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The growth of wind energy generation as a renewable source in the transition to sustainable energy poses 
significant challenges in ensuring reliable production forecasting due to the intermittent nature of wind resources. 
The implementation of advanced forecasting models has become a priority to optimize its integration into 
the power grid and ensure the stability of the energy supply. This study focuses on improving wind energy 
predictions through the use of advanced machine learning techniques. The methodology includes a detailed 
analysis of different forecasting time horizons, sampling rates, and exogenous variable configurations, comparing 
traditional models such as SARIMAX, XGBoost, and LSTM neural networks with hybrid approaches. Furthermore, 
performance metrics such as R2, MAE, RMSE and MAPE are evaluated to assess the accuracy and reliability of 
the proposed models. The results demonstrate that the selection of the optimal model depends on the forecasting 
horizon, data granularity, and available resources, maximizing precision and efficiency for each scenario.

1. Introduction

In response to climate change and the urgent need to reduce green

house gas emissions, the transition toward a sustainable energy model is 
advancing by leaps and bounds. In this context, wind power has become 
firmly established as one of the most promising renewable sources, due 
to its ability to produce clean and efficient electricity [1]. Generated by 
wind turbines that convert the kinetic energy of the wind into electri

cal energy, wind power has shown remarkable growth in both onshore 
and offshore installations, supplying large populations and reducing de

pendence on fossil fuels. However, the large-scale integration of wind 
energy into modern electrical grids poses challenges related to the inher

ent variability of wind and the need to ensure the stability and reliability 
of the power supply.

Technological advances and policies incentivizing carbon neutrality 
[2] have driven the rapid incorporation of wind farms into the energy 
mix. Nevertheless, the intermittent and sometimes unpredictable nature 
of wind makes balancing energy supply and demand more difficult [3]. 
Hence the importance of accurate short- and medium-term wind power 
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forecasts for improving resource planning, grid operation, and partici

pation in energy markets [4]. A reliable forecast can help reduce opera

tional costs associated with activating backup reserves, energy storage, 
and demand management. Likewise, minimizing imbalances in energy 
delivery helps avoid financial penalties and strengthens grid stability, 
paving the way for greater integration of renewable sources and the 
gradual reduction of fossil fuels [5--7].

In this context, machine learning (ML) provides powerful tools to 
address these challenges, as the analysis of historical data makes it pos

sible to identify patterns in wind behavior that are difficult to detect 
using traditional methods, allowing more accurate wind power fore

casts. Furthermore, ML is applied in other areas, such as early fault 
detection in wind turbines by analyzing vibration and sensor data, op

timizing predictive maintenance to minimize downtime, and improving 
energy storage management [8], thus contributing to maintaining oper

ational efficiency without compromising the system’s sustainability or 
stability. Despite these advances, most studies have focused on data im

provements (for example, through filtering or imputing missing values) 
and on developing increasingly complex ML architectures, leaving rel
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atively unexplored the effect of sampling frequency on forecast model 
performance. This factor is crucial because data granularity can affect 
both the quality of captured patterns and the computational complex

ity required to process them [9]. A sampling interval that is too large 
could overlook significant wind fluctuations, whereas one that is too 
short could overload the system with redundant information and in

crease computing time.

To address these limitations, this work makes two main contribu

tions. First, it proposes a hybrid model that combines a noise filter, an 
LSTM (Long Short-Term Memory) network—a type of recurrent neu

ral network designed to retain relevant information over extended se

quences and mitigate the vanishing gradient problem—and the XGBoost 
(eXtreme Gradient Boosting) algorithm, a tree-based machine learning 
method. The filter reduces the effect of spurious data, the LSTM captures 
long-range temporal patterns, and XGBoost provides the final optimiza

tion of the prediction, leveraging the features identified in earlier stages. 
Second, it rigorously examines the role of data granularity in forecast ac

curacy by evaluating different sampling frequencies to determine their 
impact on model performance.

To validate the effectiveness of the proposed approach, the results 
of the hybrid model are compared to two methods widely employed in 
industry and research: SARIMAX (Seasonal AutoRegressive Integrated 
Moving Average with eXogenous variables), which accounts for trends 
and seasonality, and XGBoost (eXtreme Gradient Boosting). Addition

ally, the influence of exogenous variables—particularly wind speed and 
the power curve—on forecast accuracy is investigated, and the compu

tational time required by each model is analyzed, a critical factor in 
determining the feasibility of real-world applications where both com

puting speed and predictive reliability are essential.

The overall structure of this work begins with a review of recent ap

proaches in the field of wind energy forecasting, highlighting the main 
methodologies and the areas still open for exploration. This is followed 
by a description of the methodological framework and resources used, 
detailing both the selected machine learning models and the origin and 
characteristics of the datasets. Subsequently, the preprocessing and ex

ploratory data analysis steps are presented, emphasizing the strategies 
used to enhance data quality. The main body of the study discusses the 
practical implementation of the proposed models, addressing issues such 
as temporal granularity, the inclusion of exogenous variables, and com

putational cost, and then presents and analyzes the results obtained. 
Finally, the conclusions summarize the key contributions of the research 
and propose possible directions for future work.

2. Related works

The literature on wind energy forecasting shows an evolution from 
traditional approaches to more advanced and combined techniques. The 
first approaches were based on physical methods, supported by numer

ical weather prediction models that simulate atmospheric dynamics. 
Subsequently, classical statistical time series methods (e.g., ARIMA, au

toregressive models) gained ground to capture historical wind patterns. 
In recent years, artificial intelligence methods have emerged, including 
machine learning (decision trees, SVM, etc.) and deep learning (neural 
networks). Hanifi et al. (2020) present a critical review of these ap

proaches, classifying them into physical, statistical (both linear models 
and artificial neural networks) and hybrid categories, and analyzing the 
factors that affect the accuracy and computational cost of each method 
[10]. This overview reveals that no methodology is universally supe

rior; rather, each has strengths and weaknesses depending on the time 
horizon and the complexity of the data considered.

Various studies have emphasized the importance of data preprocess

ing to improve prediction quality. Liu and Chen [11] offer an exhaustive 
review of seven data processing strategies applied to wind forecasting, 
which include decomposing the time series into components of different 
frequencies, selecting and extracting relevant features, eliminating noise 
and outliers, and incorporating exogenous variables. These techniques 

aim to address the high variability and non-stationarity inherent in the 
wind. For example, decomposition using wavelet transforms or EMD 
allows the separation of long-term trends from high-frequency fluctua

tions, enabling models to focus on more stable patterns [11]. Similarly, 
variable selection through correlation analysis or specialized algorithms 
eliminates redundancies, while the integration of exogenous predictors 
(such as outputs from physical meteorological models) enriches the 
available information for statistical or learning models [10,11]. Beyond 
filter/wrapper methods, hybrid metaheuristics have shown strong re

sults for feature selection; for example, a Sine-Cosine + Dipper-Throated 
hybrid reported robust performance across diverse datasets with statis

tical tests confirming gains [12]. Overall, preprocessing has become a 
crucial step in increasing the accuracy of wind energy forecasting mod

els.

