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For power systems with significant wind power integration to operate in an
efficient and dependable manner, wind speed prediction accuracy is crucial.
Factors such as temperature, humidity, air pressure, and wind intensity
heavily influence wind speed, adding complexity to the prediction process.
This paper introduces a method for wind speed forecasting that utilizes
principal component analysis (PCA) to reduce dimensionality and linear
regression for the prediction model. PCA is employed to identify key
features from the extensive meteorological data, which are subsequently
used as inputs for the Linear Regression model to estimate wind speed. The
proposed approach is tested using publicly available meteorological data,
focusing on variables such as temperature, air pressure, and humidity.
Popular models like recurrent neural networks (RNN), support vector
regression (SVR), and Gaussian process regression (GPR) are used to
compare its performance. Evaluation metrics such as root mean square error
(RMSE) and R? are used to measure effectiveness. Results show that the
PCA combined with Linear Regression model yields more accurate
predictions, with an RMSE of 94.11 and R? of 0.9755, surpassing the GPR,
SVR, and RNN models.
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1. INTRODUCTION

Wind power has become a crucial source of renewable energy, experiencing significant growth
worldwide. By 2018, global installed wind power capacity had reached 592 GW, with expectations to surpass
800 GW by 2021 [1]-[5]. A key challenge for wind energy production is the variability and unpredictability
of wind speed, which directly impacts the efficiency and integration of wind energy into power grids.
Accurate wind speed forecasting is essential for optimizing power systems, maintaining grid stability, and
maximizing the economic benefits of wind energy [6]-[8]. However, the unpredictable nature of wind speed
makes reliable forecasting a complex task, requiring advanced methods to ensure accuracy [9], [10].
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Several forecasting approaches have been developed, each with its advantages and limitations.
Physical models, such as numerical weather prediction (NWP), utilize complex mathematical equations to
simulate atmospheric dynamics and predict wind patterns. While these models can provide high accuracy,
they demand significant computational resources and high-quality data, making them less suitable for short-
term or real-time predictions. Additionally, NWP models may perform poorly in areas with unpredictable
weather patterns [11]-[14]. On the other hand, statistical methods, including autoregressive integrated
moving average or ARIMA, Kalman filters, and Gaussian process regression (GPR), use historical data to
make short-term forecasts efficiently. However, they often struggle to model nonlinear relationships between
variables, which limits their long-term forecasting capabilities [15]-[17].

Machine learning approaches, such as artificial neural networks (ANNSs), backpropagation neural
networks (BPNNs), and recurrent neural networks (RNNs), have gained popularity for predicting wind speed
due to their capacity to learn complicated, nonlinear correlations from huge datasets [18]-[21]. RNNs, in
particular, have demonstrated effectiveness in identifying temporal dependencies in wind data, hence
enhancing forecast accuracy. However, these models are sometimes regarded as "black boxes," providing
little interpretability into how particular meteorological conditions influence wind speed. Furthermore,
machine learning models require significant computational resources and huge datasets, which might be
difficult for real-time or resource-constrained applications.

To overcome these issues, a hybrid wind speed prediction method using principal component
analysis (PCA) and linear regression is presented. PCA reduces the dimensionality of meteorological data by
eliminating redundant features, focusing on the most critical factors influencing wind speed. Using this
streamlined dataset, linear regression efficiently predicts wind speed while maintaining accuracy [22], [23].
This approach is computationally efficient, interpretable, and capable of managing multicollinearity in the
input data. Compared to more complex models like GPR, support vector regression (SVR), and RNN, the
PCA-linear regression model offers a balanced solution, combining efficiency, accuracy, and interpretability,
making it a practical choice for wind speed forecasting.

2. METHODOLOGY

The suggested wind speed prediction approach is divided into four major stages: data preprocessing,
dimensionality reduction using PCA, wind speed prediction using a linear regression model, and model
evaluation. Figure 1 depicts the overall procedure, while each stage is discussed in detail below.

2.1. Data pre-processing
- Data collection and data normalization:

The dataset consists of historical meteorological data, including air pressure, humidity, temperature
and wind speed. These factors significantly influence wind speed, making them critical for accurate wind
speed prediction. To ensure that all features are on a comparable scale, the data is normalized using the
MinMaxScaler, which transforms each feature into the range [0, 1]. Normalization helps the model learn the
relationships between the variables by preventing features with broader ranges from controlling the learning
process [24], [25]. This is how the normalization is carried out, as in (1).

