE represents the squared difference between the
time series and the predicted series. This metric provides a measure of error dispersion by
emphasizing the magnitude of errors [24,25]. MSE represents the average of the squared
differences between observed and predicted values. The lowest values point to a high
performance of the predicted values [29,30].

MAPE expresses the mean percentage error between the predicted values and the
observed values, and is applied to evaluate the performance of the models. If the ob-
served value is very low, any discrepancy can cause MAPE to yield very high results [24],
while MASE adjusts for scale differences between datasets by normalizing errors against
a reference parameter, such as the mean absolute error of a naïve forecast. It provides
a consistent metric for comparing forecasting performance across different time series [31].

NS is usually applied to quantify the quality of the time series. This coefficient can
vary from −∞ to 1, and the closer to 1, the better [24]. According to the NS interpre-
tation scale, values greater than 0.75 indicate good model performance, values ranging
from 0.36 to 0.75 indicate acceptable performance, and values below 0.36 are regarded as
unacceptable [24].

2.4. Logarithmic Extrapolation

As wind speed data from INMET’s conventional stations are measured at a height
of 10 m, they must be extrapolated to the approximate hub height of wind turbines. In
this study, a hub height of 100 m was adopted. According to Monin–Obukhov similarity
theory [32], the most accurate wind speed extrapolation methods are those that account
for atmospheric stability. Furthermore, Drechsel et al. [33] demonstrated that logarithmic
extrapolation to a 100 m hub height provides a reliable and accurate approach.

Wind speed was extrapolated according to Equation (10):

W100 = W10
log z

zo

log
zre f
zo

, (10)

where W100 is the wind speed extrapolated to 100 m height, W10 is the observed wind speed
at 10 m, z is the height to which the wind speed is being extrapolated (in this case, 100 m),
zo is the terrain roughness coefficient, and zre f is the reference height (in this case, 10 m).

2.5. Calculation for Generated Electricity

After projecting the data for 24 months, the average monthly wind speed was calcu-
lated. Then, together with the power curve of the wind turbine, it was possible to calculate
the electricity generated for each location. Table 1 presents the technical specifications of
the wind turbine models studied: V80/2000, SWT-2.3-101 and S95/2100 [34].

Table 1. Technical specifications of the wind turbines used in this study.

Wind Turbines

V80/2000 SWT-2.3-101 S95/2100

Manufacturer Vestas Siemens Suzlon

Rated Power 2000 kW 2300 kW 2100 kW

Rotor Diameter 80 m 101 m 95 m

Hub Height 100 m 100 m 100 m
Source: The Wind Power [34].
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Figure 2 illustrates the power curves of each wind turbine. The minimum speed at
which the wind turbine generates electricity is 3.5 m/s, 3 m/s, and 2.5 m/s in the V80/2000,
SWT-2.3-101, and S95/2100 models, respectively. The rated power is 2000 kW (V80/2000),
2300 kW (SWT-2.3-101) and 2100 kW (S95/2100).
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The wind turbines of the V80/2000, SWT-2.3-101 and S95/2100 models had different
cut-out speed limits. V80/2000 has a cut-out speed of 25 m/s, while SWT-2.3-101 operates
with a cut-out speed of 20 m/s, and finally, S95/2100 has a cut-out speed of 16 m/s [34].

The electricity generated was calculated using the turbine power curve and the
monthly wind speed in each station, following Equation (11) [35]:

Ew = ∑N
i=1 PwUi(∆t) (11)

where Ew is the amount of electricity generated by the turbine (kWh); Pw is the turbine
power (kW) corresponding to each wind speed; Ui is the wind speed (m/s) in the time
interval ∆t.

3. Results and Discussion
3.1. Data Filling with Random Forest

The performance of the estimated wind energy generation potential, derived from
data imputation using the Random Forest algorithm, was assessed using the RMSE, MSE,
and MAE metrics (Table 2).

Table 2. Results of the evaluation metrics.