Regarding modeling methodologies, the recent trend combines ma

chine learning and deep learning approaches with traditional tech

niques, giving rise to hybrid models. A notable example is that of Mo

hapatra et al. [13], who propose a hybrid model that integrates an 
ARIMA with a Kalman filter and an LSTM neural network. This com

bination seeks to take advantage of ARIMA’s ability to capture linear 
and seasonal patterns, the strength of the Kalman filter in smoothing 
noise in the signal, and the power of LSTM to capture non-linear re

lationships and long-term dependencies [13]. Similarly, Du [14] intro

duces a novel hybrid system for short-term prediction, integrating multi

ple complementary algorithms—including decomposition and learning 
techniques—to improve the stability and accuracy of predictions [14]. 
On the other hand, gradient boosting algorithms have shown compet

itive results when adapted to time series: for instance, the application 
of XGBoost to wind forecasting easily incorporates exogenous variables 
and captures complex non-linear relationships, provided that the data is 
properly restructured and rigorous temporal validation is used [15]. The 
versatility of neural network architectures for time series prediction ex

tends across multiple domains, demonstrating their broad applicability 
beyond wind energy forecasting. As an illustrative example, [16] em

ploys a model based on Soft GRU recurrent neural networks to predict 
traffic congestion in smart cities, utilizing deep learning techniques to 
improve prediction accuracy, optimize traffic flow, and support urban 
management systems, achieving superior performance compared to tra

ditional and previous deep learning approaches. Within the spectrum of 
deep-learning architectures, attention-enhanced generative models have 
emerged as a particularly effective approach for wind forecasting appli

cations. A notable advancement in this domain is presented by Harrou 
et al., who developed a self-attentive variational autoencoder (SA-VAE) 
specifically designed for short-term wind power prediction. Their com

prehensive evaluation on real turbine datasets demonstrated substantial 
and consistent performance improvements compared to conventional 
recurrent neural network architectures (RNN/LSTM/GRU) as well as 
standard VAE implementations, highlighting the superior capability of 
attention mechanisms in capturing complex temporal dependencies in

herent in wind data [17]. In general, these artificial intelligence-based 
approaches have outperformed purely statistical methods in many cases, 
although their performance depends on careful calibration and the qual

ity of the applied preprocessing.

However, most existing studies suffer from significant limitations 
that have been critically analyzed. A common problem is overfitting: 
complex learning models (especially deep networks) can overfit the 
training data, achieving minimal errors in historical tests but losing 
their generalization capability [10]. This is linked to the dependence 
on hyperparameters: small changes in the model configuration (number 
of neurons, tree depth, learning rates, etc.) can significantly alter the 
outcome, and many studies do not exhaustively explore this hyperpa

rameter space, raising doubts about the robustness of their conclusions. 
Moreover, issues of replicability and comparability arise: different au

thors employ different datasets and prediction horizons, often without 
publishing code or fully describing their validation procedures, making 
independent reproduction of the results difficult [11]. A critical aspect 
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rarely examined is the temporal sampling of the data. The frequency at 
which wind data is recorded and how the training/test sets are divided 
can significantly influence the evaluation of the models; however, most 
works treat this aspect marginally or assume it to be fixed. Effenberger 
et al. [9] highlight this issue by systematically examining how tempo

ral resolution affects long-term predictions: their study shows that using 
data aggregated in overly broad intervals (e.g., daily or monthly aver

ages) distorts the actual distribution of wind speeds and exacerbates 
power prediction errors, whereas more frequent sampling (for example, 
instantaneous values every 3--6 hours) adequately preserves the vari

ability necessary for reliable forecasts [9]. This finding underscores the 
importance of considering sampling as an integral part of experimental 
design, something that most previous research has not addressed with 
sufficient rigor.

3. Methodology and resources

3.1. Resources and data description

The dataset used in this study comes from the Kelmarsh wind farm, 
located in the UK, and is publicly available through Zenodo [18]. It in

cludes data from six Senvion MM92 turbines, each with a rated power of 
2.05 MW, a rotor diameter of 92.5 meters, and a hub height of 100 me

ters. The dataset comprises high-resolution SCADA (Supervisory Control 
and Data Acquisition) information recorded every 10 minutes, collected 
from 2016 to mid-2021. It contains key operational parameters such as 
wind speed, generated power, turbine status indicators, ambient temper

ature, and rotor speeds. In addition, it includes static information such as 
turbine coordinates, technical specifications, site substation data, and, 
where available, data from the fiscal meter.

During the pre-processing stage, the variables in the dataset were 
categorized into two groups: turbine-specific variables and external en

vironmental variables. Turbine-specific variables, such as rotor speeds, 
nacelle positions, and turbine status indicators, reflect the internal op

erational state of each turbine and are essential for performance mon

itoring and maintenance diagnostics. These variables focus primarily 
on the internal conditions of the turbine rather than on external fac

tors that influence power generation. However, external variables such 
as wind speed, wind direction, and ambient temperature directly affect 
the amount of power generated, as they determine the available kinetic 
energy for conversion [4]. In this analysis, wind speed, wind direction, 
and ambient temperature were selected as key exogenous variables to 
predict generated power, given their significant impact on variations in 
wind energy generation.

3.2. Machine learning approaches

The choice of a prediction model fundamentally depends on the na

ture of the data and the specific objectives of the analysis. In this case, 
the data pertain to time series related to wind energy prediction, which 
implies working with time-structured information and significant tem

poral dependencies. In the following, the theoretical foundation of the 
selected models and their applicability to time series analysis is pre

sented, along with the reasons that justify their selection.

SARIMAX (Seasonal AutoRegressive Integrated Moving Average with eXoge

nous regressors)

The SARIMAX model combines several components to enhance its 
predictive capabilities. The autoregressive (AR) component captures the 
influence of past values on current observation, allowing the model 
to identify patterns where the present output depends on its histor

ical values. The integration (I) component is employed to eliminate 
non-stationarity by transforming the series into one where statistical 
properties such as mean and variance remain constant over time. Mov

ing average (MA) terms focus on modeling past prediction errors and 

smoothing out random fluctuations to provide more stable forecasts 
[19].

To handle seasonality, SARIMAX incorporates periodic adjustments 
through seasonal AR, differentiation and MA terms, denoted as 𝑃 , 𝐷, 
and 𝑄, respectively, which allow the model to capture repetitive pat

terns occurring within a defined seasonal cycle of length 𝑠. An important 
enhancement in SARIMAX is the inclusion of exogenous variables (𝑋𝑡), 
enabling the model to integrate external data sources that influence the 
target variable. These exogenous inputs can include time-dependent fac

tors that provide additional context, such as meteorological data for 
wind energy forecasting, macroeconomic indicators for financial mod

els, or other domain-specific factors. The SARIMAX model is defined by 
the following equation:

Φ𝑃 (𝐿𝑠)𝜙𝑝(𝐿)(1 −𝐿𝑠)𝐷(1 −𝐿)𝑑𝑌𝑡 =Θ𝑄(𝐿𝑠)𝜃𝑞(𝐿)𝜖𝑡 + 𝛽𝑋𝑡 (1)

Here:

• 𝜙𝑝(𝐿) and 𝜃𝑞(𝐿): Non-seasonal AR and MA polynomials, respec

tively.

• Φ𝑃 (𝐿𝑠) y Θ𝑄(𝐿𝑠): Seasonal AR and MA polynomials with delay 𝑠.
• (1−𝐿)𝑑 y (1−𝐿𝑠)𝐷 : Differencing operators applied to achieve sta

tionarity in the non-seasonal and seasonal components.

• 𝛽𝑋𝑡: Represents the effect of the exogenous variables.

• 𝜖𝑡: The error term that captures the residuals unexplained by the 
model.

To effectively implement a SARIMAX model, it is essential to opti

mize the following parameters:

• Non-seasonal components: 𝑝 (autoregressive), 𝑑 (differencing), 𝑞
(moving average).

• Seasonal components: 𝑃 (seasonal autoregressive), 𝐷 (seasonal dif

ferencing), 𝑄 (seasonal moving average), and 𝑠 (length of the sea

sonal period).

