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Abstract

Wind power forecasting is important for renewable energy integration, grid stability, and operational planning.
However, model performance may be overestimated when temporal data leakage occurs or when historical power
values are used without careful validation. This study proposes a leakage-aware AutoML framework for wind power
forecasting using only instantaneous wind speed and wind direction information. The publicly available Wind Turbine
SCADA Dataset from Kaggle was used. The dataset was sorted chronologically and divided into training and test sets
using an 80%—20% split. Outliers were replaced with median values using thresholds derived from the training set.
Wind direction was transformed into sine and cosine components to represent its circular nature. AutoGluon was used
to compare multiple regression models under the same experimental setting. The selected Weighted Ensemble model
achieved an RMSE of 505.90 kW, MAE of 250.63 kW, and R? of 0.8579 on the chronological test set. For
interpretability, SHAP analysis was conducted using the LightGBM model, which achieved a similar R? of 0.8560.
SHAP results showed that wind speed was the dominant predictor, while wind direction components had secondary
effects. The cubic fit of wind speed SHAP contributions achieved an R? 0f 0.9231, supporting the physical consistency
of the learned nonlinear relationship. The results show that leakage-aware AutoML combined with SHAP can provide
accurate and interpretable wind power forecasts.
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1. Introduction

Wind energy is one of the fastest-growing and most cost-effective renewable energy sources in the transition toward
a sustainable energy future (Han et al. 2020; Loza et al. 2024). High-accuracy short-term power forecasting models
are needed to safely integrate wind energy systems into the grid and to improve operational efficiency. In recent years,
machine learning (ML) algorithms such as Random Forest, LightGBM, and Deep Learning have achieved significant
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success by outperforming traditional methods in modeling the complex nonlinear relationships between wind speed
and power generation (Demolli et al. 2019).

However, the “black-box” nature of these artificial intelligence models with high prediction accuracy limits the trust
of field operators and stakeholders in these technologies by reducing the transparency and reliability of the systems
(Liao et al. 2024). To overcome this trust problem, Explainable Artificial Intelligence (XAI) methods, especially
SHAP (SHapley Additive exPlanations), have been increasingly preferred to explain the logic behind predictions and
to verify whether the model learns in accordance with physical rules (Lundberg and Lee 2017; Cakiroglu et al. 2023).

Two main methodological limitations are observed in the existing wind power forecasting literature. The first is the
problem of “temporal data leakage,” which occurs when the chronological order of data is ignored and random
splitting is used in the training of time series models (Bergmeir and Benitez 2012; Cerqueira et al. 2020). The second
is the tendency of models to show autoregressive memorization by becoming overly dependent on historical
production values (lagged variables), rather than learning the instantaneous aerodynamic effects of wind.

To address these limitations, this study proposes a leakage-aware machine learning framework that uses only
instantaneous wind speed and wind direction information. In the developed model, the theoretical power curve and
historical power production data, namely lagged variables, are intentionally excluded from the model. Thus, it is tested
whether the algorithms can learn the relationship between instantaneous wind conditions and generated power without
relying on past production values. Data leakage is reduced by preserving the timestamp of the dataset and splitting it
chronologically into training and test sets. To determine the best prediction model, various algorithms are compared
using an AutoML framework, and SHAP analysis is used to assess the physical consistency of the model.

1.1 Objectives

The main objective of this study is to develop a leakage-aware AutoML-based framework for wind power forecasting
using only instantaneous wind speed and wind direction information. The specific objectives of the study are as
follows:

e To design a chronological train-test evaluation strategy that prevents temporal data leakage in wind power
forecasting.

e To evaluate the predictive performance of AutoML-based regression models using only instantaneous wind
speed and wind direction, without using lagged power values or theoretical power curve information.

e To compare the performance of the selected AutoML ensemble model with an interpretable tree-based model
suitable for SHAP analysis.

e To investigate whether the learned model behavior is physically consistent with the expected nonlinear
relationship between wind speed and wind power generation through SHAP-based interpretation.

2. Literature Review

Wind power forecasting is a critical research area for renewable energy integration. In recent years, ML algorithms
have increasingly replaced traditional forecasting methods in this field. Tree-based and kernel-based models such as
Random Forest, LightGBM, and Support Vector Regression (SVR) have been found successful in modeling the
complex nonlinear relationships between wind speed and generated power (Demolli et al. 2019; Alkesaiberi et al.
2022). In addition, deep learning (DL) techniques, particularly long short-term memory (LSTM) networks and
convolutional neural networks (CNNs), have been widely used to capture sequential dependencies in time-series data
(Ahmad and Zhang 2022). However, many high-accuracy forecasting models operate as “black-box” systems, raising
important concerns for field operators in terms of operational reliability and transparency.