RMSE MSE MAE

Average air temperature 0.20 to 0.29 0.04 to 0.08 0.16 to 0.23

Average wind speed 0.01 to 0.05 0.0001 to 0.002 0.007 to 0.04

Wind direction 0.06 to 0.19 0.003 to 0.04 0.04 to 0.12

Atmospheric pressure 8.85 to 10.57 78.28 to 111.76 7.05 to 8.45

The results obtained for average air temperature, average wind speed and wind
direction indicated that the errors between the observed values and the values imputed
by the model were low, showing that the Random Forest method was efficient for these
variables (Table 2).

The strong performance of the Random Forest algorithm in imputing average air
temperature, wind direction, and mean wind speed is consistent with the findings of Tang
and Ishwaran [36], who reported that this approach outperforms traditional imputation
techniques such as k-nearest neighbors (KNN).

On the other hand, for atmospheric pressure, RMSE ranged between 8.85 and 10.57,
MSE between 78.28 and 111.76, and MAE between 7.05 and 8.45. The amplitude of
errors was high, showing that there may be a discrepancy between imputed data and
observed data.

The KS test compares the imputed data with the distribution of the observed data.
The average temperature and average wind speed parameters showed satisfactory results,
demonstrating that the imputation was efficient.

The KS test was applied to check whether the observed values and the imputed values
showed a similar distribution. For the average air temperature, the results of the statistical
KS test showed values from 0.03 to 0.09, with a p-value between 0.98 and 0.03. For the
average wind speed, the statistical KS test ranged between 0.02 and 0.07 and the p-value
between 0.07 and 1.00.

The p-values closest to 1 indicated that there is no difference between the distributions;
i.e., the model was able to capture the statistical behavior of the data, and the imputation
was similar to the observed data. In turn, some values were slightly below 0.05, but
remained close to this value. These results below the threshold of 0.05 may indicate that, in
some cases, there may be a certain difference between the sets. According to Andrade [37],
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the p-value provides a measure of data compatibility with the null hypothesis, but it should
not be used alone.

On the other hand, the results of the KS test for the wind direction and atmospheric
pressure parameters indicated that the imputation was not done properly. The results of
the statistical KS test ranged from 0.10 to 0.51 for wind direction and from 0.31 to 0.42 for
atmospheric pressure, while in the p-value, the results were extremely low, ranging from
1.9 × 10−79 to 0.001 for both parameters. These results showed that there are predomi-
nantly statistically significant differences between the distributions of the observed and
imputed data.

The results of the KS test showed that the data complementation adequately repro-
duces the wind speed and average air temperature distribution. However, the performance
for atmospheric pressure and wind direction is inferior. The poor imputation performance
for atmospheric pressure and wind direction can directly affect the quality of the forecasts,
as it can generate inaccuracies in the results when applying the SARIMAX model. In turn,
the positive performance for the average wind speed and average air temperature variables
can contribute to preserving the characteristics of the time series.

After imputation of the missing data and analysis of the statistical results, only vari-
ables with satisfactory performance were used as exogenous variables for the wind speed
forecasts in the model. The variables wind direction and atmospheric pressure were dis-
carded due to unsatisfactory imputation performance, evidenced by significant differences
between the observed and imputed distributions.

Accordingly, only the mean air temperature was selected as an exogenous variable
in the model. This choice was not based solely on the satisfactory performance of the
data imputation process, but also on the well-established physical relationship between
air temperature and wind formation. Thermal gradients induce variations in air density
and pressure, which act as primary drivers of atmospheric circulation and, consequently,
modulate wind variability [38].

3.2. Results of Forecasts for 24 Months

The results were analyzed by interpreting the values of the metrics used to evaluate
the performance of the model in the 50 stations of Northeastern Brazil.

In most seasons, the model showed reliable and consistent performance. The MAE,
MSE, RMSE, and MASE values were predominantly less than 1, indicating low error and
low deviation from the projected data. These results demonstrated that the model is capable
of making good predictions of the data.

Regarding MAPE, the value for most stations was lower than 22%, indicating
a relatively low mean error, demonstrating the model’s ability to reproduce future data
from the observed data. In the specific case of the Seridó station, this result was 34%.

In turn, NS values showed variability between stations, although the values were
greater than 0.36 in most of them.

