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Abstract—Forecasting wind power accurately remains a criti-
cal challenge in integrating renewable energy into modern power
systems. In response to this challenge, this paper presents a
hybrid ensemble learning framework for wind power point
forecasting, combining multiple Machine Learning regressors
through a meta-learning strategy. The approach leverages his-
torical SCADA measurements, weather forecasted data and
physically derived theoretical power curves to enrich the feature
space. A diverse set of base models, including linear, tree-based,
and gradient boosting regressors, are trained on a unified dataset,
and their predictions are subsequently used to train a Multi-
Layer Perceptron (MLP) meta-learner. This stacked ensemble
methodology captures both the individual model strengths and
their inter-dependencies, leading to improved generalization.
Experimental results, based on a real-world dataset from a Vestas
V52 wind turbine in Ireland, demonstrate that the meta-learner
consistently outperforms the individual regressors in terms of
accuracy, achieving R2 scores of 0.99. This proves that this study
offers an effective solution for improving short-term wind power
forecasting.

Index Terms—wind power forecasting, machine learning, meta-
learning, wind power, theoretical power curve

I. INTRODUCTION

During the 1980s, wind energy was largely dismissed by
the mainstream electric power industry as an experimental
or niche technology [1]. Since then, the global capacity for
wind energy has increased to 837 GW, contributing to an
annual reduction of more than 1.2 billion tonnes of carbon
emissions, which is an amount comparable to the total annual
emissions of South America according to the Global Wind
Energy Council [2]. Although it proves to be an incredible
Renewable Energy Source (RES) capable of offering increased
power generation at much lower costs and environmental
consequences, it requires efficient wind farm site selection
[3] and its integration into modern power systems presents
inherent unpredictability due to the intermittent nature of wind
energy [4].

On the demand side, this uncertainty has caused several
problems and therefore energy flexibility is needed [5], [6].
Furthermore, in addition to novelties in demand load fore-
casting [7], [8], recent developments in demand response
have sought to resolve the operational issues arising from the
integration of RES utilizing the demand flexibility [9]–[11].
However, the effectiveness of these novel techniques is highly
dependent on the conditions and capabilities of the energy
supply side and therefore it is crucial to improve the accuracy
of wind energy generation forecasting methodologies which
can be categorized into physical, statistical, Machine Learning
(ML) and hybrid methods [12]. In the ML category, several
studies have shown that an effective alternative to conventional
algorithms involves the use of ensemble predictors [13]–
[16], which combine multiple base models. By processing the
output of several weak learners, this approach can improve the
accuracy of both classification and regression tasks while also
potentially reducing computational overhead [17].

Despite its proven value, prior wind-power research still
omits physics-based power-curve features in stacked meta-
learners and lacks multi-year, turbine-level tests which are
gaps that highlight the contributions of this study. These
omissions underscore the contributions of this study, which not
only integrates theoretically derived features to better capture
the physical behavior of wind turbines but also validates the
proposed framework using a real-world, long-term dataset at
the turbine level, offering a more comprehensive and scalable
approach to wind power forecasting.

The paper is structured as follows: Section II contains a
description of the methodology followed for the conducted
experiment, as well as a brief overview of each model architec-
ture. The dataset used for this study, details of the experimental
process and final results are analyzed in Section III followed
by Section IV which contains the concluding remarks of this
study.© 979-8-3315-5636-5/25/$31.00 ©2025 IEEE



II. METHODOLOGY

The proposed approach of this study is shown in Figure 1.
It represents a hybrid ensemble methodology for Wind Power
Forecasting (WPF) by also incorporating meta-learning into a
unified framework. The process begins with data acquisition,
which includes the forming of the input dataset based on
historical weather forecasts and wind power generation data.
The collected information serve as essential input features,
capturing both historical trends and anticipated atmospheric
conditions. Furthermore, theoretical power curves calculated
through physical modeling are included as prior information
to improve forecast accuracy. These curves link manufacturer
specifications with meteorological inputs, allowing the models
to remain consistent with the physical principles underlying
wind energy production. Subsequently, multiple regressors are
trained on the pre-processed final dataset to generate individual
predictions, each capturing the underlying data patterns in
a different way. These predictions are then integrated into
a meta-learning framework as new input features and used
to train a Multi-Layer Perceptron (MLP) to optimize the
combination of these base outputs. This stacked-ensemble
approach yields the final predictions upon which a comprehen-
sive comparative analysis is conducted to evaluate performance
across models and assess the benefits of ensemble learning.