X—Xmin

Xnorm=———— (8]

Xmax—Xmin

Where X is the original data, Xmin and Xmax are the minimum and maximum values of X, respectively.

2.2. Dimensionality reduction
- PCA

The normalized meteorological data's dimensionality is decreased by the use of PCA. PCA removes
unnecessary information from the original data while preserving the majority of its variation by converting it
into a set of uncorrelated principal components. This step reduces the computational complexity of the model
while preserving essential information for wind speed prediction. The transformation is defined as in (2):

Z=Xnorm-W 2

The major component matrix is Z, the normalized data matrix is Xnorm, and the eigenvector matrix is W.
The number of principle components preserved is determined by the total explained variance. Typically,
components accounting for 95% of the total variance are chosen to strike a balance between dimensionality
reduction and information retention.
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2.3. Wind speed prediction
- Linear regression model

The reduced feature set obtained from PCA is used as input for the linear regression model. Linear
regression establishes a linear relationship between the principal components and the wind speed, which is
expressed by the (3):

y = B0+ Xi-, BiZi @)
where vy is the predicted wind speed Z; are the principal components, and B are the regression coefficients.

2.4. Model evaluation

The dataset is split 75-25, with 75% utilized for model training and 25% for testing. Cross-
validation methods such as k-fold cross-validation are used to evaluate model robustness and reduce
overfitting. Metrics like mean squared error (MSE), root mean squared error (RMSE), mean absolute error
(MAE), and R2? are used to assess model performance, including prediction accuracy and fit. MSE measures
the average of squared errors, whereas R? evaluates the model's ability to explain variance in data. The
following measures examine the effectiveness of regression models, and the following metrics were used to
evaluate performance.

Figure 1 depicts the block diagram of the proposed method. The wind speed prediction process
entails gathering historical meteorological data (temperature, humidity, air pressure, and wind speed) and
normalizing it with MinMaxScaler to assure feature comparability. The data is then divided into training and
test sets. PCA is used to reduce dimensionality by retaining the most important features and removing
redundant information. A linear regression model is trained on the PCA-transformed features to forecast
wind speed. The model's performance on the testing set is assessed using the RMSE and R-squared metrics.

Data Collection Data Preprocessing Data Splitting
Collect historical Normalize data using ) . .
Meteorological data m— MinMaxScaler Split da‘,:a mto traunng
- | and testing sets (75%
(temperature, humidity, Formmla: ——T train: o 25% testing)
air pressure, wind .
N E-Kmin
speed) XNorm=gmax—Xmin
. |
Dimensionality ..
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Figure 1. Block diagram of proposed method

2.5. Comparison with other methods
To assess the performance of the proposed PCA-linear regression approach, it is compared with
several widely adopted wind speed prediction methods, such as GPR, SVR, and RNN.
- Gaussian process regression (GPR): GPR is a probabilistic model that provides a flexible, non-linear
regression approach based on Gaussian distributions. It is known for its ability to quantify uncertainty in
predictions but can be computationally intensive.
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- Support vector regression (SVR): SVR constructs a hyperplane in a high-dimensional space to model
the relationship between input features and wind speed. It is effective in capturing non-linear
relationships but requires careful tuning of hyperparameters.

- Recurrent neural networks (RNN): Recurrent neural networks (RNNSs), particularly long short-term
memory (LSTM) models, are highly effective for time-series prediction due to their capability to learn
and retain temporal patterns within sequential data. However, they can be resource-intensive and often
require substantial datasets to achieve optimal performance to achieve a fair comparison, all approaches'
performance is tested with the same dataset and metrics (RMSE and R2). The findings show that the
PCA-linear regression strategy surpasses the other methods in terms of both accuracy and computing
economy, especially when dealing with high-dimensional meteorological data.

