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Wind power forecasting is very crucial to ensure stable renewable energy (RE) integration and the stability of
power systems. In this research work, several machine learning (ML) models, such as linear regression (LR),
random forest (RF), gradient boosting (GB), extreme GB (XGBoost), and grid search cross-validation (GS-CV)
optimized XFGBoost are analyzed in terms of their performance for wind power forecasting using a real-life
large dataset having weather and temporal features. Performance of these models is analyzed using metrics
such as mean absolute error (MAE), root mean square error (RMSE), and correlation factor (R2). It is found that
XGBoost with GS-CV approach consistently performs better than other models with the minimum prediction
error and maximum R2 value. The results show that hyperparameter-optimized XGBoost can greatly enhance
forecasting accuracy and generalization, providing a practical data-driven solution for wind power forecasting
and decision-making.
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1. Introduction

The nonlinear and volatile nature of wind energy imposes
significant challenges for modeling and prediction [1]. Con-
ventional statistical methods, like autoregressive moving
average (ARIMA) models and their variants, are commonly
used for wind energy prediction due to their simplicity, in-
terpretability, and ease of implementation [2]. While these
methods are effective for short-term analysis, their accuracy
decreases for longer-term forecasts, particularly when the
process is highly nonlinear and variable [3]. Basic machine

learning (ML) models, including Support Vector Regressor
(SVR) [4], decision tree (DT) Regressor, k-nearest neighbors
(KNN) [5], Artificial Neural Network (ANN), Multi-layer
Perceptron (MLP) [6], and Radial Basis Function (RBF) [7]
have been introduced to address the challenges existing
with traditional statistical models. However, the basic ML
models have drawbacks of their own. These include a
loss of interpretability, a tendency to overfit, and a need
for proper feature selection and scaling, particularly when
dealing with large, turbulent data sets [7]. On the other
hand, many researchers have employed ensemble tech-
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Table 1. A sample of Wind Power Dataset

Date/Time
LV Active

Power (kW)
Wind Speed

(m/sec)
Theoretical power

curve (kWh)
Wind

direction (◦)

01-01-2018
00:00:00

380.047. 5.311 416.328 259.994

01-01-2018
00:10:00

453.769. 5.672 519.917 268.641

01-01-2018
00:20:00

306.376 5.216 390.900 272.564

niques in recent research to enhance the performance, ro-
bustness, and practical value of multiple weak learners
[8]. Random Forest (RF) [9], Stacking ensemble [10], and
Gradient-Boosting methods, including CatBoost, XGBoost,
and LightGBM, have shown superior performance in short-
and medium-term wind power prediction [11]. Among
ensemble methods, XGBoost has emerged as a preferred
technique for predicting wind power, thanks to its regu-
larized gradient-boosting, rapid parallel tree building, and
impressive performance on meteorological data [12].

Moreover, for forecasting wind energy, various opti-
mizations have been proposed to increase the efficiency of
XGBoost, such as Bayesian optimization [13], variational
ant colony optimization (ACO) [14], genetic algorithm (GA)
optimization [15] and the grid search with cross-validation
method (GS-CV) [16]. Out of all the above optimizations,
GS-CV proves to be more reliable with high prediction ac-
curacies and reportable parameters, which makes it more
desirable in the case of XGBoost wind power forecasting
applications because of its simplicity and systematic nature.
However, the GS-CV method is used in only a few stud-
ies, as most studies use either metaheuristic or Bayesian
methods with opaque tuning. Hence, this work adopts GS-
CV-optimized XGBoost and explores a defined hyperpa-
rameter space (number of trees, maximum depth, learning
rate, subsampling, and column-sample ratios) in a deter-
ministic manner. Using K-fold cross-validation minimizes
overfitting and establishes a clear optimization protocol. It
outperforms LR, GB, RF, and standard XGBoost models,
with lower error metrics (MAE and RMSE) and a higher R2.
The findings show that systematic hyperparameter opti-
mization significantly improves the accuracy of XGBoost’s
short-term wind power estimates. The main contributions
of this study are as follows: (i) Forecasting wind power
generation is done with utilization of LR and ensemble
predictive models (GB, XGBoost, and CS-CV optimized
XGBoost); (ii) An optimized XGBoost predictive model is

developed using the GS-CV optimization strategy; and (iii)
The predictive models are trained, and the predictive met-
rics (MAE, RMSE, and R2) are evaluated to confirm their
performance.