To address this transparency problem, researchers have increasingly adopted XAl methods, particularly SHAP. SHAP
simplifies complex artificial intelligence decisions by clarifying the individual effects of input features on predictions
and helps assess whether model outputs are consistent with domain knowledge (Lundberg and Lee 2017; Cakiroglu
et al. 2024). Recent studies have shown that SHAP can be used to interpret wind forecasting models in relation to
aerodynamic principles and can support operational safety tasks such as anomaly detection and feature stability
analysis (Liao et al. 2024; Muhammed Anees et al. 2026).
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Despite these advances, two major methodological gaps remain in the machine learning-based wind power forecasting
literature. First, temporal data leakage may occur when the chronological order of time-series data is disrupted and
random splitting is used during model training and testing (Bergmeir and Benitez 2012; Cerqueira et al. 2020). Second,
many wind power forecasting models rely heavily on historical power production values or theoretical power curve
information, leading to an autoregressive structure that may emphasize memorization rather than learning the
instantaneous aerodynamic effects of wind.

In summary, although existing studies provide high prediction accuracy and XAl-based interpretability, there is still
a need for leakage-aware forecasting frameworks that prevent copying from historical data through lag-free and
chronological experimental designs. This study addresses this gap by using SHAP not only to explain model
predictions, but also to quantitatively assess whether a model trained only with instantaneous wind conditions, namely
wind speed and wind direction, can learn a physically consistent nonlinear relationship between wind speed and power
generation.

3. Methods

This study proposes a leakage-aware machine learning framework for wind power prediction using only instantaneous
meteorological inputs. The target variable is the measured active power output, while the input variables are limited
to wind speed and wind direction. No lagged power values or historical delay variables are included in the model in
order to evaluate whether the algorithms can learn the relationship between current wind conditions and power
generation without relying on past output values.

Before model training, the dataset is sorted chronologically according to the timestamp. To reduce the risk of temporal
data leakage, the data is divided into training and test sets using a chronological split, where the first 80% of
observations are used for training and the remaining 20% are reserved for testing. Outlier treatment was performed
after the chronological train-test split using only information derived from the training set. A wind-speed-bin-based
approach was applied because the expected active power output depends strongly on wind speed. Wind speed was
divided into 0.5 m/s intervals, and the median active power value was calculated separately for each wind speed bin
in the training data. Within each bin, outlier thresholds were determined using the interquartile range (IQR) method.
Observations with unusually high power values at low wind speeds were considered physically inconsistent and were
replaced with the median active power value of their corresponding wind speed bin. In contrast, observations with low
power values at high wind speeds were not removed, since such cases may represent realistic operational conditions
such as turbine shutdowns, curtailment, maintenance, or faults. The bin-specific medians and IQR thresholds
calculated from the training set were then applied to the test set when necessary, ensuring that no information from
the test period was used during preprocessing.

Wind direction is transformed using sine and cosine functions to represent its circular nature. This transformation
avoids the artificial discontinuity between 0° and 360°. Therefore, the final input variables consist of wind speed, sine-
transformed wind direction, and cosine-transformed wind direction.

Several machine learning models were evaluated through the AutoGluon TabularPredictor AutoML framework. The
target variable was defined as LV ActivePower (kW), and the problem type was set as regression. The evaluation
metric was root mean squared error (RMSE). The AutoML process was run with the good quality preset and a time
limit of 1800 seconds. During training, AutoGluon evaluated several model families, including LightGBM,
LightGBMXT, LightGBMLarge, XGBoost, Random Forest, Extra Trees, NeuralNetFastAl, NeuralNetTorch, and a
level-2 Weighted Ensemble model. The final model was selected according to validation performance within the
AutoGluon framework and was then evaluated on the unseen chronological test set. In addition to predictive accuracy,
SHAP analysis was applied to interpret the contribution of each input variable to the model predictions. The final
ensemble model selected by AutoGluon was a level-2 Weighted Ensemble that combined the predictions of
LightGBMXT, LightGBM, XGBoost, and Extra Trees base learners. SHAP-based interpretability analysis was
conducted using the LightGBM model, which achieved a very similar test performance and provided a suitable tree-
based structure for feature contribution analysis.

4. Data Collection

The dataset used in this study was obtained from the publicly available Wind Turbine SCADA Dataset on Kaggle
(Erisen, 2018) The dataset consists of wind turbine measurements recorded between January 1, 2018 and December
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31, 2018. It includes 50,530 observations with a temporal resolution of 10 minutes. Each observation contains the
timestamp, measured active power output, wind speed, theoretical power curve value, and wind direction.

