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ABSTRACT: In this study, a machine learning-based predictive model was developed for the Musa petti Wind Farm
in Sri Lanka to address the need for localized forecasting solutions. Using data on wind speed, air temperature,
nacelle position, and actual power, lagged features were generated to capture temporal dependencies. Among 24
evaluated models, the ensemble bagging approach achieved the best performance, with R2 values of 0.89 at 0 min
and 0.75 at 60 min. Shapley Additive exPlanations (SHAP) analysis revealed that while wind speed is the primary
driver for short-term predictions, air temperature and nacelle position become more influential at longer forecasting
horizons. These findings underscore the reliability of short-term predictions and the potential benefits of integrating
hybrid AI and probabilistic models for extended forecasts. Our work contributes a robust and explainable framework
to support Sri Lanka’s renewable energy transition, and future research will focus on real-time deployment and
uncertainty quantification.

KEYWORDS: Ensemble bagging model; machine learning; SHAP explainability; short-term prediction; wind power
forecasting

1 Introduction
As nations transition toward sustainable energy solutions, wind power has emerged as a crucial

renewable resource, offering a cleaner alternative to fossil fuels. In Sri Lanka, where energy demand continues
to rise, harnessing wind energy presents a viable opportunity to enhance energy security while promoting
environmental sustainability [1–3]. However, effective integration into the national grid requires accurate
forecasting models to predict wind generation patterns. By anticipating wind resource availability, energy
producers can optimize production schedules, reducing fuel consumption, emissions, and operational costs.
Moreover, reliable forecasting enhances grid stability [4], minimizes fluctuations [5] and improves overall
power system efficiency [6].

Wind power is a key renewable energy source that reduces fossil fuel dependence and combats climate
change [7–9]. Accurate forecasting is vital for grid stability and economic efficiency. Various global methods
using advanced statistical techniques [10], machine learning (ML) [11], and deep learning models [12]
enhance predictive accuracy. Recent studies highlight the importance of deterministic and probabilistic
approaches to manage uncertainties in wind generation [13]. Forecasting methodologies fall into three main
categories: physical, statistical, and artificial intelligence (AI)-driven models. Physical models use numerical
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weather predictions (NWP), while statistical models like autoregressive integrated moving average (ARIMA)
analyze historical data patterns [14]. Recently, AI techniques, such as long short-term memory (LSTM)
networks and hybrid ensemble methods, have improved accuracy [15–17]. A significant challenge is capturing
wind variability over various time frames, from minutes to months [18].

The following section reviews wind power forecasting research across regions, noting methodological
advancements and their applicability to different climates. Europe leads in wind power forecasting, driven
by its reliance on wind energy and grid stability needs. Countries like Denmark [19], Germany [20],
Ireland [21] and the UK [22] have developed advanced forecasting models using hybrid methods. A key
challenge is managing offshore wind farms, which face more significant wind variability than onshore
locations [14]. Research has focused on AI-driven methods to improve short-and long-term predictions.
Mishra et al. [17] compared deep learning models, including recurrent neural networks (RNNs) and
convolutional neural networks (CNNs), finding attention-based models and deep convolutional networks,
which are most effective with wavelet and fast Fourier transformation (FFT) signal transformations. Hanifi
et al. [14] reviewed forecasting methods, noting the rise of hybrid models that combine physical methods
with AI, highlighting challenges in uncertainty quantification and computational efficiency for real-time
operations. Germany excels in hybrid models, whereas Bazionis and Georgilakis [13] demonstrated that
merging numerical weather prediction (NWP) with deep learning yields superior accuracy. In addition,
Dolatabadi et al. [18] proposed a bidirectional long short-term memory (BLSTM) model for wind speed
forecasting, showing improved performance with discrete wavelet packet transformation (DWPT) for data
preprocessing. Furthermore, the UK has explored probabilistic techniques to enhance grid stability and
optimize energy dispatch. Zhang et al. [23] assessed various probabilistic models across European wind
farms, stressing the importance of uncertainty quantification for short-term trading. Overall, AI-enhanced
hybrid models have showcased improvement forecasting accuracy for many prediction models.

