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Abstract— This research investigates the prediction of wind turbine active power using machine learning techniques. The aim is to
enhance forecast reliability in the face of changing environmental factors. Three models are examined: Decision Tree, Random Forest,
and LightGBM. The input features include wind speed, wind direction, and theoretical power, recorded over a full year at ten-minute
intervals. The data are divided into 80% for training and 20% for testing. The Decision Tree model produces the highest prediction error.
The Random Forest model improves accuracy by reducing variability. LightGBM delivers the most accurate results, with the lowest
RMSE =6,39% and strong agreement with actual values. This approach highlights the effectiveness of ensemble models, especially
LightGBM, for wind power prediction. These models offer valuable support for operational planning and predictive maintenance in wind
energy systems.
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I.  INTRODUCTION

Wind power accounted for more than 10% of global electricity production. This share is expected to increase in the coming
years. However, managing wind energy production presents challenges due to the variability of weather conditions, which directly
affect electricity generation [1].

In the study by Dhungana (2025) [2], Random Forest and Decision Tree models were used for predictive maintenance of
wind turbines. The results showed that the Random Forest model, trained on historical production and maintenance data, achieved
a root mean square error (RMSE) of 0.15, indicating good accuracy in failure prediction.

In 2023, Liu et al. [3] combined LightGBM with digital filtering techniques to improve short-term forecasting accuracy.
Using environmental sensor data collected over a six-month period, the model achieved an RMSE of 0.12, outperforming traditional
methods.

Kazmi et al. (2023) [4] developed an architecture combining CNN and RNN to capture both spatial and temporal features
of wind data. By using numerical weather forecasts and production data from multiple wind farms, the model outperformed
LightGBM and other tree-based regressors, although exact RMSE values were not specified.
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Around 2022, Drisya et al. [5] used the Random Forest model to forecast wind speed, a key factor in estimating wind
power. By training the model with two weeks of data and forecasting up to three years ahead, they achieved an RMSE below 1.5
m/s for short-term predictions, indicating good accuracy.

This study applies several machine learning models to wind power forecasting. The models examined are Decision Tree,
Random Forest, and LightGBM. The goal is to analyze their ability to estimate wind power. The methodological approach includes
data collection, model training, and results analysis. These principles aim to optimize the energy management of wind farms and
improve renewable energy forecasting tools.

IL. DATA USED AND PREPROCESSING

The wind turbine under consideration has a rated power of 3,618.73 kW. It operates optimally at a wind speed of 7.10 m/s
and reaches its maximum performance at 13 m/s. Its rotor, with a diameter of approximately 120 meters, sweeps an area of 11,310
m?, maximizing wind energy capture. With a mass of 120 tons, it maintains essential structural stability, particularly under extreme
conditions. It is equipped with three fiberglass-reinforced composite blades, ensuring both durability and aerodynamic efficiency.
The generator, which is slot less, brushless, and uses permanent magnets, provides reliable and continuous electricity production.
The electrical system operates at a voltage of 120/240 VAC, with a frequency range of 59.3 to 60.5 Hz.

The data were collected over a one-year period, with a time step of ten minutes, allowing for detailed analysis of parameter
variability. The dataset includes five main temporal variables: date and time, active power (in kW), wind speed (in m/s), the
theoretical production curve (in kWh), and wind direction (in degrees). For modeling, 80% of the data are used for training, enabling
the models to be tuned to the specific characteristics of the system under study. The remaining 20% are used to test the model’s
robustness by evaluating its performance on unseen data. This approach ensures a reliable assessment of the models under real-
world operating conditions.

Figure 1 shows the distribution of active power (LV ActivePower (kW)) after data filtering. This analysis is useful for
understanding extreme production behaviors in turbines or identifying data that require preprocessing before applying a predictive
model.
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Figure 1: Distribution of Active Power

. METHODOLOGY OF MACHINE LEARNING MODELS
III.1  Analysis of Correlation Between Numerical Variables

Figure 2 shows a correlation matrix between the variables. This visualization illustrates the strength and direction of the
linear relationships between these variables.

The correlation between active power and wind speed is 0.94: This is a strong positive correlation, confirming that an
increase in wind speed is directly related to an increase in power produced by the wind turbine, up to a certain threshold.
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The correlation between active power and wind direction is -0.07: The relationship is almost nonexistent (value close to
0), indicating that wind direction has no significant impact on the power produced, likely due to the wind turbine's mechanism that
automatically aligns itself with the wind.

The correlation between wind speed and wind direction is -0.07: This relationship is also weak, reflecting the relative
independence of these two variables in the analyzed data.

This analysis helps identify the most relevant variables for modeling. Wind speed is a key variable for predicting active
power, while wind direction is used for secondary analyses.