• Exogenous variables (𝑋𝑡): These should be carefully selected based 
on their relevance and influence on the target time series.

SARIMAX is employed for its ability to simultaneously handle sea

sonality, non-stationarity, and the influence of external factors within a 
time series. This makes it particularly useful in contexts where the se

ries exhibit regular cycles and are affected by external variables, as is the 
case with wind energy. Its flexibility allows the capture of complex pat

terns in the data, providing a robust and effective model for predictive 
analysis.

XGBoost (eXtreme Gradient Boosting)

XGBoost is a supervised learning algorithm based on the gradient 
boosting method, an ensemble technique that builds multiple models, 
typically decision trees, in a sequential manner [20]. In each iteration, 
the new model is trained to correct the errors made by the previous mod

els, thereby progressively improving the prediction accuracy. Its design 
is optimized for speed and performance, making it a highly efficient tool 
for handling large datasets and high-dimensional problems. The model 
makes predictions by adding functions from a set of decision trees. The 
general equation is:

𝑦̂𝑖 =
𝐾∑
𝑘=1

𝑓𝑘(𝑥𝑖), 𝑓𝑘 ∈  (2)

Where:

• 𝑦̂𝑖: Prediction for instance 𝑖,
• 𝐾 : Total number of trees,

• 𝑓𝑘(𝑥𝑖): Prediction of the 𝑘-th tree for instance 𝑥𝑖,
•  : The space of tree functions, defined as:

 = {𝑓 (𝑥) =𝑤𝑞(𝑥)}
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Here:

– 𝑞(𝑥): The tree structure that assigns a leaf node to each instance 
𝑥,

– 𝑤: The values at the leaves.

The objective of XGBoost is to minimize the following loss function:

 =
𝑛 ∑
𝑖=1 

𝑙(𝑦𝑖, 𝑦̂𝑖) +
𝐾∑
𝑘=1

Ω(𝑓𝑘), (3)

Where:

• 𝑙(𝑦𝑖, 𝑦̂𝑖) is the loss function (for example, the mean squared error),

• Ω(𝑓𝑘) is the regularization term used to control the complexity of 
the model, defined as:

Ω(𝑓 ) = 𝛾𝑇 + 1
2
𝜆

𝑇∑
𝑗=1 

𝑤2
𝑗

Here:

– 𝛾 : Penalizes the number of leaves (𝑇 ),

– 𝜆: Regulates leaf weights 𝑤𝑗 .

XGBoost is used for various reasons, including its optimized design 
that enables rapid training even on large datasets, and its computational 
efficiency. Moreover, by using gradient boosting, the algorithm is able 
to capture complex patterns in the data, and the incorporation of reg

ularization terms into its objective function helps prevent overfitting. 
Although XGBoost is not specifically designed for time series, it can in

directly model temporal patterns by incorporating engineered features 
such as lags or trends [15].

Hybrid model

A hybrid model has been proposed that combines the strengths of 
different techniques to address the inherent complexities of time series 
forecasting, specifically for the generation of wind energy. This model 
includes three main components:

1. EMD Filter (Empirical Mode Decomposition):

This is a decomposition technique used to break down the data 
into multiple oscillatory components known as Intrinsic Mode Func

tions (IMFs). These IMFs represent the different frequencies present 
in the series, separating high-frequency patterns (noise) from low

frequency ones (trends). The decomposition simplifies the analysis 
by reducing the complexity of the time series, allowing subsequent 
models to focus on clearer and more specific patterns.

The EMD decomposition process is based on the general formula:

𝑋(𝑡) =
𝑛 ∑
𝑖=1 

IMF𝑖(𝑡) + 𝑟𝑛(𝑡) (4)

Where:

• 𝑋(𝑡) is the original time series.

• IMF𝑖(𝑡) is the 𝑖-th Intrinsic Mode Function, representing an oscil

latory component of the series.

• 𝑟𝑛(𝑡) is the final residue that captures the overall non-oscillatory 
trend after all IMFs have been extracted.

• 𝑛 is the total number of IMFs generated during the process.

The EMD method employs an iterative process to identify each 
IMF𝑖(𝑡), progressively separating the components of different fre

quencies in the time series.

EMD is known to exhibit boundary effects that may distort the 
first and last samples of each decomposed segment. In this imple

mentation, explicit boundary padding or mirror extension was not 
applied. Two design choices mitigate the practical impact on the 
results: (i) EMD is applied only on the training split to derive IMFs 
that are used to learn latent sequential features with the LSTM; vali

dation/test predictions are produced downstream by XGBoost from 

the learned representations and exogenous inputs, rather than by 
directly using IMF endpoints from the evaluated segments; and (ii) 
features are computed on 50% -overlapping windows and mapped 
back to the timeline via overlap-average (each sample aggregates 
contributions from all overlapping windows and is normalized by 
the overlap count), which down-weights edge artifacts.

2. LSTM (Long Short-Term Memory) with Attention Layer:

LSTMs are a variant of Recurrent Neural Networks (RNNs), de

signed specifically for processing sequential or temporal data. They 
use recurrent connections to maintain a ``memory state'' that en

ables them to model temporal dependencies, such as those found 
in time series or text. Traditional RNNs often struggle to capture 
long-term dependencies due to issues like vanishing or exploding 
gradients. LSTMs overcome this by incorporating memory cells and 
gating mechanisms that control the flow of information, allowing 
them to retain relevant data while discarding irrelevant informa

tion [21].

The key equations of an LSTM are:

• Forget Gate (𝑓𝑡): Determines which information from the previ

ous memory cell should be discarded.

𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑡 +𝑈𝑓ℎ𝑡−1 + 𝑏𝑓 ) (5)

• Input Gate (𝑖𝑡): Determines what new information should be 
stored in the memory cell.

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑡 +𝑈𝑖ℎ𝑡−1 + 𝑏𝑖) (6)

• Candidate State (𝐶̃𝑡): Generates the new candidate content for 
the memory cell.

𝐶̃𝑡 = tanh(𝑊𝐶𝑥𝑡 +𝑈𝐶ℎ𝑡−1 + 𝑏𝐶 ) (7)

• Memory Cell State (𝐶𝑡): Updates the memory cell by combin

ing the previous state, the candidate state, and the corresponding 
gates.

𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡 (8)

• Output Gate (𝑜𝑡): Determines which information from the mem

ory cell should be used in the output.

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 +𝑈𝑜ℎ𝑡−1 + 𝑏𝑜) (9)

• Hidden State (ℎ𝑡): Generates the output of the LSTM by combin

ing the output gate and the memory cell state.

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝐶𝑡) (10)

Where:

– 𝑥𝑡 is the input at time 𝑡,
– ℎ𝑡−1 is the previous hidden state,

– 𝐶𝑡−1 is the previous memory cell state,

– 𝑓𝑡, 𝑖𝑡, 𝑜𝑡 are the forget, input, and output gates respectively,

– 𝐶𝑡 is the updated memory cell state,

– 𝑊𝑓 ,𝑊𝑖,𝑊𝐶,𝑊𝑜 are the weights associated with the input,

– 𝑈𝑓 ,𝑈𝑖,𝑈𝐶 ,𝑈𝑜 are the weights associated with the previous hid

den state,

– 𝑏𝑓 , 𝑏𝑖, 𝑏𝐶 , 𝑏𝑜 are the biases,

– 𝜎 is the activation function,

– tanh is the hyperbolic tangent function,

– ⊙ denotes element-wise multiplication.