2. Materials and methods

For predicting the wind power generation, the ML algo-
rithms such as LR, GB, XGBoost, RF, and GS-CV-optimized
XGBoost are utilized in the present study. The models are
trained using real-time wind power data obtained from
Kaggle [17]. The dataset comprises SCADA data recorded
at 10-minute intervals from 1 January 2018 to 31 December
2018, consisting of four attributes: wind speed, theoretical
power curve, wind direction, and wind power. For exam-
ple, the top three rows of the dataset variables are shown
in Table 1.

The ML algorithms were designed and evaluated us-
ing the Python 3.10 version in the Google Colaboratory
platform, whereas simple data processing and basic data
analysis were conducted on the personal computer having
the Intel Core i5-1135G7 CPU and 16 GB RAM.

The entire procedure involved in the wind power pre-
diction is illustrated in Fig. 1. The ML models adopted in
this study are presented in the next subsections.

Fig. 1. Overall Process of Wind Power Forecasting

2.1. Data Analysis

During preprocessing, the dataset is examined for miss-
ing values, duplicates, outliers, and correlations among
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attributes. Subsequently, anomalies are identified and re-
moved to produce a clear, appropriate dataset for training
the predictive models. Fig. 2(a) and Fig. 2(b) depict the
wind power (kW) and wind speed (m/sec) over the entire
time series of data, respectively. Fig. 3 shows a heatmap
that helps identify correlations between wind active power
and other features. Subsequently, a data transformation is
applied to normalize feature magnitudes to a comparable
range using the Standard Scaler method. During feature
engineering, the time column is converted to a date-and-
time format. Finally, the dataset is split (train (80%) and test
(20%)), and the predictive models are trained accordingly.

Fig. 2. Wind Power Generation: (a) Wind Power (kW), (b)
Wind Speed (m/sec)

Fig. 3. Correlation Matrix of Heatmap

2.2. Linear Regression (LR)

It determines the linear association between the target vari-
able and input features. The linear regression model is
trained on input features, treated as predictors, and a target
variable representing wind power output. This predictive
method is straightforward and valuable for benchmark-
ing its wind power prediction results against advanced
machine learning techniques [9].

For a given dataset, target variable (y), k-length of re-
gressors (x), the expression can be written as [18],

{
yj, xj1 , . . . , xjk

}n
j=1 (1)

The mathematical expression of multiple regression can
be written as,

yj = β0 + β1xj1 + β2xj2 + . . . + βkxjk + ej (2)

Where β0 is the intercept, (β1 . . . βk) are regression coef-
ficients evaluated from data, and ej is the residual error.

2.3. Random Forest (RF)

It is an ensemble tree model used for regression and classi-
fication applications. By integrating the predictions from
multiple decision trees, it enhances the model’s stability
and decreases volatility [18]. Furthermore, it can handle
the high dimensionality of large datasets, making it suit-
able for predicting wind power, where numerous weather
factors influence output. The function of RF predictions is
expressed as follows [9]:

yop =
1
n

n

∑
n=1

Pn(x) (3)

Where yop is the predicted output for the assigned input
features (x), n stands for number of trees, and Pn(x) is the
prediction of nth decision tree.