Wind power forecasting in Asia, especially China and India, has progressed significantly [24–27]. Large
wind farms in these countries contribute considerably to energy grids but face unique challenges due to
diverse climates and geography. Recent studies highlight the integration of ML and deep learning models
with NWP data to enhance forecasting accuracy and grid stability [13]. In China, researchers have developed
sophisticated hybrid forecasting models. Zhang et al. [23] emphasized ensemble methods for improving
prediction reliability. Sherman et al. [28] analyzed climate model projections for wind power, noting that
climate change affects future wind potential. Improved models that combine climate and meteorological data
can help mitigate forecasting uncertainty. AI-driven models are extensively tested in China, with Alkesaiberi
et al. [29] comparing various ML models and finding optimized Gaussian Process Regression (GPR) superior
to traditional methods. Hanifi et al. [14] noted the rise of hybrid AI models integrating deep learning like
LSTM with conventional models. In India, the renewable energy sector drives advancements in forecasting.
Wang et al. [30] studied hybrid AI models using LSTM and found better accuracy than traditional methods.
Dolatabadi et al. [18] introduced a BLSTM for wind speed forecasting. Ponkumar et al. evaluated advanced
ML methods like LightGBM, CatBoost, and XGBoost for very short-term forecasting, where CatBoost
excelled. Lipu et al. [31] analyzed hybrid forecasting approaches combining deep learning with fuzzy logic
to improve performance in Indian wind farms. Despite the success, forecasting models in both countries
still face challenges like data availability and computational efficiency [32]. Future research should focus on
optimizing AI models, integrating high-resolution data, and expanding techniques for offshore wind farms.

North America, especially the USA and Canada, is another region who leads in wind power forecasting,
which is essential for integrating large-scale wind energy into grids while maintaining stability [33,34].
Significant advancements in deterministic and probabilistic models have emerged from deep learning,
hybrid AI techniques, and enhanced meteorological data [13]. The USA extensively researches AI-driven
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forecasting to optimize wind energy dispatch. Dolatabadi et al. [18] introduced a hybrid deep learning model
combining discrete wavelet packet transformation (DWPT) and BLSTM networks, boosting forecasting
accuracy for wind speed. Using datasets from the National Renewable Energy Laboratory (NREL) in
Colorado, this study underscored the need to capture temporal dependencies in wind data. Moreover, Mishra
et al. [17] compared various deep learning models, finding that CNNs and attention models excelled with
frequency transformations like FFT and wavelet decomposition, showcasing signal processing’s importance
in wind power predictions. In Canada, researchers have also worked on meteorological and AI-based models
to enhance forecasting. Dolatabadi et al. [18] applied their BLSTM model to Edmonton datasets, finding
that real-time weather data and Takens’ embedding theorem significantly improved forecast reliability.
Additionally, Alkesaiberi et al. [29] assessed machine learning models, including GPR and Support Vector
Regression (SVR), concluding that optimized GPR models surpassed other techniques in addressing short-
term wind fluctuations. Zhang et al. [23] reviewed probabilistic forecasting, highlighting quantile regression
and kernel density estimation (KDE) in managing uncertainty in wind predictions. The USA has increased
the use of probabilistic techniques to enhance market operations. Wang et al. [30] demonstrated integrating
uncertainty quantification improves decision-making in wind energy dispatch. Hanifi et al. [14] noted the
trend of combining NWP data with AI-driven techniques, enhancing prediction accuracy across multiple
timeframes. Overall, wind power forecasting in North America showcases the effectiveness of hybrid AI
models, deep learning architectures, and probabilistic methods in improving accuracy.

While research on wind power forecasting is extensive, gaps persist in model generalizability, real-time
deployment, and uncertainty quantification. Hybrid AI-driven models consistently outperform traditional
methods across Europe, North America, and Asia, especially in short-term forecasting [13]. However,
regional variations due to climate, topography, and data availability hinder forecasting performance. In the
USA and Canada, models like BLSTM enhance accuracy by capturing temporal dependencies. Similarly,
in China and India, XGBoost and CatBoost demonstrate competitive performance in very short-term
forecasts [33]. Studies in Europe highlight the effectiveness of hybrid AI and NWP models, particularly in
Germany and Denmark. Research from North America and Europe emphasizes probabilistic methods, such
as quantile regression [23] Kernel density estimation (KDE) is commonly used in studies in Asia, often relying
on deterministic models, which highlights a significant gap in uncertainty quantification. Techniques like
FFT and DWPT improve model performance but are less commonly utilized in Asia and emerging markets.

While Europe, North America, and China have pioneered AI-driven wind power forecasting, emerging
markets like Sri Lanka remain underrepresented in existing studies, highlighting the need for tailored
modeling efforts. Probabilistic models, widely adopted in the USA and Europe, are still underutilized in
most of the other countries [14], underscoring the importance of incorporating uncertainty-aware models
to enhance wind power reliability. Adaptive hybrid models, which integrate AI with physical methods, are
crucial for geographically diverse wind farms in Asia and Latin America but have seen limited implemen-
tation [14]. Additionally, the high computational demands of many AI-based forecasting techniques restrict
their deployment in resource-constrained regions, necessitating research into lightweight neural networks
and edge AI solutions.