It is worth pointing out that in the São Gonçalo, Barra and São Luís stations, NS values
were high, equal to 0.76, 0.75 and 0.72, respectively, while in Paulistana, its value was
0.67 (Figure 3).

In the Floriano and Turiacu stations, NS showed high values of 0.75, while in the
Fortaleza, Propriá and Luzilândia stations, NS reached values above 0.80, being 0.81 in the
Fortaleza and Luzilândia stations and 0.84 in the Propriá station.

These results demonstrated that the model is capable of making reliable predictions
close to the observed values. It is noticeable that there is a good correspondence between the
series of observed data and projected data, demonstrating the model’s ability to reproduce
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the temporal dynamics of these stations. This indicates that the model is capable of properly
reproducing the series.

Although the model showed satisfactory results, there was a slight underestimation of
the forecasted data in the Areia, Floriano, Seridó and Turiacu stations (Figure 4).
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Figure 3. Performance of the average wind speed forecasts for the stations of São Gonçalo, Barra,
Paulistana and São Luís for two consecutive years.
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Figure 4. Performance of the average wind speed forecasts for the stations of Areia, Floriano, Seridó
and Turiacu for two consecutive years.
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For several stations, visual inspection indicates close agreement between the observed
and forecasted time series over the analyzed months, although in some cases the model
exhibits difficulty in fully capturing short-term oscillations. Periods characterized by higher
irregularity reveal limitations in reproducing sharp peaks or abrupt drops. Nevertheless,
the model demonstrates overall good forecasting performance, as illustrated in Figure 5.
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Figure 5. Performance of average wind speed forecasts for the stations of Porto de Pedras, Quixer-
amobim, Bom Jesus da Lapa and Barra do Corda for two consecutive years.

Although some stations presented Nash–Sutcliffe (NS) values lower than 0.36, the
evaluation of the model performance was not restricted to the NS index alone. The assess-
ment also considered the results of the other evaluation metrics employed, in addition to
a graphical comparison between observed and predicted time series.

For the stations of Ceará Mirim, Chapadinha, Patos, Vitória da Conquista, Zé Doca,
Caravelas, Morro do Chapéu, and Pão de Açúcar, the model adequately captures the
seasonal behavior, showing close agreement between observed and forecasted data and
a general ability to reproduce the temporal oscillations. Nevertheless, the model exhibits
limitations in accurately representing peak values, as increased variability poses challenges
to peak prediction (Figure 6).

In the Arco Verde, Balsas, Cipó and Imperatriz stations, the model’s performance was
unsatisfactory, with NS below 0.36, although the percentage error was between 7% and
19%. In these stations, the model had difficulty reproducing the seasonality of the data. In
the Balsas and Cipó stations, the forecast line is virtually linear.

In Arco Verde, the model had difficulty reaching the abrupt peaks, and in Imperatriz
the model managed to remain coherent in the first twelve months, but the abrupt change in
the data limited its performance (Figure 7).
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Figure 6. Performance of average wind speed forecasts in two consecutive years for stations that can
reproduce the characteristics of the data despite NS less than 0.36.
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Figure 7. Performance of average wind speed forecasts for the stations of Arco Verde, Balsas, Cipó
and Imperatriz.
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The results obtained in this study were compared with those reported by
Camelo et al. [24,25,39] who applied hybrid modeling approaches to wind speed fore-
casting at selected locations in Northeast Brazil. Those studies reported relatively low
forecasting errors, with MAPE values of 8.03% for Fortaleza, 7.15% for Natal, and 10.10%
for Parnaíba [24]. In contrast, the present study yielded MAPE values ranging from 11% to
21% at the same stations. Similarly, Nascimento et al. [25] reported low MAPE values for
Fortaleza, Parnaíba, and Natal.

Regarding the NS efficiency, the values obtained in this study were 0.81 for Fortaleza
and 0.41 for Natal. By comparison, Camelo et al. [24] and Camelo et al. [25] reported NS
values exceeding 0.80, with values of up to 0.86 for Fortaleza and 0.79 for Natal. These
differences in performance may be attributed to variations in modeling strategies, the use
of hybrid approaches, local atmospheric characteristics, and differences in data availability
and preprocessing procedures, all of which can significantly influence wind forecasting
accuracy across regions.