2.4. Gradient Boosting (GB)

This technique is very helpful for analyzing complex re-
lationships, such as the wind power curve, by applying
different loss functions and learning from the input data
sample by sample [11]. GB uses gradient-based optimiza-
tion in regression problems to minimize the loss function.
The mathematical representation of GB is given [19] as,

yop = Fa(x) = ∑ (f−jdt(x)) (4)

Where yop denotes output predictions, Fa(x) is the pre-
dictions overall, f−jdt(x) is the individual decision tree
function with assigned input features (x).

2.5. Extreme Gradient Boosting (XGBoost)

It is potent ensemble technique that reveals hidden patterns
in data, leading to more accurate wind power predictions.
It consists of an additive regression-tree model, in which
every tree is learned to compensate for the residual errors
with the current ensemble by utilizing the loss function.
Second-order optimization with explicit regularization en-
sures that XGBoost is both highly accurate and computa-
tionally efficient when analyzing large datasets [9]. For this
baseline XGBoost model, the major hyperparameters are
set to the following default values: estimators = 100, tree
depth = 6, and learning rate = 0.3. The formulation of the
predictive function is expressed as [16],
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Table 2. Results of Predictive Metrics (Training Set)

Models
Train Set Test Set

MAE RMSE R2 MAE RMSE R2

LR 189.62 398.12 0.908 195.20 408.52 0.902
RF 123.72 306.19 0.945 131.50 326.31 0.937
GB 113.22 271.54 0.957 122.25 293.37 0.949

XGBoost 99.89 239.83 0.966 110.59 267.83 0.957
Optimized XGBoost 56.85 119.11 0.991 81.65 201.62 0.976

yj =
N

∑
n=1

(fn(xj)) (5)

Where yj is the forecasted output, fn(xj) is function of
prediction for nth regression tree with given input feature,
and N is the number of regression trees, and its objective
can be expressed as,

ℓ =
k

∑
j=1

L(yj, yj) +
N

∑
n=1

ρ(fn) (6)

where L(yj, yj) denotes the squared error loss function,
yj states predicted output, yj stands for actual output, and
ρ(fn) gives the term of regularization for tree ’n’.

2.6. Proposed Grid Search Cross Validation (GS-CV)
strategy

The improved prediction performance of XGBoost is
achieved by tuning its hyperparameters (trees numbers,
depth of tree, rate of learning, and sampling ratios) us-
ing GSCV strategy. In the optimization process, a finite
grid of hyperparameter values is defined, and the model
is trained with various combinations of these values. The
effectiveness of model is then evaluated by applying cross-
validation [16]. The combination of GS-CV helps identify
the best hyperparameters and provides unbiased estimates
of expected performance on unseen data.

The mathematical expression of GS-CV is expressed as,

θ∗ = min arg
θ∈Θ

(
1
K

k

∑
k=1

Lk(θ)

)
(7)

where θ∗ denotes the combination of optimal hyperpa-
rameters, K states the number of cross validation folds,
Lk(θ) stands for validation loss for k fold with hyperpa-
rameters (θ). The process steps of the GS-CV strategy are
depicted in Fig. 4 [16], [20]. In this work, the GS-CV method
analyzed 72 hyperparameter combinations (216 fits) to find
the best hyperparameters of XGBoost method used in wind-
power prediction: maximum depth of tree 7; learning rate
= 0.07; number of estimators = 300; subsample = 0.8; and
Col. sample by tree = 1.0.

Fig. 4. Process Steps of GS-CV Strategy

Fig. 5. Predictive Results: (a) Results with Training Set; (b)
Results with Test Set