Improving access to high-resolution wind power data in developing markets is also critical. Future
research should prioritize data-sharing frameworks and transfer learning techniques to enhance model
adaptability across diverse environments [35]. Addressing these gaps will refine forecasting methodologies,
strengthen wind power integration into national grids, and optimize energy dispatch strategies, particu-
larly for regions like Sri Lanka. To bridge this research gap, we propose developing a Short-Term Wind
Power Generation Prediction System for the Musalpetti Wind Farm, focusing on model development and
analysis tailored to local wind conditions. These insights presented in other countries benefit Sri Lanka
Musalpetti Wind Farm, where similar techniques can enhance integration and grid stability. Future research
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should target real-time model deployment, uncertainty quantification, and expanding models to offshore
wind farms.

In the Sri Lankan context, research studies developed wind energy prediction models for Nala Danavi
and Pawan Danavi Wind Farm, utilizing both machine learning and statistical techniques [36]. No prior
wind power prediction model research has been conducted for the Musalpetti Wind Farm, making this
research uniquely valuable. Accurate wind power forecasting in this plant could greatly enhance electricity
supply planning, helping to reduce reliance on coal, crude oil, and natural gas while paving the way for
more sustainable energy practices. Therefore, the integration of deep learning, feature engineering, and
probabilistic methods offers reliable solutions applicable to Sri Lanka’s Musalpetti Wind Farm for local
forecasting enhancement.

In this research, predictive models tailored to Sri Lanka’s specific climatic and geographic conditions
for Musalpetti Wind farm are developed and evaluated to forecast wind energy production accurately. The
research objective is to determine the potential of wind power to offset fossil fuel generation during specific
dates and times, helping to reduce dependency on non-renewable sources.

2 Study Area and Wind Farm Data
This study analyzes wind power generation at the Musalpetti Wind Farm, located in Kalpitiya, in Sri

Lanka’s North-Western Province (Latitude: 8○13′44.6′′, Longitude: 79○45′14.1′′). Recognized as one of the
most suitable locations for wind energy development in the country, Musalpetti was selected to establish a
wind farm, which was connected to the national electricity grid in 2015. The onshore facility has a nameplate
capacity of 10 MW and operates with five Gamesa G97 wind turbines (Siemens Gamesa, Zamudio, Spain).
Power generation data, wind speed data, and temperature data from April 2019 to August 2024 were obtained
from Musalpetti Wind Power (Pvt) Ltd., Sri Lanka. More details of the power plant can be found in https://
www.senoksl.com/renewable-energy/wind-power-generation.html (accessed on 10 February 2025).

The Gamesa G97 wind turbine optimizes wind energy conversion efficiency through a combination
of advanced technical parameters designed for maximum power generation, efficiency, and durability. Its
97 m rotor diameter provides a large swept area of approximately 7395 m2, allowing it to capture more
wind energy, particularly at lower wind speeds. The turbine operates at rotational speeds between 9.6
and 17.8 rpm, adjusting dynamically to optimize energy capture under varying wind conditions. The three
47.5-m-long blades, made from pre-impregnated epoxy glass fiber and carbon fiber, enhance both durability
and aerodynamic performance, utilizing advanced Gamesa Airfoils to reduce drag and improve lift. The
variable-speed control system enables the rotor to adjust its speed based on wind conditions, optimizing
power output while minimizing mechanical stress. The turbine begins generating power at a cut-in wind
speed of around 3 m/s and reaches rated power at approximately 12–13 m/s, ensuring efficient operation even
in moderate wind conditions. Additionally, Active Pitch Control continuously adjusts the blade angles to
optimize energy capture at different wind speeds while preventing excessive loads in high winds. To further
enhance performance, the modular tower, standing up to 100 m, provides access to stronger, more consistent
winds, thereby increasing overall energy yield. Power transmission is managed through a high-performance
gearbox with a one-planetary and two-parallel stage configuration, offering transmission ratios of 1:106.8
for 50 Hz systems and 1:127.1 for 60 Hz systems. The turbine operates with a 2.0 MW doubly-fed generator,
running at 690 V AC and adaptable to both 50 and 60 Hz frequencies, ensuring high efficiency and grid
compatibility. With a power factor range of 0.95 capacitive to 0.95 inductive, the generator ensures stable and
efficient power conversion.

The data used in this study was collected from the Musalpetti Wind Farm from 01 April 2019, at 00:00
to 31 March 2024, at 23:50. The dataset consists of measurements recorded at 10-min intervals, providing

https://www.senoksl.com/renewable-energy/wind-power-generation.html
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a comprehensive time series representation of key parameters essential for wind power prediction. The
primary variables collected include the following.