The measured active power output, represented as LV ActivePower in kW, is selected as the target variable. Wind
speed, measured in m/s, and wind direction, measured in degrees, are used as the input variables. Although the dataset
also contains the theoretical power curve variable, this variable is excluded from the modeling process. This exclusion
is intentional because the theoretical power curve already embeds prior information about the expected relationship
between wind speed and power output. Including it as an input could make the prediction task artificially easier and
weaken the evaluation of whether the model learns the physical relationship from the raw wind variables.

The original wind direction variable is transformed into sine and cosine components before modeling. This
representation is more appropriate for directional data because wind direction is circular. For example, directions close
to 0° and 360° are physically similar, although they appear numerically distant when represented as raw degrees.

The final modeling dataset therefore includes the measured active power output as the target variable and three input
features: wind speed, sine of wind direction, and cosine of wind direction. The dataset is kept in chronological order
throughout the analysis to preserve the temporal structure and to avoid data leakage between the training and test
periods.

5. Results and Discussion

5.1 Numerical Results

The numerical performance of the proposed AutoML-based framework was evaluated on the chronological test set,
corresponding to the final 20% of the dataset. Table 1 presents the test results of the best AutoGluon ensemble model
and the LightGBM model used for interpretability analysis.

Table 1. Test performance of the selected models

Model RMSE (Kw) MAE (kW) R?
Weighted Ensemble 505.90 250.63 0.8579
LightGBM 509.32 250.32 0.8560

The best model selected by AutoGluon was Weighted Ensemble. This model combined the predictions of
LightGBMXT, LightGBM, XGBoost, and Extra Trees base learners and achieved the best overall predictive
performance on the chronological test set. This model achieved an RMSE of 505.90 kW, an MAE of 250.63 kW, and
an R? value of 0.8579 on the chronological test set. This result indicates that the proposed model explains
approximately 85.8% of the variation in measured active power using only instantanecous wind speed and wind
direction information.

The LightGBM model achieved a very similar performance, with an RMSE of 509.32 kW, an MAE of 250.32 kW,
and an R? value of 0.8560. Since its predictive performance was close to the ensemble model and it provides a tree-
based structure suitable for interpretability analysis, LightGBM was selected for SHAP-based model explanation. The
small performance difference suggests that LightGBM can serve as a reasonable interpretable proxy for analyzing the
main feature-response patterns observed in the AutoML framework.

The obtained results are important because no lagged power values, rolling statistics, or theoretical power curve values
were used as model inputs. Therefore, the models were not allowed to rely on previous power output or directly
embedded theoretical power information. Instead, they learned the relationship between instantaneous wind conditions
and active power output from the measured data.

5.2 Graphical Results

Figure 1 compares the actual and predicted active power values obtained using the Weighted Ensemble model on the
chronological test set. The predicted series generally follows the temporal behavior of the measured power output. In
particular, the model captures both low-production and high-production intervals. However, some deviations are
observed during abrupt transitions and near-zero production periods. These deviations are expected because the model
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uses only instantaneous wind speed and wind direction, without operational status variables, lagged power values, or
turbine control information.
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Figure 1. Actual and predicted wind power values using Weighted Ensemble
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Figure 2 presents the actual and predicted active power values obtained using the LightGBM model. The graphical
pattern is very similar to the ensemble model, which is consistent with the close numerical performance of the two
models. This result supports the use of LightGBM for interpretability analysis, since it provides nearly comparable
predictive accuracy while allowing a clearer examination of feature contribution patterns.
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Figure 2. Actual and predicted wind power values using LightGBM

Figure 3 shows the SHAP summary plot for the LightGBM model. The results indicate that wind speed is the dominant
input variable affecting the model output. Compared with wind speed, the sine and cosine components of wind
direction have considerably smaller effects. This finding is physically meaningful, since wind power generation is
primarily governed by wind speed, while wind direction has a secondary effect under the selected modeling setting.
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Figure 3. SHAP summary plot for the LightGBM model

Figure 4 illustrates the SHAP dependence of wind speed. The plot shows a nonlinear relationship between wind speed
and its SHAP contribution. At low wind speeds, the SHAP values are negative, indicating a reducing effect on
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predicted power output. As wind speed increases, the SHAP contribution rises sharply and becomes strongly positive.
At higher wind speed levels, the contribution tends to plateau, which is consistent with the typical behavior of wind

turbine power curves, where power output increases rapidly before approaching the rated power region.