By integrating an attention layer, the LSTM’s ability to identify 
and prioritize the most relevant relationships in sequential data 
is enhanced. The attention layer calculates a weight (𝛼𝑡) for each 
time step, indicating the relative importance of each input. This is 
achieved through:
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• Calculation of Attention Weights (𝛼𝑡):

𝛼𝑡 =
exp(𝑒𝑡) ∑𝑇

𝑘=1 exp(𝑒𝑘)
(11)

Where 𝑒𝑡 is the relevance score calculated as:

𝑒𝑡 = 𝑣⊤ tanh(𝑊𝑎ℎ𝑡 + 𝑏𝑎) (12)

• Calculation of the Context (𝑐𝑡): Combines the inputs weighted 
by the attention weights.

𝑐𝑡 =
𝑇∑
𝑡=1 

𝛼𝑡ℎ𝑡 (13)

Where:

– 𝑇 is the sequence length,

– ℎ𝑡 is the LSTM output at time 𝑡,
– 𝑊𝑎, 𝑏𝑎, 𝑣 are the parameters of the attention layer,

– 𝛼𝑡 is the attention weight for time step 𝑡,
– 𝑐𝑡 is the context vector generated by the attention layer.

3. XGBoost (eXtreme Gradient Boosting):

Once the temporal features have been extracted by the LSTM, XG

Boost is used to model the relationships between these features and 
the target values. Its ability to handle high-dimensional data and 
its computational efficiency make it ideal for combining with deep 
learning models.

The described model can be considered a pipeline that integrates 
multiple stages of data transformation and modeling to optimize pre

dictions. It combines the strengths of various mathematical methods, 
such as frequency decomposition, deep learning (DL), and decision trees. 
This design enables the capture of both temporal patterns and complex 
relationships between features without excessively increasing computa

tional costs. The application of the EMD filter separates the frequencies 
in the time series, reducing noise and improving the quality of the pre

dictions. Meanwhile, the attention layer in the LSTM networks enhances 
the model by identifying and prioritizing the most relevant parts of the 
time series. The LSTM outputs are processed through an overlap-add 
technique to generate temporal features 𝐼1(𝑡),… , 𝐼𝑚(𝑡) for each times

tamp 𝑡. These extracted features are then concatenated with the raw 
exogenous variables 𝑥exog(𝑡) to construct the input feature matrix for 
XGBoost. This concatenation approach provides a direct fusion strategy 
without requiring additional learned parameters. For each timestamp 𝑡, 
the XGBoost input row is

𝐗𝑡 =
[
𝐼1(𝑡),… , 𝐼𝑚(𝑡), 𝑥exog(𝑡)

]
, (14)

where 𝐼1(𝑡),… , 𝐼𝑚(𝑡) represent the temporal features extracted from the 
LSTM networks and 𝑥exog(𝑡) denotes the exogenous variables at time 𝑡. 
XGBoost then complements the pipeline by efficiently modeling non

linear relationships in the data [22] [23].

To isolate sampling-rate effects, the standalone XGBoost baseline 
employs compact exogenous inputs with consistent imputation across 
all models. Temporal structure is captured in the hybrid architecture 
through the upstream EMD-LSTM module, which generates temporal 
features for XGBoost. This design choice enables fair comparison of sam

pling granularity impacts while acknowledging that enhanced feature 
engineering (lagged variables, rolling statistics, calendar features) and 
native missing value handling could further improve XGBoost perfor

mance.

The study aimed to isolate the effects of data granularity and 
exogenous-variable choice; to avoid confounding from a large hyper

parameter sweep, a stability-oriented training recipe and a conservative 
boosting setup were adopted, with validation MAE monitored through

out. An XGBoost pre-calibration phase performed a time-series cross

validated grid search on a resampled training set (scored by MAE) to 
identify a stable configuration, which was then fixed across all hy

brid experiments. During boosting, validation MAE was tracked across 
rounds to guard against overfitting, and a shallow, regularized con

figuration with learning-rate shrinkage and subsampling was used to 
maintain stability while keeping compute within scope. For the LSTM 
component, a validation-guided procedure-early stopping, learning-rate 
reduction on plateau, and best-model checkpointing-was employed to

gether with a fixed windowing scheme (constant overlap) and standard 
regularization layers, limiting sensitivity without an exhaustive sweep. 
In addition, a reconstruction objective on the EMD components was cou

pled with the same validation controls, with the overall design intended 
to dampen sensitivity to step size, training length, and capacity without 
broad hyperparameter exploration.

The proposed hybrid architecture offers significant interpretability 
advantages through its hierarchical analytical structure. The EMD de

composition facilitates frequency-domain analysis by decomposing the 
input signal into distinct temporal components, enabling identification 
of the relative contributions of different time scales to forecast perfor

mance. The attention mechanism within the LSTM network provides 
temporal attribution maps that quantify the importance of historical 
information for current predictions, thereby revealing the temporal de

pendencies captured by the model. The XGBoost component enables 
detailed feature attribution through SHAP (SHapley Additive exPlana

tions) analysis, which decomposes individual predictions into additive 
contributions from each input variable. Unlike global feature impor

tance measures, SHAP provides instance-specific explanations by calcu

lating the marginal contribution of each feature relative to the model’s 
expected output [24]. This approach allows for the decomposition of 
predictions into constituent parts, attributing specific numerical val

ues to both exogenous variables and learned temporal features. The 
resulting interpretability framework supports model validation, facili

tates understanding of prediction mechanisms, and enhances confidence 
in model outputs for practical applications.

4. Data preprocessing and exploratory analysis

4.1. Data cleaning and transformation

Although the dataset documentation [18] did not explicitly mention 
temporal lags, the detected gaps in the signals indicated possible irregu

larities. To address this issue, a two-stage strategy was implemented: lin

ear interpolation and hourly mean imputation. Linear interpolation was 
used to estimate missing values using adjacent data [25], while for the 
remaining gaps, the data were grouped by hour of the day, filling miss

ing values with the corresponding hourly mean. Linear interpolation was 
chosen for short gaps as it preserves local shape without introducing ar

tificial oscillations that spline methods might generate. For longer gaps, 
hour-of-day mean imputation maintains diurnal cycles while avoiding 
synthetic high-frequency content that could mislead temporal models. 
This ensured the preservation of natural diurnal patterns in wind speed 
and turbine operations, maintaining consistency with expected tempo

ral trends. Although the reconstructed values do not exactly replicate 
the original time series, this limitation is unlikely to significantly im

pact model performance. This preprocessing strategy was designed to 
prioritize the capture of general trends and key relationships in the data, 
rather than focusing on specific patterns, thus reducing the risk of over

fitting by avoiding the memorization of irrelevant details. As a result, 
reliable predictions are achieved even in scenarios with temporal incon

sistencies.

Wind speed, as a time-dependent variable, exhibits highly unstable 
behavior due to natural atmospheric dynamics. Traditional methods of 
handling outliers might remove significant fluctuations that are essen

tial to understand the true wind conditions affecting energy generation. 
Eliminating these extreme values could result in the loss of valuable in

formation, as such variations are an intrinsic feature of wind patterns. 
For this reason, it was decided to preserve these fluctuations rather 
than apply conventional outlier removal techniques. This approach is 
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Fig. 1. Correlation matrix of the predictor variables, represented as a heatmap. 

supported by the review by Zou et al. [26], which emphasizes the im

portance of maintaining natural variability in wind speed data to ensure 
accurate analysis and modeling.