• Air Temperature (AT): Measured at a height of 10 m above ground level, recorded in degrees Celsius
(○C). This parameter influences air density and, consequently, the efficiency of wind turbines.

• Nacelle Position (NP): The orientation of the nacelle, measured in degrees (○), determines the turbine’s
alignment with respect to wind direction.

• Wind Speed (WS): Recorded at a height of 10 m in meters per second (m/s), representing the primary
driving force behind wind power generation.

• Actual Power (AP): The wind turbine’s power output, recorded in kilowatts (kW), serves as the
dependent variable for predictive modeling.

The collected data encompasses various operational conditions and seasonal variations, ensuring a
robust dataset for short-term wind power prediction modeling. The dataset has been sourced directly from
the wind farm’s monitoring systems, providing high accuracy and reliability. The comprehensive time span
of five years allows for capturing long-term patterns and trends, which are crucial for developing effective
predictive models.

3 Methodology

3.1 Overview of Methodology
Fig. 1 provides an overview of the methodology used in this study for short-term wind power prediction.

The process begins with data collection from the Musalpetti Wind Farm, followed by data preprocessing steps
such as handling missing values and creating lagged datasets. Machine learning models are then selected and
trained, and their performance is evaluated using multiple metrics. Explainability techniques, specifically
SHAP analysis, are employed to interpret model predictions and identify key influencing factors. Finally,
insights are drawn from the results to optimize wind power forecasting.

3.2 Data Preprocessing
The collected data underwent a series of standard preprocessing steps to ensure its quality and suitability

for analysis. First, missing values were addressed using a two-step approach. For variables with less than 5%
missing entries, median imputation was applied to maintain the central tendency of the data; for instances
with more significant gaps, linear interpolation was employed to estimate the missing values based on
adjacent observations. Next, outlier detection was conducted using the interquartile range (IQR) method.
For each variable, values falling below Q1−1.5 × IQR or above Q3 + 1.5 × IQR were flagged as outliers and
removed from the dataset to minimize their impact on model training.

Subsequently, data normalization was performed using min-max scaling, transforming each variable to
a range of [0, 1]. This step ensured that all features contributed equally during model training and prevented
any variable with larger numerical ranges from dominating the learning process.

To address potential overfitting, especially given that our dataset spans multiple years with varying sea-
sonal patterns, we have implemented several strategies during data preprocessing and model training. First,
we ensure robust data cleaning by handling missing values, removing outliers, and applying normalization to
minimize noise that can lead to overfitting. Additionally, we employ time-series cross-validation techniques,
which maintain the temporal order of data, ensuring that seasonal variations are appropriately captured, and
the model is validated on genuinely unseen data. Finally, the use of ensemble methods like bagging further
mitigates overfitting by aggregating the predictions of multiple models trained on different subsets of the
data, thereby reducing variance and enhancing generalization across diverse seasonal conditions.
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Figure 1: Flowchart of the methodology for wind power prediction at Musalpetti Wind Farm

A preliminary analysis of the dataset showed a strong positive correlation of 0.96 between wind speed
and power generation (refer to Table 1), while ambient temperature exhibited a positive relationship of 0.18
(refer to Fig. 2). These findings guided the selection of key variables for developing predictive models.

Following initial preprocessing, the dataset was transformed by creating seven new datasets with lagged
features. Specifically, lag times of 10, 20, 30, 40, 50, and 60 min were applied. These lag characteristics enhance
the predictive power of the model by capturing the temporal dependencies of wind power generation.
Incorporating lag features allows the model to exploit autocorrelation in variables such as wind speed and
actual power, smooth out random fluctuations, and detect short-term cycles and trends. This enriched
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feature space provides a more comprehensive representation of the underlying dynamics, thereby improving
forecasting accuracy across varying time horizons.

• AP_F_0: Represents the current power generation prediction (“NOW” forecast).
• AP_F_10: Predicts power generation 10 min into the future.
• AP_F_20: Predicts power generation 20 min into the future.
• AP_F_30: Predicts power generation 30 min into the future.
• AP_F_40: Predicts power generation 40 min into the future.
• AP_F_50: Predicts power generation 50 min into the future.
• AP_F_60: Predicts power generation 60 min into the future.

As a result, seven distinct datasets were created, each targeting a different forecasting horizon.
This approach enables a comprehensive evaluation of the model’s predictive capabilities across varying
time intervals.