SHAP Dependence of Wind Speed in the LightGBM Model
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Figure 4. SHAP dependence plot of wind speed for the LightGBM model

Figure 5 presents the cubic polynomial fit applied to the wind speed SHAP contributions. The cubic fit achieved an
R? value of 0.9231, indicating a strong agreement between the nonlinear SHAP pattern and a third-degree polynomial
trend. This result supports the interpretation that the model learned a nonlinear wind speed—power relationship that is
consistent with the expected physical behavior of wind power generation. However, this analysis should not be
interpreted as a mathematical proof of causality; rather, it provides model-based evidence that the learned relationship
is physically plausible.
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Figure 5. Cubic fit of wind speed SHAP contributions in the LightGBM model
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5.3 Proposed Improvements

Although the proposed framework achieved a high explanatory performance using only instantaneous wind speed and
wind direction, several improvements can be considered in future studies. First, operational variables such as turbine
status, pitch angle, rotor speed, generator temperature, or maintenance indicators could be incorporated if available.
These variables may help explain near-zero production periods and sudden deviations that cannot be fully captured
by wind speed and wind direction alone.

Second, future models may include carefully designed lagged variables and rolling statistics. In the present study,
lagged power values were intentionally excluded to evaluate the predictive capacity of instantaneous physical inputs.
However, in operational forecasting applications, lagged wind speed, lagged power, and rolling averages may improve
short-term prediction accuracy. If such variables are used, they should be constructed strictly from past observations
to prevent temporal data leakage.

Third, additional validation strategies can be used to improve the robustness of the results. For example, rolling-origin
evaluation or walk-forward validation can be applied to test whether model performance remains stable across
different temporal segments. This would provide stronger evidence of generalization under changing seasonal and
operational conditions.

Finally, the SHAP-based physical consistency analysis can be extended by comparing the learned SHAP pattern with
the theoretical turbine power curve. This comparison may help distinguish whether the model follows the expected
physical trend across the cut-in, rated power, and high wind speed regions.

5.4 Validation

The validation of the proposed framework was performed using a chronological hold-out test strategy. Unlike random
splitting, chronological splitting preserves the temporal order of the observations and prevents future information from
being used during model training. This is especially important for wind power prediction because random splitting
may overestimate performance by mixing similar temporal patterns across training and test sets.

The final 20% of the dataset was kept completely unseen during model training and was used only for testing. The
Weighted Ensemble model achieved an R? value of 0.8579 on this unseen test period, while the LightGBM model
achieved an R? value of 0.8560. The close performance of these two models indicates that the obtained results are not
limited to a single model structure.

Interpretability-based validation was also performed through SHAP analysis. The SHAP summary plot confirmed that
wind speed was the most influential input variable. In addition, the SHAP dependence plot showed a nonlinear
increasing pattern between wind speed and its contribution to predicted power. The cubic polynomial fit of the wind
speed SHAP values achieved an R? value 0f 0.923 1. This result supports the physical consistency of the learned model
behavior, since wind power generation is theoretically expected to exhibit a nonlinear relationship with wind speed.
Overall, the validation results show that the proposed framework provides both acceptable predictive performance
and physically interpretable model behavior under a leakage-aware chronological test setting.

6. Conclusion

This study developed a leakage-aware AutoML-based framework for wind power prediction using only instantaneous
wind speed and wind direction information. The dataset was split chronologically into training and test sets to prevent
temporal data leakage. Outliers were treated using wind-speed-bin-specific IQR thresholds and median active power
values derived only from the training set.

The best AutoGluon model, Weighted Ensemble, achieved an RMSE of 505.90 kW, an MAE of 250.63 kW, and an
R? value of 0.8579 on the chronological test set. These results show that the proposed framework can explain
approximately 85.8% of the variation in measured active power without using lagged power values or theoretical
power curve information.

In addition to prediction accuracy, the study evaluated model interpretability through SHAP analysis. The LightGBM

model was selected for this analysis because it achieved performance close to the ensemble model and provides a
suitable tree-based structure for feature contribution analysis. The SHAP results showed that wind speed was the
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dominant variable affecting power prediction. Furthermore, the cubic fit of wind speed SHAP contributions achieved
an R? value of 0.9231, supporting the physical consistency of the learned nonlinear relationship.

The main contribution of this study is the combination of leakage-aware chronological evaluation, AutoML-based
model comparison, and SHAP-based physical consistency assessment for wind power prediction. Future studies may
improve the framework by incorporating operational turbine variables, walk-forward validation, and carefully
constructed lagged features for short-term forecasting applications.
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