However, the wind direction variable was transformed using its sine 
and cosine representations, equivalent to a projection onto the Carte

sian plane. This transformation decomposes the wind direction into its 
𝑢 (x-axis) and 𝑣 (y-axis) components, facilitating analysis in terms of 
vectors. This treatment allows working with circular directions by elim

inating issues associated with the cyclic nature of angles (for example, 
the jump from 359𝑜 to 0𝑜). By expressing the wind direction in these 
components, a continuous representation is obtained that coherently 
integrates both the direction and the magnitude of the wind, thereby 
enhancing its modeling and analysis.

This study focused on predicting wind energy at the wind farm level, 
prioritizing overall energy production rather than individual analysis of 
each turbine. To achieve this, data from the six turbines were integrated, 
consolidating the metrics into a single dataset that represents the global 
performance of the wind farm. The total power and energy production 
was determined by adding the corresponding values of all the turbines. 
For external variables such as wind speed, wind direction, and ambient 
temperature, averages were calculated across the turbines to obtain a 
dataset representative of the entire farm.

Finally, the dataset was normalized to ensure that variables with dif

ferent scales did not disproportionately influence the forecasting model. 
Standard normalization (z-score), defined by equation (15), adjusts the 
data to a distribution with a mean of zero and a standard deviation of 
one, ensuring that all variables have the same weight in the model:

𝑋𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑋 − 𝜇

𝜎
(15)

This procedure transforms each variable by subtracting its mean and 
dividing by its standard deviation, centering it around zero with unit 
variance. Without this step, variables with larger numeric ranges could 
dominate the model’s behavior, introducing biases and negatively af

fecting prediction accuracy. Normalization guarantees a balanced rep

Table 1
Mutual information measures between the pre

dictor variables and energy production.

Variable Mutual Information 
Wind Speed (m/s) 1.96 
𝑣 (m/s) 0.55 
𝑢 (m/s) 0.51 
Ambient Temperature (𝑜C) 0.11 
Wind Direction (sine) 0.10 
Wind Direction (cosine) 0.10 

resentation of all features, thereby improving the model’s stability and 
performance.

4.2. Exploratory data analysis

A preliminary analysis was conducted to evaluate the relevance of 
external variables using correlation metrics and mutual information. As 
shown in Fig. 1, the correlation matrix of all variables in the dataset has 
been represented with a heat map. This means that the linear relation

ships between pairs of variables are encoded on a color scale, with more 
intense hues representing stronger correlations, whether positive or neg

ative. The most significant values are those corresponding to power and 
wind speed. Since power is a direct representation of energy, wind speed 
is identified as the most influential variable. This finding is corrobo

rated by Table 1, where the mutual information results align with those 
observed in the heatmap. However, it is still possible that the Carte

sian components 𝑣 and 𝑢 provide valuable information to the model, 
although less direct than wind speed.

The results of the analysis highlight that wind speed is the main 
driver of energy generation, exhibiting the strongest correlation with 
generated power. In contrast, other external factors, such as ambient 
temperature and wind direction, show much weaker associations, sug

gesting that their contribution to the model’s predictive capability is 
lower. Based on these findings, the analysis focused on the wind speed 
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Fig. 2. Seasonal decomposition of wind energy generation. 

as the key exogenous variable, along with its relationship to the gener

ated power, to optimize the model.

To further examine the series, another important analysis was con

ducted to assess both its stationarity and seasonality. Stationarity is de

fined as the property of a time series whose statistical characteristics�-

such as mean, variance, and autocorrelation—remain constant over 
time. In contrast, seasonality refers to the presence of repetitive, pre

dictable patterns that occur at regular intervals, such as seasonal 
weather changes or hourly variations in energy demand. If a series 
were strictly stationary, it could not exhibit seasonality, since seasonal 
effects introduce cyclical and predictable changes in the mean or vari

ance, thereby violating the key condition of statistical invariance over 
time.

To analyze the stationarity and seasonality of the series, a seasonal 
decomposition was carried out, with its results presented in Fig. 2. This 
process allows the time-series data to be decomposed into its main com

ponents: trend, seasonality, and residuals. Using an additive model, 
which assumes that these components sum up to form the observed data, 
it is possible to isolate the recurring seasonal patterns that occur over a 
specified period, as well as to identify underlying trends and irregular 
fluctuations [27].

For this type of analysis, the Augmented Dickey-Fuller (ADF) test 
and the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test are commonly 
employed [28]. These tests are usually applied together to obtain a more 
complete diagnosis regarding the series’ stationarity.

The ADF test evaluates the null hypothesis that a series has a unit 
root (i.e., it is non-stationary) against the alternative hypothesis that the 
series is stationary, as defined in Equation (16). A low p-value leads to 
rejecting the null hypothesis, suggesting stationarity.

Δ𝑦𝑡 = 𝛼 + 𝛽𝑡+ 𝛾𝑦𝑡−1 +
𝑝 ∑
𝑖=1 

𝛿𝑖Δ𝑦𝑡−𝑖 + 𝜖𝑡 (16)

Here, Δ𝑦𝑡 is the difference of 𝑦𝑡, 𝛼 is a constant, 𝛽𝑡 represents a trend 
term, 𝛾 indicates the presence of a unit root, 

∑𝑝

𝑖=1 𝛿𝑖Δ𝑦𝑡−𝑖 controls for 
autocorrelation, and 𝜖𝑡 is the error term.

On the other hand, the KPSS test evaluates the null hypothesis that 
a series is stationary around a deterministic trend against the alterna

tive hypothesis of non-stationarity, as described in Equation (17). This 
test calculates a statistic based on the cumulative sum of the residuals 

Fig. 3. Sigmoidal curve fitted to represent the relationship between wind speed 
and generated power.

from a regression. A low p-value in this test leads to rejecting the null 
hypothesis, which suggests non-stationarity.

𝑦𝑡 = 𝑟𝑡 + 𝛽𝑡+ 𝜖𝑡 (17)

In this equation, 𝑟𝑡 is a stochastic trend, 𝛽𝑡 is a deterministic trend, and 
𝜖𝑡 is the error term.

In our analysis, after decomposing the series seasonally (see Fig. 2), 
the ADF test suggested that the time series is stationary, while the KPSS 
test indicated non-stationarity. This discrepancy may be explained by 
the influence of seasonal patterns: although the overall variation in the 
seasonal component is slight and recurring, it might still be sufficient to 
affect the stationarity tests differently. Thus, the series might exhibit 
characteristics of both stationarity and non-stationarity, highlighting 
the complex interplay between its underlying trends and seasonal pat

terns.

The analysis of the relationship between wind speed and generated 
power revealed a sigmoidal curve pattern, which is characteristic of 
wind turbine performance. At low wind speeds, the force is insufficient 
to efficiently turn the blades, so the generated power remains very low. 
However, once the wind speed exceeds a certain threshold—known as 
the cut-in speed—the turbine begins to generate power more rapidly. 
This growth continues until the rated speed is reached, at which point 
the turbine attains its maximum power. Beyond this point, power gener

ation stabilizes, as turbines are designed to limit their output to prevent 
mechanical wear and ensure safe operation even if wind speeds continue 
to increase [29].

The sigmoidal function is particularly well-suited to model this re

lationship, as it captures the initial slow increase, the rapid growth in 
power generation, and the subsequent saturation. This curve can be fit

ted using the logistic function, mathematically expressed as:

𝑃 (𝑤) =
𝑃𝑚𝑎𝑥

1 + 𝑒−𝑘(𝑤−𝑤0)
(18)

where 𝑃 (𝑤) is the predicted power for a wind speed 𝑤, 𝑃𝑚𝑎𝑥 is the 
maximum generated power, 𝑘 controls the steepness of the curve, and 
𝑤0 represents the wind speed at the inflection point where the power 
generation increases most rapidly.