Correlation Matrix of Varizblag

Figure 2 : Correlation Analysis
II1.2  Handling of Temporal Variables

For the extraction of temporal features from the "Date/Time" column, information such as month, day, hour, minute, and
season is retrieved. To create temporal categories, the season (winter, spring, summer, autumn) and time of day (morning, afternoon,
evening, night) are derived from the hour. These new categories can be used for machine learning model analysis. The probability
density is determined based on the Weibull distribution relationship [6]:

Where,
y : probability density for a standardized wind speed V (unitless),
V : standardized wind speed (unitless),
k : shape parameter that determines the form of the curve,
A : standardized scale parameter.
If k > 2 : the curve is more symmetric with a well-defined peak.

If k < 2: the curve is more spread out and asymmetric.

1

2= (EzL i) @)

For approximately k = 1, we have: 4 = 1,05.
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Figure 3 shows that wind speed and direction do not follow a linear trend but vary seasonally.

The monthly trend of wind speed peaks in March and then gradually decreases until November. Wind speed shows
fluctuations, with a slight increase in December.

Wind direction varies significantly throughout the months. Notable decreases are observed in April and September,
followed by peaks in November and December.

Monihly Trend of Wind Spoed Monthly Trend of Wind Direction
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Figure 3 : Monthly Trend of Variables

III.3  Polar Analysis of the Joint Distribution of Wind Direction and Speed
To perform the polar analysis, the following relation should be applied [7], [8]:

fo.vy="22x100  (3)
Where:
£(6,V) : relative frequency of winds coming from direction 8 with speed V,
n(8,V) : number of occurrences of wind measured in direction 6 with speed V,
N : total number of wind observations across all directions and speeds,
6 : wind direction (N, NE, E, SE, S, SW, W, NW), expressed in degrees (°),
V : wind speed, expressed in m/s (V € [0,5], [5,10],[10,15], [15,20] et [20,25]).

Figure 4 presents a polar analysis showing the joint distribution of wind direction and wind speed. Each segment of the
chart corresponds to a wind direction range, while the colors and lengths of the bars indicate wind intensity in different directions.

The wind most frequently blows from the N, NE, and E directions, with a relative frequency of f(6,V) = 23.1% (high
frequency).

The purple color indicates low wind speed.
The contour lines reflect variations in the average wind speed, indicating higher intensity in certain directions.

The standard deviation (yellow color) highlights the variability of wind speeds around the mean.
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Wind Rose Contours With Speed Variability

Figure 4 : Wind Direction as a Function of Wind Speed
II1.4  Decision tree

A decision tree is a hierarchical structure that partitions data based on information criteria. It is built recursively by selecting
the best feature at each node to maximize class separation [9], [10]. Let X be a discrete random variable taking n values x4, ..., x,
with corresponding probabilities ps, ..., p,. The entropy of X, usually denoted as H,(S),, is defined as:

Hyp(S) = = Xi1 pilogi(p:) 4)
Where denotes the logarithm base (often, b = 2).

For the partitioning of wind speed, several threshold values v' must be tested to split the entropy H(X) into two subsets.
If v < v, the entropy is denoted as H, (X,):

Hy(S1) = = Xiz1pilogi(po) (5)
If v > v', the entropy is denoted as H;, (Xg):
Hy(Sg) = — Xiz1 pilogi(pi) (6)
The information gain (GI(S,v') > 0 : the operation is useful) is given by the following expression:
GI(S,v") = Hy(S) — PLH,(S,) — PrH,(SR) @)
Then, we have:

1
Ppredict(v) = HZjeSin avec v; €S; ®)

Where Py,cqice (v) is the predicted active power, v; is the wind speed, and S; is the entropy. The tree learns to predict Y, the active
power, to split the data based on the following:

e Wind speed (m/s)
e  Wind direction (°)
e  Theoretical power curve (kWh)

This is the presentation of the decision tree for data segmentation.
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Figure 5 : Decision Tree Diagram

111.4 Random Forest

Random Forest is an ensemble of decision trees built from data sub-samples. Each tree votes for a final prediction, which
reduces the risk of overfitting and improves model robustness [11], [12]. The out-of-bag error (OOBE) is similar to cross-validation
[1]. It represents the average of all predictions made on unseen data.

5.2
0OO0BE = 2;’;1 i n}’z) (9)
Where §; are the predicted values.
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Figure 6 : Random Forest Logic

Random Forest combines tree bagging and feature sampling.
Poag() = 3251 PO (v) (10)
Where:

e v isthe wind speed,

e B is the number of decision trees in the random forest,

e P®(p) is the active power prediction made by the b-th tree,

o Pyqg(v) is the final prediction obtained by averaging the predictions of all trees.

III.5  LightGBM (Light Gradient Boosting Machine)

LightGBM is a gradient boosting algorithm optimized for speed and performance. It builds decision trees in a leaf-wise
manner rather than level-wise (depth-wise), which improves convergence and accuracy while maintaining low memory usage [13],
[14].