Table 1: Correlation matrix for the daily data

Wind speed Temperature Generated power
Wind speed 1 0.17 0.96
Temperature 0.17 1 0.18

Generated power 0.96 0.18 1

Figure 2: Daily generated power (GW) over the daily average wind speed (m/s) and daily average ambient temperature

3.3 Application of Machine Learning Models
In this study, 24 state-of-the-art machine learning models were evaluated to predict actual power (AP)

using the preprocessed dataset (see Supplementary Material Table S1 for full evaluations). The ensemble
Bagging model was selected as the best-performing model due to several key advantages. First, bagging
reduces variance by aggregating multiple decision trees, each trained on different bootstrapped subsets of
the data, which helps to prevent overfitting. Second, by averaging the predictions of these trees, the model
becomes more robust to noise and outliers, smoothing out any individual errors. Third, this ensemble
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approach improves the model’s stability and reliability, capturing complex, non-linear relationships inherent
in wind power generation data. Finally, the method is computationally efficient and scalable, making it ideal
for handling the diverse and large-scale dataset from the Musalpetti Wind Farm. The following sections
provide a detailed explanation of the ensemble Bagging model, its mathematical formulation, and a summary
of its hyperparameters (refer to Table 2). Bagged trees combine predictions from multiple decision trees
trained on bootstrapped datasets. Eq. (1) represents its mathematical formula [37].

ŷ = 1
B

B
∑
b=1

fb (x) (1)

where B is the number of trees and fb (x) is the prediction from the bth tree.

Table 2: Hyperparameters of the ensemble bagging algorithm

Model Hyperparameters Tuned value

Ensemble (Bagged trees)
Minimum leaf size 8
Number of learners 30

Number of predictors to sample Select all

3.4 Model Evaluation Metrics
Several evaluation metrics were used to assess the performance of the machine learning models in

predicting wind power [38,39]. These metrics provide a comprehensive understanding of the model accuracy,
reliability, and ability to generalize unseen data. The following metrics were employed for both validation
and test datasets.

3.4.1 Root Mean Squared Error (RMSE)
The RMSE quantifies the average magnitude of the error between the predicted ŷi and actual yi

values [40]. It is sensitive to large deviations, making it a preferred choice for evaluating regression models.
RMSE is defined as in Eq. (2).

RMSE =

�
��� 1

N

N
∑
i=1
( ŷi − yi)2 (2)

where N is the number of data points.

3.4.2 Normalized Root Mean Squared Error (NRMSE)
The NRMSE is a performance metric that quantifies the prediction error relative to the range of observed

values [40]. It provides a dimensionless evaluation of model accuracy, making it easier to compare errors
across different datasets. NRMSE is particularly useful in assessing the consistency of model performance
across varying scales. It is defined as in Eq. (3).

NRMSE = RMSE
max (y) −min(y) (3)

where max(y) and min(y) represent the maximum and minimum observed values in the dataset, respec-
tively, N is the number of data points.
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3.4.3 Mean Squared Error (MSE)
The MSE measures the average squared difference between predicted and actual values [41]. It penalizes

more significant errors more heavily than RMSE, making it practical for identifying outliers. MSE is
calculated as in Eq. (4).

MSE = 1
N

N
∑
i=1
( ŷi − yi)2 (4)

3.4.4 Coefficient of Determination (R2)
The R2 metric evaluates the proportion of variance in the dependent variable that is predictable from the

independent variables [42]. It ranges from 0 to 1, where values closer to 1 indicate better model performance.
R2 is given as in Eq. (5).

R2 = 1 − ∑
N
i=1 (yi − ŷi)2

∑N
i=1 (yi − y)2 (5)

where y is the mean of the actual values.

3.4.5 Mean Absolute Error (MAE)
The MAE represents the average absolute difference between predicted and actual values [42]. Unlike

RMSE and MSE, MAE does not square the errors, making it less sensitive to outliers. MAE is expressed as
in Eq. (6).

MAE = 1
N

N
∑
i=1
∣ ŷi − yi ∣ (6)

RMSE (validation), MSE (validation), R2 (validation), and MAE (validation) were calculated during
the training process to evaluate the models’ ability to generalize to unseen validation data. RMSE (Test),
MSE (Test), R2 (Test), and MAE (Test) were computed on a separate test dataset to assess the models’ final
performance and confirm their reliability in real-world applications. These metrics collectively provide a
robust evaluation of the models, balancing sensitivity to significant errors (via RMSE and MSE) with overall
accuracy (via MAE and R2). This combination ensures a comprehensive analysis of the models’ performance.