3.3. Potential of Electricity Generated

Monthly electricity generation was estimated using power-curve-based calculations
for three wind turbine models (V80/2000, SWT-2.3-101, and S95/2100) combined with
24-month wind speed time series forecasts produced by the SARIMAX model. This ap-
proach enabled the estimation of future electricity generation at multiple stations dis-
tributed across Northeast Brazil.

At the Água Branca and Natal stations, monthly mean wind speed values exceeded
8 m/s in certain months. These values are comparatively high when contrasted with those
reported for several regions in Europe and the United States [40].

At most of the analyzed stations, the mean monthly wind speed exceeds 3.5 m/s.
Considering the power curve characteristics of each turbine, these conditions indicate
satisfactory potential for electricity generation using the V80/2000 turbine as well as the
SWT-2.3-101 and S95/2100 wind turbine models.

When analyzing the power of the wind turbines (Figure 2), it was observed that,
although SWT-2.3-101 had the highest rated power, the average winds forecasted for the
24-month period did not exceed 7 m/s. In this case, the S95/2100 wind turbine will
generate power sooner and more efficiently than the others.

At some stations, wind speed exhibits pronounced seasonal variability, with peri-
ods in which values fall below the turbines’ cut-in speed, preventing electricity gener-
ation, and other periods during which wind speeds reach levels suitable for effective
energy production.

Feng [41] used climate models and analyzed global wind generation capacity consider-
ing climate change scenarios. According to the author, South America is expected to show
a scenario of low wind yield over time in scenarios of low, medium and high emissions.

In the present study, the stations of Arco Verde, Barra, Barra do Corda, Chapadinha,
Correntina, and Floriano exhibited consistently low wind speed values, limiting electricity
generation to only a few months of the year. At these locations, mean monthly wind speeds
were generally below 3 m/s. Consequently, among the wind turbine models analyzed,
only the S95/2100 turbine would be capable of producing electricity, given its lower cut-in
speed of 2.5 m/s, at which power generation begins.

At the Bacabal, Balsas, Bom Jesus da Lapa, Colinas, João Pessoa, Palmeira dos Índios,
and Salvador stations, mean monthly wind speeds remain below 2.5 m/s, rendering them
insufficient for electricity generation using the wind turbines evaluated in this study.

Andrade et al. [35] calculated the electricity generated with data from the Patos and
São Gonçalo stations, located in the state of Paraíba, using the wind turbine model SG
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3.4–132 for a height of 84 m. The authors observed significant positive trends for wind
speed and electricity generation in São Gonçalo, but pointed out that the SG 3.4–132 model
is not the most appropriate, since the annual averages of wind speed at the height of the
wind turbine do not reach its rated speed. In the present study, at 100 m and applying
three models of wind turbines (V80/2000, SWT-2.3-101 and S95/2100) the São Gonçalo
station shows relatively low values of average monthly wind speed, but it is still possible
to generate electricity, especially for the S95/2100 model, whose cut-in speed is 2.5 m/s
and rated speed is 11.5 m/s.

Regarding the Patos station, Andrade et al. [35] also highlighted the increase in wind
power generation and an average wind speed of 7 m/s. In the present study, at 100 m
height, the wind speed values in the Patos station oscillate over the months; despite that, the
conditions of the wind resource are favorable for electricity generation using the V80/2000,
SWT-2.3-101 and S95/2100 turbines.

It is important to emphasize that the estimation of the energy generation potential
does not account for wake effects between wind turbines, assumes a fixed hub height
of 100 m, and does not consider turbine downtime due to maintenance or potential grid
constraints. Consequently, the values reported in this study represent an upper-bound,
theoretical estimate of wind energy potential, and the actual realizable potential is likely to
be lower.

4. Conclusions
This study integrated observed data from 50 conventional meteorological stations us-

ing the Random Forest algorithm for data imputation and subsequently produced 24-month
wind speed forecasts employing the SARIMAX model. A comprehensive set of evalua-
tion metrics was used to assess both the imputation quality and forecasting performance.
The results indicate that the data completion approach was effective for air temperature
and wind speed, as evidenced by MAE, MSE, RMSE, and the Kolmogorov–Smirnov test,
whereas limited performance was observed for atmospheric pressure and wind direction.
Forecasting performance was further evaluated using MAE, MSE, RMSE, MASE, MAPE,
and Nash–Sutcliffe efficiency.