F = argminE, ,[L(y, F(x)] (11)
F

F is the optimal function that best approximates the relationship between inputs x and output y. L(y, F(x) is the loss function that
quantifies the error between the predicted value F(x) and the true value y.
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ﬁ(v) = Z%:l W * iy (V) (12)
Where:
e P(v) is the predicted active power in kW
e M is the total number of trees in the model

e w, is the weight assigned to tree m
e h,(v) is the prediction from tree m for a given wind speed v

111.6 Evaluation et sélection du modéle

At the end of the entire process, the best-performing model is selected for deployment in production. Among the available
metrics, the coefficient of determination (R?), the mean absolute error (MAE), and the root mean square error (RMSE) were chosen
for the evaluation stage, [15], [16].

2 = 1 _ Za0im90?
R 1 Z:l=1(yi_3_’)z (13)
1 ~
MAE =~ i=1lyi = 9l (14)

RMSE = | p O (15)

Where:

e y;are the observed values,
e ¥;are the predicted values,
e nis the number of data points.

IV. RESULTS
IvV.1 Decision tree

Figure 7 illustrates decision tree regression applied to the prediction of wind turbine active power based on wind speed
and direction. The data distribution highlights a strong dependence of active power on wind speed, with saturation occurring beyond
a certain threshold. The decision tree appears to capture the general trends well, although discontinuities are present due to the
segmented nature of this type of model. These results suggest that optimization techniques could improve prediction accuracy.

Decision Tree Regression
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Figure 7: Model 001 Decision Tree
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1v.2 Random forest

Figure 8 shows the regression performed using a Random Forest model to predict active power based on wind speed and
direction.

The prediction surface appears to follow the trend of the actual data more closely compared to the decision tree.Random
Forest reduces the discontinuity effect observed with the decision tree by smoothing the prediction surface through the aggregation
of multiple trees.

The closer alignment between predictions and real data suggests a better ability of the model to capture the complex
nonlinearities of the phenomenon.

These results confirm that using ensemble methods like Random Forest can improve prediction reliability for wind turbine
predictive maintenance.

Random Forest Regression
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Figure 8:Model 002 Random Forest
IV.3  LightGBM

The LightGBM model is capable of capturing complex and non-linear relationships between the input variables and the
target variable. In Figure 55, the prediction surface closely follows the distribution of the actual data, indicating that LightGBM
effectively learns the underlying trends of the phenomenon under study. However, the observed discrepancies suggest that some
variations are not fully accounted for.

Regression with LightGBM

Active Power (KW)

Figure 9 : Model 003 LightGBM
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V.  DISCUSSIONS

The figure 10 compares the actual values with the predicted values from three machine learning models: Decision Tree,
Random Forest, and LightGBM. Each colored point represents a prediction made by one of these models, plotted against its
corresponding actual value. The red dashed line represents perfect alignment between predictions and real observations.

Actual vs Predicted Power Output

Decision Tree (RMSE = 196.8275)
Random Forest (RMSE = 134.0254)
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Figure 10 : Actual vs predicted values for multiple models

The figure 11 illustrates a comparison of the relative errors (RMSE in percentage) obtained by different machine learning
models. The Decision Tree model records the highest error, with an RMSE of 13.96%, indicating low prediction accuracy. In
comparison, the Random Forest model significantly reduces the error, reaching an RMSE of 9.56%, thus demonstrating better
generalization capability. The LightGBM model achieves the lowest error, with an RMSE of 6.39%, indicating excellent fit on both
training and test data. These results highlight the superiority of LightGBM in modeling the relationship between environmental
variables and the generated active power.

RMSE Comparison with Percentage
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Figure 11 : Comparison of models (RMSE)

The model's predictions are compared to the actual active power values for each record in the validation dataset. A strong
alignment between the two curves highlights the model’s ability to capture variations in energy production. Figure 61 presents the
comparison between the actual LV active power and the predicted values (in kW) across the entire dataset. This visualization helps
evaluate the performance of the predictive model by observing the alignment between the actual and predicted curves. A strong
concordance between the two lines indicates the model’s good ability to reproduce the real trends and variations in the data.
However, visible deviations between the two curves also reveal specific areas where model improvements or adjustments to input
data may be necessary.
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Figure 12 : Actual vs Predicted LV Active Power (kW).
VI. CONCLUSION

This research highlights the potential of advanced predictive models, particularly the LightGBM algorithm, to significantly
improve the accuracy of wind power forecasting. With a root mean square error (RMSE) reduced to 6.39%, the model reliably
anticipates production variations, even under changing environmental conditions.

Such accuracy provides a strategic advantage in the renewable energy sector. It allows for more efficient energy production
planning. This reduces the reliance on fossil-based backup sources during wind fluctuations. It also contributes to more effective
maintenance scheduling, which extends equipment lifespan and lowers operational costs.

By providing stable and realistic forecasts, this approach facilitates the integration of wind energy into even the most
complex electrical grids. It enhances the reliability of the energy system and supports the transition toward a more sustainable
model.

The outcomes of this research confirm that advanced learning models can play a vital role in the intelligent management
of renewable resources, offering practical solutions to the challenges posed by their inherent variability.
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