3.5 Explainability of the Developed Model
Understanding the inner workings of machine learning models is crucial for ensuring trust and inter-

pretability [43], particularly when deploying models for critical applications like wind power prediction. This
study employs SHAP to analyze feature importance, providing a transparent and interpretable framework
for understanding the contributions of individual features. SHAP is an explainability technique based on
cooperative game theory that assigns each feature a Shapley value, representing its contribution to the
model’s prediction [44,45]. Shapley values offer a mathematically consistent way to distribute the prediction
among the input features by considering all possible feature combinations. This ensures that the importance
assigned to a feature is both fair and grounded in theoretical principles. The SHAP framework computes the
contribution of each feature xi to the model’s output f (x) as in Eq. (7).

ϕi = ∑
S⊆F/{i}

∣S∣! (∣F∣ − ∣S∣ − 1)!
∣F∣! [ f (S ∪ {i}) − f (S)] (7)
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where ϕi is Shapley value of the feature xi , F is the set of all features, S is the subset of features excluding xi ,
and f (S) is the model’s prediction when only features in S are present.

This equation ensures that each feature’s contribution is computed by averaging its marginal impact
across all possible feature subsets. Due to their complexity, machine learning models like Exponential GPR
and neural networks are often treated as “black boxes” SHAP provides a means to unpack this complexity,
assigning clear importance values to individual features. By quantifying the impact of each feature on the
model’s predictions, SHAP helps identify the most critical factors driving AP predictions. This is particularly
valuable for stakeholders in renewable energy systems, where understanding the influence of lagged variables
like AT and WS is crucial for decision-making.

The consistent and theoretically sound framework of SHAP ensures that the explanations are unbiased
and reliable, promoting trust in the model’s predictions, mainly when applied to high-stakes domains.
SHAP offers intuitive visualizations, such as summary plots and dependence plots, which make it easier to
communicate the results of feature importance analyses to non-technical stakeholders. By employing SHAP,
this study enhances the interpretability of its models, aligning with the growing emphasis on explainability in
machine learning applications. This approach not only improves the understanding of the model’s behavior
but also provides actionable insights for optimizing wind energy systems.

4 Results and Discussion

4.1 Exploratory Data Analysis
Fig. 3 presents the correlation matrix of the relationships between input variables and target power

outputs at various forecasting horizons (from AP_F_0 to AP_F_60) for the Musalpetti Wind Farm dataset.
The color intensity indicates the strength and direction of the correlation, with red representing strong
positive correlations and blue indicating weak or negative correlations.

Figure 3: Correlation matrix of input variables with target variables across different forecasting horizons for Musalpetti
Wind Farm data
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The variables analyzed include air temperature (AT), nacelle position (NP), wind speed (WS), and
actual power (AP) at different lag times ranging from 10 to 60 min. As expected, WS and AP exhibit strong
positive correlations with future power outputs across all forecasting horizons, indicating their critical role
in wind power prediction. Conversely, AT and NP show relatively weaker correlations, suggesting a less
direct impact on short-term power forecasting. The correlation values gradually decrease with increasing
forecast horizons, reflecting the challenge of predicting power output further into the future. This exploratory
analysis provides valuable insights into the importance of features and helps select relevant input variables
for predictive modeling.

Fig. 3 presents the correlation matrix of the relationships between input variables and target power
outputs at various forecasting horizons (from AP_F_0 to AP_F_60) for the Musalpetti Wind Farm dataset.
The color intensity indicates the strength and direction of the correlation, with red representing strong
positive correlations and blue indicating weak or negative correlations.

Fig. 4 presents a radar plot that visualizes the correlation between key input variables—Air Temperature
(ATC), Nacelle Position (NPO), Wind Speed (WSP), and Actual Power (APW) with power output targets
across different lag times (10 to 60 min). The plot provides a comprehensive view of how the influence of
each input variable evolves over increasing lag periods. The APW and WSP variables exhibit consistently
strong correlations across all lag times, reinforcing their importance in short-term wind power forecasting. In
contrast, ATC and NPO show relatively weaker correlations, indicating their less direct impact on predicting
future power output. This visualization helps in understanding the relative importance of each feature over
time and aids in feature selection for predictive modeling.

Figure 4: Radar plot depicting the correlation of input variables with target power outputs across different lag times
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4.2 Model Performance Evaluation
Table 3 presents the performance evaluation metrics for the wind power forecasting model at various

future time intervals, ranging from 0 to 60 min. The evaluation metrics include RMSE, NRMSE, R2, MAE,
and MSE, providing a comprehensive assessment of the model’s predictive accuracy.