3. Result discussions

The results in Table 2 and Fig. 5 (a) (Training set), and
Fig. 5 (b) (Test set) clearly show that the optimised XG-
Boost model outperforms other ML methods. Compared
with other ensemble models, the LR method achieved the
highest error metric and lowest R2 values owing to its insuf-
ficient capacity to handle nonlinear interactions. The use
of ensemble models RF and GB had a remarkable improve-
ment in the R2 and reduced error rates, proving their ability
to perform well in dealing with nonlinear features of the
dataset. XGBoost also outperformed the previous models
regarding error prediction. However, the optimized XG-
Boost model achieved the highest R2. For test predictions,
the optimized XGBoost model reduced MAE and RMSE
by approximately 58% and 51%, respectively, compared
to LR. The reduction compared to XGBoost is around 26%
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and 25%, with a highest R2 value of 0.976. It is interesting
that the training and test R2 values are close, at 0.991 and
0.976, respectively. The results clearly indicate that the opti-
mized XGBoost model achieves higher prediction accuracy,
with significant reductions in error metrics and improve-
ments in R2 for wind power prediction. These findings
have important technical significance, as they indicate that
the XGBoost algorithm has become better at capturing the
relationship between features and wind power production
due to the nonlinearities and non-stationarity present in
this map. Poor performance of the linear regression indi-
cates that this approach is not appropriate for this problem,
as it cannot capture the complex relationships in the data,
whereas the higher performance of RF and GB indicates
the importance of applying ensemble learning techniques.
In the case of XGBoost, additional benefits arise from se-
quential boosting, in which residual errors are reduced at
each iteration. Finally, optimization contributes to this by
adjusting the bias-variance trade-off due to the correct se-
lection of hyperparameters. High similarity of R2 scores
obtained on both training and testing samples indicates
good generalization abilities and absence of overfitting,
which is critical for wind power forecasting.

The graphs in Fig. 6 (a) and Fig. 6 (b) reveals that the
optimal XGBoost model converges faster while providing
lower MAE and RMSE values throughout the entire 10,000
samples forecast period. While RF, GB, and base XGBoost
perform better compared to LR models, their errors are
higher throughout the whole process. It is obvious that
GS-CV tuning contributes to more stable predictions.

Fig. 6. Error curves over the forecast horizon: (a) MAE; (b)
RMSE

Moreover, the regression scatter plots in Fig. 7(a) and
Fig. 7(b) show actual versus predicted wind power output
for all models, with training- and test-set analyses, respec-
tively. LR (pink) has the largest scatter and strongest bias
(~highest power (>1500 kW)) in both graphs, again ver-
ifying the poor management of non-linearity, though R2

= 0.908/0.902 on training and test sets, respectively. RF
and GB smoothly improve clustering around the reference

line y = x, whereas "regular" XGBoost shows a strong
correlation with it.

Fig. 7. Regression Plots: (a) Results with training set; (b)
Results with testing set

Most importantly, "optimized" XGBoost has the best fit
in the range of 0-3000 kW on the training data (R2 = 0.991)
and shows the best correlation on the test data too, with
only minimal variation ∆ = 0.015 and the fewest outliers:
an excellent generalization capability, vital for guaranteed
wind power prediction. Thus, the optimized XGBoost de-
livers superior forecasting accuracy across all visualiza-
tions, the closest scatter alignment to the perfect prediction
line, the flattest error evolution curves, and minimal train-
test degradation, demonstrating strong generalization for
operational wind farm peak shaving and grid stability.

Fig. 8. Time-series prediction across 100 samples horizon:
(a) LR; (b) RF; (c) GB; (d) XGBoost; (e) Optimized XGBoost

Fig. 8 shows the time-series predictions (training set) for
all models using 100 samples. In Fig. 8(a), the LR model
shows a significant phase lag during the ramp stages (20
to 40th samples). There is also an underestimate of values
around 20%. The RF model in Fig. 8(b) displays minimal
phase lag, but step changes and overshoots are evident at
around the 60th sample. The GB model in Fig. 8(c) displays
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Table 3. Comparative analysis between the proposed model and existing research works

Reference
(Year)

Models Key Results Advantages Limitations
Relevance to
present work

[13]
(2022)

Bayesian
Optimized
XGBoost

Improved
wind power
predictions
under transient
conditions

Improved
predictions
with optimized
hyperparameters

Metrics are
not directly
comparable

Supports for
non-linear
prediction

[9]
(2025)