A. Individual Predictors

The individual regressors used in the initial prediction phase
serve as diverse learners, each independently trained on the
same dataset to capture varying relationships between input
features and the target variable. Their outputs reflect different
biases and strengths, which are later leveraged by the meta-
learner to produce a more accurate and robust final prediction.

1) Linear Regressor: The linear regressor is a fundamental
model that assumes a linear relationship between input features
and a target variable. Its formula consists of the weighted sum
of the input features and a bias as shown in Eq. 1

ŷ = w⊤x+ b (1)

where x is the input feature vector, w is the weight vector
and b is the bias.

2) Decision Tree Regressor: A decision tree regressor is
a supervised learning model used to predict continuous target
values by learning a hierarchy of decision rules from the input
features. Its internal nodes represent those decision rules based
on feature values, its branches correspond to the outcomes of
these rules, and its leaf nodes provide the final prediction,
calculated as the mean of the target values within that specific
data partition. In order to create this tree-like structure the
algorithm learns to perform splits by minimizing the variance
within each region. Once the best split is determined, the data
are divided into two subsets, namely the left and right node,
and the process is repeated for each subset recursively until a
stopping criterion is met as shown in Eq. 2

ŷ =
1

Rj

∑
xi∈Rj

yi (2)

where |Rj | is the number of samples in the leaf node Rj ,
xi is the feature vector of the ith training sample and yi the
corresponding target value for xi.

3) Random Forest Regressor: A random forest regressor
is an ensemble learning method that creates multiple decision
trees and the final output is the average of all their predictions.
Each tree is trained on a different sample of data and each split
considers a random subset of features to reduce similarities
between trees. The final prediction is given in Eq. 3

ŷ =
1

T

T∑
t=1

ft(x) (3)

where T is the total number of trees, ft(x) is the prediction
of the tth tree for the input feature vector x.

4) Extra Trees Regressor: Extra Trees, which stands for
Extremely Randomized Trees, is an ensemble ML model that
combines multiple decision trees, similarly to the Random
Forest, but it generates splits randomly without any optimal
threshold searching and it uses the entire training sample for
each tree. This increased randomness often leads to faster
training and can improve generalization.

5) Gradient Boosting Regressor: Boosting is an ML en-
semble technique that builds multiple weak learners, typically
decision trees, in a sequential manner while each new model
is trained to correct the residual errors of the previous ones.
At each iteration t, the model is updated to minimize the re-
maining prediction errors, resulting in a progressively stronger
and more accurate overall model, as described by the formula
in Eq. (4):

ft(x) = ft−1(x) + α · lt(x), α ∈ (0, 1] (4)

where ft(x) is the model at a time step t, lt(x) is the
weak learner trained on the residual error of the model at
the previous time step t − 1, while α is the learning rate.
The gradient boosting regressor extends the standard boosting
approach shown in Eq. (4) by training each new weak learner
on the pseudo-residual errors of the previous model. These are
defined as the negative gradients of a specified differentiable
loss function with respect to each sample and are detailed in
Eq. (5):

r
(t)
i = −

[
∂L(yi, ŷi)

∂ŷi

]
ŷi=ft−1(xi)

(5)

where r
(t)
i is the pseudo-residual of the ith sample at the

time step t, L(yi, ŷi) is the differentiable loss function, yi is
the true target value for the ith instance and ŷi is the predicted
value for the ith instance.
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Fig. 1: Proposed methodology workflow

6) AdaBoost Regressor: AdaBoost, which stands for Adap-
tive Boosting, is an algorithm that follows the basic boosting
principles defined in Eq. (4) but instead of using residuals
for a weak learner’s training, it updates sample weights after
each learner based on its accuracy. In this way, samples that
are difficult to predict are assigned larger weights. At each
iteration t, a weak learner is trained to minimize its weighted
average error as shown in Eq. 6

ϵt =

N∑
i=1

w
(t)
i · L(yi, ft(xi)) (6)

where w
(t)
i is the weight of sample i at iteration t and

L(·) is the loss function. This error reflects the weak learner’s
performance and is used to calculate the weighted coefficient
for this weak learner as shown in Eq. 7, which in turn is used
in Eq. 8 to update the sample weights.