Table 3: Model performance evaluation metrics across different future forecasting horizons

Future time (min) RMSE (MW) NRMSE (%) R2 MAE (MW) MSE (MW)
0 0.192 0.09 0.89 0.118 37.234
10 0.234 0.11 0.84 0.149 55.153
20 0.252 0.12 0.82 0.165 63.819
30 0.268 0.13 0.79 0.177 72.305
40 0.279 0.13 0.78 0.188 78.316
50 0.287 0.14 0.76 0.195 82.515
60 0.296 0.14 0.75 0.203 87.730

The results indicate a clear trend: as the forecasting horizon increases, the prediction accuracy gradually
declines. Specifically, the RMSE and MSE values consistently increase with more extended forecasting
periods, reflecting a growing deviation between the predicted and actual values. For example, the RMSE
increases from 0.192 at 0 min to 0.296 at 60 min, while the MSE nearly doubles over the same period. This
trend highlights the increased uncertainty and difficulty associated with predicting wind power generation
further into the future. Similarly, the NRMSE follows a rising trend, increasing from 0.0918 at 0 min to 0.1419
at 60 min, emphasizing a relative increase in error with respect to the actual power output.

The R2 value, a measure of the proportion of variance explained by the model, decreases from
0.8927 at 0 min to 0.7465 at 60 min. This decline can be attributed to several factors. Firstly, as the
forecasting horizon extends, the direct influence of current wind conditions and power output on future
values diminishes, weakening the temporal correlation. Secondly, longer forecast intervals inherently involve
increased variability and uncertainty due to dynamic and non-linear atmospheric conditions, which lead
to error propagation over time. Additionally, external factors, such as unexpected weather fluctuations or
operational changes, may influence power generation more at longer horizons. Finally, while the inclusion
of lagged features significantly improves short-term predictions, their effectiveness decreases over extended
intervals, contributing to the lower explanatory power observed at 60 min.

The MAE also exhibits an increasing pattern, rising from 0.118 to 0.203, indicating higher absolute
deviations between predictions and actual values with longer lead times. This suggests that short-term
predictions are more reliable and precise, while longer-term forecasts are more prone to errors due to the
inherent variability and unpredictability of wind patterns.

In summary, the model demonstrates high accuracy for short-term predictions but encounters increas-
ing challenges as the forecasting horizon extends. These findings highlight the need for incorporating
additional predictive techniques, such as feature engineering and advanced machine learning models, to
mitigate forecast degradation over longer intervals.

Fig. 5 presents scatter plots illustrating the relationship between predicted and actual wind power values
across various forecasting horizons, ranging from the current time (f_0) to 60 min into the future (f_60).
Each subplot (a) to (g) represents the model’s performance at different forecasting intervals, highlighting the
agreement between predicted and actual values.
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Figure 5: Scatter plots comparing predicted and actual wind power values across different forecasting horizons for
future times: (a) 0 min; (b) 10 min; (c) 20 min; (d) 30 min; (e) 40 min; (f) 50 min; (g) 60 min
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As observed from the scatter plots, the model demonstrates substantial predictive accuracy for shorter
forecasting horizons (f_0 and f_10), with data points closely clustering around the diagonal line, indicating
a high correlation between predicted and actual values. However, as the forecasting horizon increases, the
dispersion of data points increases, reflecting a decline in prediction accuracy. This trend suggests that short-
term predictions are more reliable, whereas longer-term forecasts introduce more significant variability
and uncertainty.

In the longer forecasting horizons (f_50 and f_60), the scatter plots show a noticeable spread, with more
points deviating from the ideal prediction line. This pattern aligns with the performance evaluation metrics,
where error measures such as RMSE and MAE increase over time, and the R2 value declines, indicating
a reduced ability of the model to capture wind power fluctuations accurately. Overall, these scatter plots
visually reinforce the quantitative findings, emphasizing that while the model performs well in short-term
forecasting, predictive accuracy deteriorates as the forecast horizon extends. These insights can guide further
improvements, such as incorporating additional features or leveraging advanced predictive algorithms to
enhance long-term forecasting reliability.

4.3 Mathematical Expressions
Fig. 6 presents SHAP waterfall plots that visualize the contributions of individual input features to the

predicted actual power (AP) at various forecasting horizons, ranging from immediate prediction (f_0) to
60 min into the future (f_60). For shorter forecast horizons (f_0 and f_10), wind speed (WS) emerges as the
most dominant feature, providing significant positive contributions. This observation is consistent with the
well-established physical principle that wind speed is the primary driver of wind energy conversion, with
immediate effects on power output. The persistence of actual power (AP) from previous intervals further
supports the continuity observed in short-term trends.