Fig. 3 illustrates how the logistic function models the relationship 
between wind speed and the power generated by the turbine. Fitting 
the curve to the data allows for an accurate representation of the tur

bine’s performance characteristics, facilitating the integration of wind 
speed data into forecasting models. To fit the logistic function, a nonlin

ear least squares method was used. This technique minimizes the sum 
of the squared residuals, where each residual represents the difference 
between the observed power and the value predicted by the function. 
The optimization process iteratively adjusts the parameters 𝑃𝑚𝑎𝑥, 𝑘 and 
𝑤0 to find the bestfitting curve that minimizes the error.
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5. Application and performance evaluation

5.1. Baseline

To evaluate the performance of the models, three key time hori

zons were considered: short-term (3 days), medium-term (1 week), and 
long-term (1 month). These horizons allow us to analyze how the model 
behaves at different temporal scales, from immediate forecasts to more 
extended projections. Additionally, three different data sampling fre

quencies were established—10 minutes, 30 minutes, and 60 minutes—to 
assess the impact of data granularity on model performance, consider

ing both more detailed predictions and less frequent approximations. 
Furthermore, as part of the analysis, the impact of including exoge

nous variables was evaluated. In particular, a comparison was made 
between using the power curve and wind speed as input to the model, 
with the objective of determining whether this exogenous variable can 
offer an improvement in predictive capability. The metrics used to eval

uate model performance are described in detail below.

• Coefficient of Determination (R2):

This metric measures how well the model explains the variation in 
the data. An R2 value close to 1 indicates that the model explains 
most of the variability, while a value near 0 indicates the opposite. 
It is given by:

R2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦𝑖)2∑𝑛

𝑖=1(𝑦𝑖 − 𝑦)2
(19)

where 𝑦𝑖 are the actual values, 𝑦𝑖 are the predicted values, 𝑦 is the 
mean of the actual values and 𝑛 is the number of observations.

• Mean Absolute Error (MAE):

This represents the average of the absolute errors between the ac

tual and predicted values. It measures the average magnitude of the 
errors without considering their direction. It is defined as:

MAE = 1
𝑛 

𝑛 ∑
𝑖=1 

|𝑦𝑖 − 𝑦𝑖| (20)

• Root Mean Squared Error (RMSE):

This metric calculates the square root of the mean of the squared er

rors, giving more weight to larger errors due to its quadratic nature. 
It is especially useful for identifying cases where large deviations 
are problematic:

RMSE =

√√√√1
𝑛 

𝑛 ∑
𝑖=1 

(𝑦𝑖 − 𝑦𝑖)2 (21)

• Mean Absolute Percentage Error (MAPE):

This measures the absolute error in percentage terms, which allows 
for the interpretation of error relative to the size of the actual val

ues. It is calculated as:

MAPE = 100
𝑛 

𝑛 ∑
𝑖=1 

||||
𝑦𝑖 − 𝑦𝑖

𝑦𝑖

|||| (22)

• Symmetric Mean Absolute Percentage Error (sMAPE):

This is a modified version of MAPE, designed to correct asymmetry 
issues in percentage errors. It is particularly useful when both actual 
and predicted values are close to zero, as it avoids divisions by small 
numbers. Its formula is:

sMAPE = 100
𝑛 

𝑛 ∑
𝑖=1 

|𝑦𝑖 − 𝑦𝑖| 
(|𝑦𝑖|+ |𝑦𝑖|)∕2 (23)

As a starting point, a baseline model was established under the as

sumption that the behavior in the upcoming year would be identical to 
that of the previous year—in other words, predictions were made by 
assuming that last year’s values match those of the current year. The 

Table 2
Baseline model results for different time horizons.

Time Horizon R2 MAE RMSE MAPE sMAPE 
3 days 1.54 1.43 1.75 3.67 2.05 
1 week 0.65 1.13 1.46 4.32 0.64 
1 month 0.47 1.12 1.44 4.86 1.08 

Fig. 4. Comparison of Mean Absolute Error (MAE) by model and exogenous 
variable, broken down by sampling rate and time horizons.

results of this baseline model are presented in Table 2, serving as a ref

erence for evaluating the performance of the developed models.

5.2. Exogenous variables

In Fig. 4 the MAE for each model and exogenous variable is dis

played, broken down by sampling rate and time horizon. This figure 
provides a clear and comprehensive view of the effect of the exogenous 
variables feeding the model, as well as the impact of data sampling rates. 
A lower MAE reflects better model performance, indicating a lower av

erage error in the predictions.

It is observed that the SARIMAX model experiences a significant 
improvement when incorporating the power curve as an exogenous 
variable compared to using only wind speed. This indicates that the 
power curve more directly and representatively reflects the relation

ships with the target variable, favoring a better model fit. On the other 
hand, the XGBoost model shows relatively consistent results under both 
configurations. SARIMAX, based on linear relationships and statistical 
assumptions, benefits particularly from a variable that simplifies and 
synthesizes the underlying dynamics, as the power curve does [30]. In 
contrast, the XGBoost model, being based on decision trees, exhibits 
greater flexibility in directly modeling complex relationships, allowing 
it to maintain robust performance regardless of the exogenous variable 
used.

In the case of the hybrid model, a higher sensitivity to both the sam

pling rate and the prediction time horizon is observed. Specifically, wind 
speed stands out for short-term horizons (3 days) and broader sampling 
rates (60 minutes), achieving lower values of MAE, MAPE, and sMAPE. 
Meanwhile, the power curve provides competitive performance with in

termediate sampling rates (30 minutes) and proves particularly effective 
for short- and medium-term horizons. These results can be explained by 
the structure and operation of the hybrid model. Its effectiveness largely 
depends on the nature of the exogenous variable used. In the case of 
wind speed, the EMD filter and LSTM effectively capture its rapid tem

poral variations, which favors short-term horizons and broader sampling 
rates. Conversely, the power curve, being a more direct and smoothed 
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Fig. 5. Comparison of training (5a) and prediction (5b) times for the models under different sampling rate configurations. 

representation of the generated power, allows the model to better lever

age intermediate sampling rates and achieve more precise predictions 
in short- and medium-term horizons.

The observed preference for different exogenous inputs across mod

els can be explained by their fundamental assumptions and architec

tures. SARIMAX benefits from the power curve because exogenous in

puts enter linearly in this model, and the wind-power relationship is 
strongly nonlinear (sigmoidal). Providing the power-curve transform 
effectively linearizes this relationship for SARIMAX, reducing misspec

ification and improving fit. In contrast, XGBoost and the hybrid model 
prefer raw wind speed because these nonlinear learners can model non

linearities and interactions directly. Using raw wind speed preserves 
high- and mid-frequency variability (ramps, turbulence, threshold ef

fects) that a fitted power curve smooths out, and these fluctuations are 
informative for tree splits and for the LSTM’s temporal features. Addi

tionally, the hybrid model learns on IMF sequences from EMD, where 
raw wind speed yields richer multi-scale IMFs compared to the smoother 
power-curve proxy.

5.3. Impact of data granularity

The impact of the sampling rate is particularly noticeable in terms 
of computational efficiency. However, in this section the focus has been 
on analyzing the direct performance of the models—that is, the ob

tained metrics. Within the sub-hourly-to-hourly regime available in the 
SCADA data, data granularity materially affects model performance. 
As observed in the Fig. 4, the SARIMAX model exhibits a consider

able improvement in performance as the sampling rate increases (i.e., 
with wider intervals). This can be explained by the fact that a lower 
level of data granularity smooths out variations, reducing noise in the 
time series, which is particularly beneficial for statistical models such 
as SARIMAX, which are more sensitive to such disturbances.