αt = ln

(
1− ϵt
ϵt

)
(7)

wt+1
i = w

(t)
i · e(at·L(yi,ft(xi))) (8)

This adaptive mechanism allows AdaBoost to focus on
difficult examples and progressively refine its predictions with
each iteration.

7) CatBoost Regressor: Traditional gradient boosting trains
each weak learner on residual errors computed from the
same dataset, which can lead to data leakage. Additionally,
it requires manual encoding of categorical features to han-
dle them effectively. CatBoost addresses these limitations
by implementing ordered boosting and leak-free target-based
encoding. It also constructs symmetric trees, where each split
at a given depth occurs on the same feature using the same
threshold. Rather than using pseudo-residuals as in Eq. (5),
CatBoost trains on ordered pseudo-residuals, as defined in Eq.
(9), where each residual for a data point is calculated using
only the samples that precede it in a given permutation σ.

r
(t)
i = −

∂L
(
yi, f

σ(i)−1
t−1 (xi)

)
∂ŷi

 (9)

where σ(i) is the position of the instance i in the permutation
and f

σ(i)−1
t−1 (xi) is the the previous model’s prediction whose

training was on the first σ(i)−1 instances of the permutation.
In addition, regarding categorical encoding, CatBoost replaces
each instance of a categorical variable with the mean target
value of that category, calculated using only the preceding
instances in a specified permutation σ, thereby preventing
target leakage. This encoding strategy is formally defined in
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Eq. (10).

x̂i
k =

∑
xj∈Dk

1{xi
j=xi

k} · yj + ap∑
xj∈Dk

1{xi
j=xi

k} + α
(10)

where x̂i
k is the encoding of the categorical feature i of

instance k, Dk = {xj : σ(j) < σ(k)} the set of instances
before the instance k, p is the prior target value and α is
a regularization constant controlling the influence of the prior
target value.

8) XGBoost Regressor: XGBoost, which stands for Ex-
treme Gradient Boosting, is built upon the same foundational
principles of gradient boosting outlined in Eq. (4) and Eq.
(5), and employs a level-wise strategy for splitting tree nodes.
Rather than fitting each weak learner to the pseudo-residuals
of the previous model, XGBoost introduces a regularized
objective function L(t), as defined in Eq. (11), which guides
the selection of the next learner. This objective incorporates
both the first- and second-order derivatives of the loss function,
enabling more precise optimization, while the regularization
term Ω(lt) which penalizes the chosen weak learner’s com-
plexity to prevent overfitting as shown in Eq. (12).

L(t) =

n∑
i=1

L(yi, ŷi
(t)) + Ω(lt)

L(yi, ŷi
(t)) ≈ L(yi, ŷi

(t−1)) + gilt(xi) +
1

2
hil

2
t (xi)

(11)

Ω(lt) = γT +
1

2
λ
∑

w2
j (12)

where gi and hi are the gradient and hessian, respectively, of
the last model’s loss function, T is the number of leaves the
weak learner has, λ is the L2 regularization term which helps
avoid overfitting, γ is the weak learner complexity penalty
and wj is the weight of leaf j. In this way, the XGBoost
model considers both the prediction accuracy and the model
complexity for each iteration, offering more accurate and
robust predictions.

9) XGBoost Random Forest Regressor: The XGBoost Ran-
dom Forest (XGBRF) model is an extension of the standard
XGBoost framework that adopts a bagging-based approach,
closely resembling the behavior of traditional Random Forests.
Instead of building trees sequentially to correct the errors of
previous models, XGBRF constructs trees independently on
randomly selected subsets of the training data. Once training
is complete, their outputs are averaged to generate the final
prediction. Despite this structural shift, XGBRF still benefits
from the efficient tree-building algorithm and regularization
mechanism of XGBoost, offering a robust and scalable en-
semble method for regression tasks.