3. RESULTS AND DISCUSSION

The results from the linear regression model, including predicted and actual active power values for
both the training and testing data, are visualized in the plot is shown in Figure 2. Training data: the actual
active power (shown in blue) and predicted active power (orange) are plotted over time. The model fits the
training data well, indicating that the regression model has learned the underlying relationship between
meteorological features and the target variable. Testing data the actual active power (green) and predicted
active power (red) are plotted for the testing period. The predictions closely follow the actual data,
demonstrating the model's ability to generalize to new, unseen data.
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Figure 2. Shows the active power prediction for training and testing data

The updated code includes visualizations for active power prediction, enhancing understanding of
model performance. Figure 3 shows both actual and predicted active power values for training and testing
data, with confidence intervals indicated by shaded areas. Figure 4 illustrates the distribution of residuals,
comparing training and testing residuals with Kernel density estimation or KDE. These plots provide insights
into prediction accuracy and the residuals' distribution, highlighting the model's reliability and areas where it
might be improved. In this study, we investigated the performance of four distinct approaches for predicting
wind speed: PCA + linear regression, GPR, SVR, and recurrent neural networks. The training and testing
datasets were compared using the performance measures RMSE and coefficient of determination (R?). The
findings are summarized in Table 1. Figure 5 displays a comparison of different algorithms.

Table 1. Shows the comparison of different algorithm

Method RMSE (Training Set)  R2 (Training Set) RMSE (Testing Set)  R2 (Testing Set)
PCA + linear regression 95.59 0.9745 94.11 0.9755
Gaussian process regression (GPR) 96.65 0.9730 96.40 0.9739
Support vector regression (SVR) 94.52 0.9681 99.02 0.9692
Recurrent neural network (RNN) 94.87 0.9754 92.12 0.9752
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Active Power Prediction with Confidence Interval
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Figure 3. Shows the actual power prediction with confidence level
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Figure 4. Shows the distribution of residuals

- PCA + linear regression:

The combined method of PCA and linear regression demonstrated superior overall performance,
with an RMSE of 95.59 on the training data and 94.11 on the test data. Additionally, the R2 values were
0.9745 for training and 0.9755 for testing, indicating a high level of accuracy and strong generalization to
new data. The integration of PCA effectively reduced input dimensionality, enhancing both prediction
accuracy and computational efficiency.

- GPR

GPR performed reasonably well, yielding an RMSE of 96.65 for training and 96.40 for testing,
along with R? values of 0.9730 and 0.9739, respectively. While GPR displayed solid predictive ability, its
accuracy fell slightly short of the PCA + linear regression model. The marginally higher RMSE values
suggest that GPR may not capture data intricacies as effectively.
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- SVR

Among the tested methods, SVR had the lowest performance, with an RMSE of 94.52 for the
training set and 99.02 for the testing set. The R2 values were 0.9681 for training and 0.9692 for testing.
Despite the low training RMSE, the significant increase in test error points to overfitting, indicating that SVR
may struggle with generalization in this wind speed prediction task.

- RNN

RNN also achieved strong results, with an RMSE of 94.87 on the training set and 92.12 on the
testing set. The R2 values were 0.9754 and 0.9752, respectively. These values are close to those of PCA +
linear regression, suggesting that RNN is highly competitive for wind speed prediction. Its slightly lower
RMSE on the test set implies that RNN may capture certain patterns more effectively.

In summary, the comparison of these methods highlights PCA + linear regression as the best
performer in terms of both accuracy and error minimization. While GPR and RNN also showed competitive
results, SVR lagged behind, primarily due to overfitting issues. Overall, PCA + linear regression emerges as
a reliable and efficient solution for handling high-dimensional meteorological data and delivering accurate
wind speed forecasts.
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Figure 5. shows the comparison of different algorithm

4. CONCLUSION

This study showcases the effectiveness of combining PCA with linear regression for wind speed
prediction. PCA’s dimensionality reduction and feature selection via SelectKBest resulted in a model with an
RMSE of 94.11 and an R2 of 0.9755 on the testing set, outperforming GPR, SVR, and RNN in both accuracy
and computational efficiency. The model's practical implications include improved wind energy integration
and operational planning. However, limitations such as reliance on historical data and challenges with real-
time adaptation are noted. Future research should explore incorporating additional variables, advanced
machine learning techniques, and real-time application adaptations. This approach advances wind speed
forecasting, benefiting energy providers and policymakers in optimizing wind power systems.
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