On the other hand, the XGBoost model demonstrates more consistent 
performance across different sampling rate configurations, although a 
slight deterioration is evident when using wider intervals (60 minutes), 
especially in long-term predictions. This behavior reflects XGBoost’s 
ability to handle more complex and noisy data, although it also sug

gests that the model benefits from higher granularity (more frequent 
rates) to optimize the precision of its predictions.

Finally, the hybrid model shows a pattern similar to that of XG

Boost, exhibiting balanced performance with moderate sampling rates 
(30 minutes). However, unlike SARIMAX, this model is less suscepti

ble to noise, thanks to the integration of both statistical and machine 
learning approaches. Its architecture—which combines EMD decompo

sition, an LSTM with an attention layer, and the XGBoost model—allows 
it to better adapt to the specific characteristics of the data. This com

bination balances smoothness and granularity, maximizing prediction 
accuracy. This behavior highlights the hybrid model’s ability to inte

grate the strengths of both methods and efficiently respond to different 
sampling rate configurations.

5.4. Computational efficiency evaluation

In Fig. 5 the training and prediction times are presented. As observed, 
the SARIMAX model experiences a significant decrease in training times 
as the sampling rate increases—indicating that lower data granular

ity simplifies the model fitting process. Additionally, incorporating the 
power curve as an exogenous variable slightly increases the training 
times compared to using wind speed, likely due to the added complexity 
of this variable. In terms of prediction, SARIMAX maintains consistently 
low times, reaching a maximum of 0.34 seconds, which highlights its ef

ficiency in this task.

Conversely, the XGBoost model stands out as the most computa

tionally efficient, both in training and prediction. Its training times are 
significantly lower compared to the other models, and the impact of the 
sampling rate is less pronounced. Furthermore, using the power curve 
as an exogenous variable further reduces its training times. Regarding 
prediction, XGBoost achieves extremely low times—up to a maximum 
of 0.08 seconds—making it an ideal choice for real-time applications.

The hybrid model, however, exhibits the highest training times, re

flecting its greater complexity. Training this model with wind speed at 
a 10-minute sampling rate requires 296.85 seconds, but this time de

creases drastically to 26.05 seconds with a 60-minute sampling rate. 
Similar to SARIMAX, the use of the power curve as an exogenous vari

able slightly increases the training times. Nonetheless, despite its high 
computational cost during training, the hybrid model compensates with 
very low prediction times, reaching a maximum of 0.08 seconds�-

comparable to XGBoost—making it competitive for rapid prediction 
tasks.

5.5. Time horizon analysis

The performance analysis over different time horizons was con

ducted by selecting the best configuration for each model. The optimal 
configuration found for the SARIMAX model employs the power curve 
as an exogenous variable along with a sampling rate of 60 minutes. In 
contrast, both the XGBoost and hybrid models achieved their best perfor

mance using wind speed as the exogenous variable, also with a sampling 
rate of 60 minutes. It is important to note that in the case of the XGBoost 
model, either of the proposed exogenous variables (power curve or wind 
speed) can be used interchangeably, as well as a sampling rate of either 
30 or 60 minutes. This behavior reflects its consistency across different 
configurations, allowing for greater flexibility in its application.

The performance of the models on the test data, broken down by the 
considered time horizons, is illustrated in Fig. 6. The metrics associated 
with the optimal configuration of each model are detailed in Table 3, 
providing a clear framework to analyze their performance in different 
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Fig. 6. Performance of the models with their optimal configurations in short-term (6a), medium-term (6b), and long-term (6c) predictions. 

Table 3
Performance of the models with their optimal configurations over differ

ent time horizons.

Model Time Horizon R2 MAE RMSE MAPE sMAPE 

SARIMAX

3 días 0.98 0.13 0.16 0.19 0.23 
1 semana 0.98 0.12 0.15 0.29 0.25 
1 mes 0.98 0.14 0.16 0.39 0.25

XGBoost

3 días 0.95 0.18 0.25 0.30 0.36 
1 semana 0.95 0.20 0.25 0.57 0.39 
1 mes 0.96 0.18 0.24 0.62 0.33

Híbrido

3 días 0.99 0.09 0.12 0.18 0.22 
1 semana 0.99 0.08 0.11 0.29 0.24 
1 mes 0.97 0.13 0.21 0.54 0.28 

prediction scenarios. The SARIMAX model shows consistently stable per

formance across all time horizons. With a constant R2 of 0.98, this model 
demonstrates a strong ability to explain the variability of the data. The 

absolute and relative error metrics exhibit slight variations: the MAE and 
RMSE remain low (0.12--0.14 and 0.15--0.16, respectively), indicating a 
precise fit. Although the MAPE and sMAPE increase slightly with the 
horizon (from 0.19 to 0.39 for MAPE and from 0.23 to 0.25 for sMAPE), 
this increase is moderate, ensuring that SARIMAX remains reliable even 
in long-term predictions.

The XGBoost model, although performing slightly inferior to SARI

MAX, also shows a high R2, between 0.95 and 0.96. However, its abso

lute and relative error metrics are more sensitive to the increase in the 
time horizon. The MAE varies between 0.18 and 0.20, and the RMSE 
fluctuates between 0.25 for 3 days and 0.24 for 1 month. The relative 
metrics, such as MAPE and sMAPE, exhibit a more pronounced deterio

ration with the horizon (MAPE increasing from 0.30 to 0.62 and sMAPE 
varying from 0.36 to 0.33), which suggests that XGBoost may lose pre

cision in long-term predictions.

On the other hand, the hybrid model stands out for its excellent per

formance, especially over short- and medium-term horizons. In 3-day 
and 1-week predictions, it achieves an R2 of 0.99, indicating an al
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most perfect fit. Furthermore, its absolute error metrics, such as MAE 
(0.09--0.13) and RMSE (0.12--0.21), are considerably lower than those 
of the other models, reflecting high precision. However, in the 1-month 
horizon, its relative performance slightly declines, with increases in 
MAPE (0.54) and sMAPE (0.28). Despite this slight deterioration, the 
hybrid model continues to outperform both XGBoost and SARIMAX in 
several aspects, consolidating itself as the most robust and versatile op

tion overall.

6. Conclusions and future work

This study provided a comparative assessment of three distinct mod

eling approaches for wind energy forecasting using SCADA data: a clas

sical statistical model (SARIMAX), a machine learning model (XGBoost), 
and an advanced hybrid model integrating EMD filter, an attention

enabled LSTM network, and XGBoost. The evaluation was conducted 
across multiple data scenarios with varying sampling rates and inclu

sion of key exogenous inputs (wind speed measurements and the tur

bine’s power curve) to mimic real operational data richness. The hybrid 
model achieved the highest predictive accuracy, outperforming both 
the SARIMAX and standalone XGBoost approaches. This superiority is 
attributed to the hybrid model’s ability to capture a wider range of 
patterns: EMD filters noise and non-stationary fluctuations, the LSTM 
component learns complex temporal dependencies, and XGBoost fine

tunes the final predictions. These findings align with literature suggest

ing that combining statistical and machine learning methods leverages 
complementary strengths for improved wind forecasting accuracy [10]. 
Beyond performance advantages, the hybrid architecture provides mul

tiple interpretability pathways valuable for operational deployment. 
The EMD decomposition enables temporal scale analysis across fre

quency bands, the LSTM attention mechanism offers insights into critical 
forecasting time steps, and the XGBoost component supports standard 
interpretability tools including feature importance and SHAP analysis to 
quantify contributions of both exogenous inputs and learned temporal 
features.