B. Meta-Learning Procedure

Each individual predictor is trained on the same data and
provides individual predictions. Each predictor’s results is con-
sidered a new input feature and used to form another dataset
solely for the training of the meta-learner. The meta-learner

chosen is a MLP, which after its initial training provides the
final predictions.

The MLP is considered one of the first neural networks
capable of capturing non-linear relationships between input
features and the target variable. It is constructed from single
artificial neurons that accept the weighted input of other neu-
rons output and process them through an activation function
along with a certain bias to calculate its own individual, as
can be seen in Fig. 2

Fig. 2: Single neuron architecture [18]

Its function can be described mathematically as shown in
Eq. 13:

Output = sign

(
n∑

i=1

wipi + b

)
(13)

where pi is the ith input which can be either an input feature
or the output of a neuron, wi is the weight of the ith input
and b is the bias. Specifically, the MLP includes one or more
hidden layers of neurons, as illustrated in Fig. 3, which model
the non-linear relationships in the input data before producing
the final prediction through a single output neuron.

Fig. 3: MLP architecture (classification example) [18]

After an output is provided through training, the error
is back-propagated to alter its parameters such as a hidden
layer’s weights and biases until no further improvement can
be applied to the predictions as seen in Eq. 14 which focuses
on an individual weight:

w = w +∆w where ∆w = −η
∂w

∂L
(14)
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where ∆w is the change in the weighted term, η is the
learning rate and L is the error function.

III. CASE STUDY

A. Data set

For the purpose of this experiment, a dataset representing
the energy behavior of a wind turbine located in Ireland was
used. Its specific characteristics are shown in Table I and in
order to further enrich this dataset with additional valuable
information, weather data corresponding to the location of the
turbine were also incorporated.

TABLE I: Vestas V52 wind turbine specifications

Characteristic Value

Hub height [m] 60
Rotor diameter [m] 52.0
Swept Area [m2] 2,214.0
Number of blades 3
Cut-in wind speed [m/s] 3.0
Rated wind speed [m/s] 14.0
Cut-out wind speed [m/s] 25.0
Rated power [kW] 850.0

The dataset is a multi-year operational time series compiled
by Byrne and MacArtain [19], based on a Vestas V52 wind
turbine located at Dundalk Institute of Technology, Ireland
(53°59’00.7”N, 6°23’29.0”W). It operates in an urban setting
at an altitude of 9 meters, while its rotor is situated at 60 meters
with a swept area of 2,124m2. Its maximum power output
is 852 kW and Supervisory Control and Data Acquisition
(SCADA) systems were used to record data at 10-minute in-
tervals over nearly four years, from 2016 to 2020. Specifically,
the active power output, wind speed and wind direction were
collected from the initial data.

Moreover, Figure 4a shows a scatter plot between active and
theoretical power generation based on wind speeds. A cut-in
region for low wind speeds below 3m/s is evident and shows a
power production close to zero as expected, while it increases
rapidly after that until a certain saturation period is reached.
In theory, this period begins when wind speed becomes higher
than 16m/s but multiple cases of maximum wind power
output can be identified for wind speeds even below 13m/s.
The theoretical power curve shows considerable variability,
especially for wind speeds close to the saturation period, but
it exists between acceptable boundaries accounting for factors
such as turbulence, environmental conditions, and mechanical
inefficiencies. Active power output shows an expected spread
from the theoretical curve, especially for wind speeds above
12m/s as both overestimation and underestimation can be
identified, mainly due to limitative factors such as environ-
mental effects and sensor inaccuracies. Furthermore, Figure 4b
reveals that the dominant wind directions that contribute the

most to power generation range from 90°–160° (Southeast)
and 200°–300° (Southwest).