ML, DL,
and

Ensemble

Stable
predictions
with higher
accuracy

Improved
accuracy with
ensemble
models

Higher
computation
and
complexity

Proves the
effectiveness
of ensembles

[20]
(2024)

DT, RF,
KNN, and
XGBoost

Higher
predictive
performance
with XGBoost

Good baseline
for classical
ML models

Results with
the Specific
dataset

Supports
boosted tree
learning

[14]
(2023)

Feature
Engineering

with
XGBoost

Offers accurate
prediction
with reduced
error metrics

Higher accuracy
and low
corotational cost

Metrics are
not directly
comparable

Supports the
use of feature
engineering
with XGBoost

Proposed
Model of
this study

GS-CV
optimized
XGBoost

Higher
predictive
performance on
both the train
and test set

Higher accuracy
and strong
generalization

Performance
based on the
data quality
and tuning
effort

Represents
the robust
and practical
predictive
performance

accurate predictions with minimal errors during the sharp
decrease in the 40th to 50th sample zone. The standard
XGB model in Fig. 8(d) predicts trends accurately but un-
derestimates values by about 10% during peak transitions.
The optimized XGB model in Fig. 8(e) makes accurate pre-
dictions that closely match the actual results, especially
for wind power. In conclusion, the supremacy of GS-CV-
optimized XGBoost model performance on both training
and test datasets is unparalleled, with perfect time series
fidelity and R2 = 0.991 on the training set and strong test
set generalization with R2 = 0.976, minimal ∆R2 = 0.015,
and the tightest scatter to perfect prediction and smoothest
error evolution with reductions of 26 − 139% over all other
approaches for production-ready wind farm dispatch and
peak shaving capabilities of 20 − 30%. In summary, the op-
timized hyperparameters of the proposed XGBoost model
offer superior predictive performance to other models. The
proposed model is robust in representing the nonlinear
input-output relationship with improved generalization
performance. The proposed model can be helpful for op-
erational wind forecasting due to its high performance in

terms of accuracy and generalization. This performance
can be used for grid operations, dispatching, reserves, and
wind energy integration.

In addition, a comparison between the proposed GS-
CV optimized XGBoost model and recent research works
in wind power forecasting is presented in Table 3. It can
be noted from the literature that the optimized boosting
algorithms and ensemble learning, along with the feature-
engineered XGBoost models, yield good performance, espe-
cially for nonlinear dynamics of wind power. The proposed
model demonstrates high accuracy for both training and
testing sets, suggesting good generalization and robust
forecasting behavior. On the other hand, the comparison
demonstrates that performance is still highly dependent on
data and feature quality, which illustrates the advantage
and limitation of the proposed approach.

4. Conclusions

Overall, GS-CV-optimized XGBoost is a state-of-the-art
benchmark model for providing accurate wind power pre-
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dictions. The optimized XGBoost model achieves higher
R2 values on both the training set (R2 = 0.991) and the
test set (R2 = 0.976). Compared with other models (LR,
RF, GB, and standard XGBoost), the optimized XGBoost
model achieved error reductions of 26% to 139%. Also, the
optimized XGBoost model provides firm regression align-
ment with the reference line’s actual values and maintains
a close relationship, with less variation between actual and
predicted wind power over the horizon. The results clearly
demonstrate that the GS-CV-optimized XGBoost model is
more robust, with improved accuracy and generalization
in wind power forecasts, providing a practical, data-driven
solution for power system operators. Nevertheless, the
study has some limitations due to the use of only one year
of data from a single location, which could limit the appli-
cability of the results to different wind scenarios. Therefore,
future studies will have to focus on validating the sug-
gested methodology using data from multiple locations,
adding other meteorological parameters, and comparing
its performance with that of state-of-the-art deep learning
approaches.
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