The present results reinforce that a thoughtfully designed hybrid 
framework can deliver significant accuracy gains over single-model 
baselines in wind energy forecasting. The analysis also sheds light on 
forecast horizon effects and the role of exogenous inputs. As expected, 
prediction error grows with longer lead times: short-term forecasts (e.g. 
one-hour ahead) were markedly more accurate than day-ahead fore

casts, reflecting the well-known degradation of accuracy over extended 
horizons. This deterioration with increasing horizon is attributable to 
the compounding uncertainty and volatility in wind patterns. Regard

ing input factors, the inclusion of relevant exogenous variables was 
found to enhance model performance. A combined examination of data 
granularity and exogenous variable contributions further contextualizes 
the above findings. The study emphasizes that data resolution and fea

ture richness jointly influence forecast accuracy. This perspective also 
aligns with recent work on data-level approximate computing, which 
shows that judicious choices in sampling, precision scaling, quantiza

tion, and feature selection can reduce computational cost while preserv

ing predictive accuracy—supporting the practicality of high-resolution, 
feature-rich inputs in forecasting pipelines [31]. Using finely granu

lar data (with high sampling frequency) allows the models to capture 
transient fluctuations that would be obscured in coarse, aggregated 
data. This observation is in line with Effenberger et al. (2023), who 
showed that coarse temporal resolutions (e.g. daily or monthly av

erages) fail to preserve critical wind speed dynamics, whereas using 
data at hourly or sub-hourly intervals retains essential variability [9]. 
In our case, the dataset’s temporal granularity (on the order of min

utes) enabled the LSTM-based model to learn subtle short-term patterns, 
while the decomposition via EMD mitigated noise inherent in high

frequency signals. The contributions of individual exogenous variables 
were also evident -- each additional input (e.g. temperature or wind 
direction) explained a portion of variance that pure time-series data 

could not. This multi-variable approach improved the model’s gener

alization to changing weather conditions. That said, leveraging very 
high-resolution data with many features introduces considerable com

plexity in modeling. Thus, an appropriate balance of data granularity 
and input diversity was essential to attain the observed accuracy im

provements.

The comparative study also highlights important computational 
trade-offs and implications for deployment. There was a noticeable con

trast in computational complexity between the simple statistical model 
and the deep learning hybrid. SARIMAX, being relatively lightweight, 
offered fast training and prediction with minimal computational over

head. XGBoost, although more complex than SARIMAX, is still efficient 
and benefited from parallelizable tree-boosting, making it feasible for 
near real-time use. In contrast, the hybrid model incurred substantially 
higher computational cost due to its multi-stage pipeline (decomposition 
and neural network training) and larger number of parameters. Training 
the LSTM component, in particular, was time-consuming, and the hybrid 
model also demands more memory and processing power during execu

tion. Additionally, hyperparameter tuning significantly impacts model 
performance and computational requirements. The hybrid model’s nu

merous hyperparameters (LSTM layers, EMD modes, XGBoost parame

ters) require careful optimization, often through grid search or Bayesian 
optimization. While extensive tuning improves accuracy, it substantially 
increases training time and may lead to overfitting. Simpler models like 
SARIMAX require minimal hyperparameter adjustment, making them 
more robust for operational deployment when training data is limited 
or when rapid model updates are needed. These differences imply that 
in practical deployments, one must balance the accuracy gains against 
resource availability and latency requirements [32]. For instance, in a 
real-time operational setting (such as a wind farm control system or grid 
dispatch center), the slight accuracy advantage of the hybrid model must 
be weighed against its longer computation time. If forecasts need to be 
updated on the order of minutes, a faster model like XGBoost or SARI

MAX might be preferable for ensuring timely predictions. On the other 
hand, for day-ahead planning or scenarios where batch processing is 
acceptable, the hybrid model’s superior accuracy justifies its use.

The deployment of data-driven models in wind turbine power fore

casting introduces key ethical and operational concerns. Model drift

where performance degrades over time due to changing weather pat

terns or turbine wear-can lead to inaccurate forecasts, affecting grid 
stability and energy markets. Data outages (e.g., sensor failures or com

munication disruptions) further compound risks, as missing inputs may 
cause erroneous predictions. Additionally, integrating ML models with 
legacy systems poses challenges, as outdated infrastructure may lack the 
flexibility to handle real-time adaptive algorithms, increasing the likeli

hood of operational failures. To mitigate these risks, some mechanisms 
can be applied. For instance, if a model detects anomalies (e.g., sud

den wind gusts or storms), it should switch to conservative heuristics 
or physics-based simulations to ensure stable power estimates. When 
detecting these abnormal data inputs, human intervention may be re

quired. For persistent issues like model drift, continuous monitoring 
and periodic retraining-using fresh operational data-help maintain ac

curacy. By combining adaptive ML with resilient fail-safes, wind turbine 
forecasting systems can balance innovation with reliability in dynamic 
environments.

Looking toward future work, several promising directions can be 
identified to advance wind power forecasting. First, exploration of 
cutting-edge deep learning architectures, particularly transformer-based 
models, is recommended. Transformer models, with their self-attention 
mechanisms, can capture long-range dependencies in time series data 
more effectively than traditional recurrent networks. Second, integrat

ing Generative Adversarial Networks (GANs) offers a novel avenue for 
enhancement. GANs can be used to generate realistic wind scenario data 
or to refine predictions by learning the underlying distribution of fore

cast errors. Preliminary work using GAN-based approaches has shown 
improved accuracy for wind power predictions, especially for day-ahead 
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forecasts [33]. A GAN-driven framework could complement determinis

tic models by providing probabilistic scenario forecasts, thus enriching 
decision-making for grid operators. In addition, incorporating robust un

certainty quantification methodologies, including prediction intervals 
derived from ensemble approaches, conformal prediction techniques, or 
Bayesian neural networks, would provide critical reliability assessments 
for wind power forecasts. Such uncertainty measures would enable grid 
operators to make more informed risk-aware decisions, improve reserve 
allocation strategies, and enhance the overall reliability and integra

tion of wind energy into power systems. Third, the inclusion of more 
diverse meteorological and environmental inputs should be pursued. 
While this study already considered key exogenous variables, future 
models could incorporate additional high-resolution Numerical Weather 
Prediction (NWP) outputs and meteorological variables (e.g. pressure 
maps, temperature profiles aloft, humidity, or turbulence indices). The 
fusion of data-driven models with physics-based forecasts (such as using 
NWP guidance as inputs or as a first-guess model) is a promising direc

tion to boost long-horizon forecast reliability. An alternative approach 
to enhance model validation would be to integrate data from multiple 
wind farms across diverse terrains (coastal, mountainous, offshore, and 
plains) and varying climatic conditions to validate model robustness and 
generalizability. This multi-site validation approach would enable as

sessment of transferability across different wind regimes, topographical 
features, and turbine configurations, ultimately leading to more univer

sally applicable forecasting frameworks. Finally, an important area of 
future development is the real-time integration of these advanced mod

els into operational systems. This involves creating adaptive algorithms 
capable of online learning -- updating model parameters as new data 
arrives -- and ensuring model robustness in the face of streaming data 
and concept drift. It also requires addressing practical deployment is
sues such as computational optimization for fast inference, fail-safes for 
data outages, and user-friendly visualization of forecast results for grid 
management. Achieving seamless real-time deployment will likely re

quire collaboration between data scientists and power system engineers 
to test and harden the forecasting tools in live environments.
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