The finalized set of input features also includes the theoret-
ical power output of the turbine. To calculate this, historical
weather data from the Open-Meteo Application Programming
Interface (API) [20] were used. Specifically, exact location
coordinates of the turbine were provided to retrieve historical
values of air temperature, dew point temperature, and sea-level
pressure at an hourly resolution for the corresponding time
period. However, a time-resolution alignment was required
since the turbine’s meter readings were recorded at 10-minute
intervals, which led to the duplication of each hourly weather
value across six consecutive intervals.

B. Experimental design

Initially, for the correct execution of this experiment, a
dataset of appropriate structure and consistency must be con-
structed to support the training of the models. The information
collected from the original dataset includes active power mea-
surements, wind speed, wind direction and the corresponding
timestamps. For an additional enhancement of the data and
the theoretical power estimation, weather-related inputs such
as temperature, dew point, pressure and relative humidity were
incorporated. Subsequently, any outliers present in features
such as active power, wind speed and wind direction are
identified and replaced with the mean of neighboring values to
maintain data integrity. Moreover, the feature space was further
enhanced with new features derived from existing ones. In
particular, the time step feature was decomposed into month,
week, day, hour, minute, and season to better capture temporal
dependencies and seasonal patterns in the data. Furthermore,
the mean wind speed, the mean wind direction, and the wind
orientation were calculated, along with the sine and cosine
transformations of wind direction, to more effectively model
their periodic nature and therefore complex relationship with
the target variable.

Following the formation and pre-processing of the final
dataset, a splitting procedure occurred that led to the formation
of a training dataset with the first 80% of the data and a testing
dataset with the final 20% of the data, while a normalization
step was applied to scale all variables to the [0,1] range to
mitigate the increased influence of features with much higher
numerical values during training. Furthermore, the regressors
used for the initial training are shown in Table II and all
models undergone optimization except the linear regressor.
The main hyperparameter tuned was the maximum depth
for each base learner these regressors utilize for their final
predictions and its value was set to 10 to prevent possible
overfitting.

Following the initial training, each regressor’s predictions
were provided for the previously generated testing dataset.
This was further split to a new training and testing dataset with
the same ratio, while the individual model’s predictions formed
a new input feature set for the meta-learner. For this purpose,
an MLP with one hidden layer paired with a dropout layer was
chosen to train for 50 epochs on this feature set and capture the
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TABLE II: Base Regressors Specifications

Regressor Specifications

Linear Regressor -
Decision Tree Regressor Max Depth = 10
Random Forest Regressor Max Depth = 10
Extra Trees Regressor Max Depth = 10
Gradient Boosting Regressor Max Depth = 10
AdaBoost Regressor Max Depth = 10
CatBoost Regressor Max Depth = 10
XGBoost Regressor Max Depth = 10
XGBoost Random Forest Regressor Max Depth = 10

dependencies between each prediction and the actual value. In
addition, hyperparameter optimization was performed through
the Optuna Library [21] to obtain the optimal value of its
hyperparameters between the ranges shown in Table III

TABLE III: MLP hyperparameter optimization

Hyperparameter Range

Hidden layer size [32, 64, 128]
Learning rate [0.0001, 0.001, 0.01]
Dropout rate [0.2, 0.3, 0.4, 0.5]
Batch size [32, 64]

The final model had a hidden layer of size 32, with a
learning rate of 0.001, a dropout rate of 0.5 and the follow-
ing training was performed with a batch size of 32 where
the model was used to generate predictions on the unseen

testing dataset. These predicted values were then inversely
transformed to restore their original scale, allowing for a direct
comparison with the actual measurements. This enabled a
thorough performance evaluation using several widely adopted
error metrics, including Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and the coefficient of determination (R2 score).

C. Results

In order to illustrate the performance of the ensemble strat-
egy for short-term WPF as proposed in this study, a compre-
hensive comparison of the prediction results between the MLP
meta-learner and each individual regressor is performed by
utilizing the aforementioned performance evaluation metrics.