As the forecast horizon extends (f_20 to f_40), although WS continues to have a strong influence,
the contributions of air temperature (AT) and nacelle position (NP) become more pronounced. Physically,
AT affects the density of air, which in turn influences turbine efficiency; the lower the air density, the less
efficient the energy conversion. Therefore, AT’s increasing contribution reflects the model’s need to account
for variations in turbine performance over more extended periods. Additionally, NP indicates the turbine’s
operational alignment with the wind direction. Over extended forecast horizons, adjustments in turbine
orientation, whether due to mechanical recalibration or natural wind direction, change significantly impact
performance, which explains the heightened importance of NP.

For longer forecasting horizons (f_50 and f_60), the model further shifts its reliance toward AT and NP,
while the relative influence of WS diminishes. This shift suggests that, in the longer term, the cumulative
effects of environmental variability (as captured by AT) and operational adjustments (reflected in NP)
become critical in accurately predicting wind power generation. Essentially, while immediate power output is
driven by current wind conditions, longer-term predictions benefit from a broader contextual understanding
that integrates atmospheric and operational dynamics.

Overall, the SHAP analysis not only quantifies feature importance but also provides insights into the
underlying physical and operational mechanisms of wind power generation. These insights facilitate targeted
strategies for feature selection and model enhancement, ultimately contributing to more robust and accurate
forecasting across different time horizons.
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Figure 6: SHAP waterfall plots of the contributions of individual features to the predicted actual power (AP) across
different forecasting horizons (f_0 to f_60) for: (a) 0 min; (b) 10 min; (c) 20 min; (d) 30 min; (e) 40 min; (f) 50 min;
(g) 60 min
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Affordable and clean energy is the 7th Sustainable Development Goal of the United Nations. Even
though wind power generation has some initial higher costs in development, the energy generation is
relatively less expensive compared to other energy sources. Therefore, wind power has greater potential
as it was discussed in the introduction. However, prediction is highly important in the face of changing
climatic conditions. Sri Lanka follows a complex electricity distribution system that has limited flexibility
in balancing the temporal variability of the power demand. Therefore, preplanning is highly essential in
securing a better balance between power demand and generation sources while providing the whole country
with 24-h electricity. The country has gone through a 100% blackout in recent years due to unbalanced
situations in the distribution network due to lower (higher) demands and uncertainty in generating sources,
especially from solar power. Therefore, this verifies the requirement of short-term prediction in power
generation. In addition, future research is needed in optimizing the distribution network for better public
service. AI enhanced hybrid models while incorporating multi-objective optimization would be essential for
better solutions [46,47].

5 Conclusions
The integration of wind energy into national grids necessitates accurate forecasting models to enhance

energy planning and ensure grid stability. This study addressed the lack of wind power forecasting models for
Musalpetti Wind Farm, developing a machine learning-based short-term predictive model that effectively
captures wind power fluctuations. The ensemble bagging model demonstrated superior performance among
24 evaluated models, exhibiting high accuracy for short-term predictions but a gradual decline in predictive
capability as the forecasting horizon extended.

Key findings revealed that wind speed remains the most influential predictor for all time horizons,
but as the forecast period extends beyond 30 min, factors such as air temperature and nacelle position
become increasingly significant. This shift underscores the dynamic nature of wind power generation, where
short-term variability is governed by wind speed, while environmental and operational conditions influence
long-term trends. The model’s effectiveness was validated using RMSE, NRMSE, R2, and MAE, confirming
its reliability for short-term predictions.

Despite the model’s success, several challenges persist. Prediction accuracy declines over more extended
time frames, emphasizing the need for hybrid AI techniques, probabilistic models, and uncertainty quantifi-
cation to enhance long-term forecasting. Additionally, real-time deployment and computational efficiency
must be addressed, particularly for resource-constrained regions. The study highlights the importance
of explainability in machine learning applications, employing SHAP analysis to ensure transparency and
interpretability of the predictive framework.

The implications of this research extend beyond Sri Lanka, offering insights for developing nations
seeking to optimize renewable energy forecasting. Future research should focus on adaptive hybrid models,
real-time forecasting systems, and enhanced data integration from meteorological sources to refine predic-
tive accuracy further. In this regard, we plan to develop hybrid models by integrating our ensemble bagging
approach with probabilistic models and deep learning techniques to better capture long-term trends and
uncertainties. Additionally, advanced feature engineering methods, such as incorporating rolling window
statistics, derivative-based features, and dynamic time warping, will be pursued to more effectively capture
sudden weather changes and transient patterns. Furthermore, integrating supplementary data from nearby
wind farms and weather stations is expected to provide a more comprehensive regional context, enhancing
model adaptability and performance under varying environmental conditions. Ultimately, advancing wind
power forecasting capabilities will play a crucial role in supporting sustainable energy transitions, reducing
fossil fuel reliance, and fostering energy security in emerging economies.
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