For air temperature and wind speed, low MAE, MSE, and RMSE values indicate high
agreement and precision relative to the observed data. The KS test also showed that the
values did not represent significant differences between the distributions. These results
showed that data complementation using Random Forest was successful. On the other
hand, for atmospheric pressure and wind direction, the results of MAE, MSE and RMSE
were satisfactory, but the KS test showed significant differences between the observed and
imputed data. Although the absolute error was low, the distribution of imputed data differs
significantly from that of the original data, demonstrating a limitation. Thus, it was decided
to use only the average air temperature as an exogenous variable in the forecast of average
wind speed data.

The forecast evaluation metrics indicated satisfactory MAE, MSE, and RMSE values.
In general, the MASE metric also demonstrated good performance across all stations.
MAPE values ranged from 6% to 40%, while the Nash–Sutcliffe efficiency exhibited greater
variability, though remaining within acceptable levels for most stations.

In general, the results achieved with the application of the SARIMAX model showed
satisfactory performance, as the patterns in most stations are reproduced. In addition, the
metrics are predominantly within the expected limits, although reproducing seasonality
peaks is difficult in some stations and the results deviate from the data observed over the
24 months in some periods.
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It should be noted that the metrics should not be analyzed separately, as each one
represents a performance aspect in the model. Therefore, it is essential that the evaluation
be carried out jointly for greater reliability of the results; in addition, joint analysis of the
metrics is essential to observe the strengths and limitations of the model in each station.

By integrating the power curves of the V80/2000, SWT-2.3-101, and S95/2100 wind
turbines with SARIMAX-based forecasts of mean monthly wind speed, this study demon-
strates that wind conditions at most of the analyzed stations are suitable for electricity
generation using any of the three turbine models. Among them, the S95/2100 turbine
shows the broadest applicability due to its lower cut-in wind speed, making it particularly
advantageous for sites characterized by moderate or highly variable wind regimes. These
findings provide useful insights for wind energy planning and turbine selection, especially
in regions with heterogeneous wind resources such as Northeast Brazil.
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Abbreviations
The following abbreviations are used in this manuscript:

ABEEólica Brazilian Wind Energy Association
AI Artificial Intelligence
AIC Akaike information criterion
BIC Bayesian information criterion
GWEC Global Wind Energy Council
INMET National Institute of Meteorology
IPCC Intergovernmental Panel on Climate Change
KS Kolmogorov–Smirnov
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MASE Mean Absolute Scaled Error
MSE Mean Squared Error
NS Nash–Sutcliffe Efficiency Coefficient
RF Random Forest
RMSE Root Mean Squared Error
SARIMAX Seasonal AutoRegressive Integrated Moving Average with eXogenous variables
Symbol Description
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B Backshift Operator
◦C Average Air Temperature
Et Residual at Time t
Ew Amount of Electricity Generated by the Turbine
GW Gigawatts
kWh Kilowatt-hour
ln (L) log-likelihood of the model in the Data
mb Atmospheric Pressure
m/s Meters per second
N Sample Size
n Number of Observations

p, d, q
Non-Negative Integers that Denote the Order of the Autoregressive Model, the
Degree Of Differentiation, and the Order of the Moving Average Model, Respectively

P, D, Q
The Autoregressive, Differential, and Moving Average Terms for Tte Seasonal Part,
Respectively

Pw Turbine Power
Ui Wind Speed (m/s) in the Time Interval ∆t
vobs Average of the Observed Time Series
W10 Observed Wind Speed at 10 m
W100 Wind Speed Extrapolated to 100 m Height
xi Actual Results
x′i Expected Results
yt Value of the Dependent Time Series at Time t
z The Height to Which the Wind Speed is Being Extrapolated
zo The Terrain Roughness Coefficient
zre f Reference Height
∅ and θ Autoregressive and Moving Average Coefficients
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