To this end, the respective performance of the various re-
gression models together with the Ensemble MLP meta-learner
across the entirety of the final test set is presented in Table IV.
Among the evaluated models, the proposed ensemble method
achieves the lowest error across all three related key metrics
such as RMSE, MAE and MAPE, demonstrating high accu-
racy and consistency while managing to keep large deviations
to a minimum. In addition to minimizing the prediction error, it
also manages to attain the highest coefficient of determination
with a score of 99%. This exceptionally high R2 score implies
the ability of the model to also accurately capture the underly-
ing structure and temporal dependencies within the data. From
the base learners, random forest and linear regressors perform
reasonably well with R2 scores being relatively close to that
of the meta-learner, but their elevated RMSE and MAE values
suggest increased deviations from the actual observations. On
the other end of the spectrum, XGBoost records the highest
MAPE among all models, indicating a greater relative error
in its predictions, while AdaBoost consistently performs the
worst across all other metrics, indicating that it is in fact the
least reliable model for this task.

(a) Power production and wind speed scatter plot (b) Power production and wind direction polar plot

Fig. 4: Data visualization plots
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Moreover, a comparison of the predicted day-ahead power
generation values of the meta-learner against the ground
truth is presented in Fig. 5a, while a visualization of the
respective error is included as well. As can be observed,
the aforementioned results are validated, since the prediction
line closely tracks the actual values even during peak loads,
while the total absolute error is consistently low throughout
the sequence, confirming the model’s stability, accuracy and
capacity to capture nonlinearity.

(a) Day-ahead MLP Ensemble predictions plot

(b) Cross-model error distribution plots

Fig. 5: Ensemble method forecasting performance visualiza-
tions

Lastly, to further understand the distribution of absolute
errors across all tested models, several violin plots are pre-
sented in Fig. 5b. The Meta-MLP model again exhibits an
error distribution characterized by increased concentration

and narrowness which translates to minimal variation and a
consistently low prediction error. In contrast, models such as
AdaBoost, XGBoost and Decision Trees show much wider and
skewed distributions, which indicates higher error variance and
more frequent large deviations.

Overall, the results demonstrate the superiority of the en-
semble technique through an MLP meta-learner which effec-
tively integrates the strengths of individual models to deliver
competitive performance, while also confirming the value of
stacking-based ensemble learning in enhancing the predictive
performance on such a complex regression task.

IV. CONCLUSIONS & FUTURE WORK

This study introduced a meta-learning-based ensemble
framework aiming to enhance the accuracy and reliability
of wind power point forecasts. By capturing the non-linear
relationships between several heterogeneous regressors predic-
tions and the actual target values using an MLP, the proposed
methodology effectively harnesses the individual strengths
of each base model. The integration of physically derived
theoretical features, rigorous preprocessing and optimized hy-
perparameter tuning contributed to a robust learning pipeline.

Experimental evaluation confirmed that the meta-learner not
only outperformed the individual models in terms of predic-
tive accuracy, but also demonstrated superior generalization
capability, achieving near-perfect R2 scores. These results
highlight the potential of ensemble meta-learning approaches
to address the inherent uncertainty and complexity of wind
power forecasting tasks.

Despite the performance of the model though, it is evidently
constrained to a single on-shore turbine and a fixed ten
minutes sampling which may mask sub-minute dynamics.
As such, future work will aim to: (i) extend the framework
to handle multiple turbines with varying configurations and
geographical locations, (ii) incorporate higher-resolution het-
erogeneous temporal data to capture short-term variability,
(iii) investigate probabilistic forecasting techniques to provide
uncertainty quantification alongside point estimates and (iv)
explore adaptive and online learning strategies for continuous
model updating in dynamic real-time environments. These
steps in future research will support further improving the ro-
bustness, scalability, and practicality of the proposed approach
for large-scale wind energy integration.
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TABLE IV: Total metrics results

Metric AdaBoost CatBoost DecisionTrees ExtraTrees GradientBoost Linear RF XGB XGBRF Ensemble-MLP

RMSE 54.513 32.426 36.566 29.581 30.527 27.403 31.478 38.304 34.022 23.246
MAE 34.425 19.372 19.515 17.157 17.919 18.301 18.486 23.684 20.118 13.841
MAPE 0.378 0.352 0.325 0.355 0.364 0.434 0.299 0.497 0.410 0.234
R2 Score 93.282 98.062 97.508 98.393 98.275 98.674 98.161 97.235 97.820 99.004
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