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Abstract: This research presents a detailed evaluation of global wind power generation, employing 
cutting-edge machine learning methods to forecast future trends and capacities through 2050. 
Reviewing the past data of various countries, we construct predictive models for analyzing the 
potential increase in wind power generation, capacity factors, and regional differences. Using 
polynomial regression and random forest methods, we project high growth in wind energy 
production, pointing to the key importance of installed capacity, technology, and geographical 
diversity in deciding the fate of renewable energy. Our research establishes the feasibility of high 
growth in wind power generation, and trends indicating significant improvement in most parts of 
the world. 

Keywords: wind energy; renewable energy; capacity forecasting; machine learning; energy 
forecasting; climate change mitigation 
 

1. Introduction 

The global transition to non-traditional energy sources has grown increasingly essential in 
addressing climate change and reducing carbon emissions. Wind power has turned out to be a 
turning-point technology in this revolution, with a sustainable and increasingly affordable means of 
producing electricity compared to fossil fuels (Dincer & Acar, 2015; Lacy et al., 2013; Mascarenhas et 
al., 2019; Phillips, 2013; Zhao et al., 2013). With countries around the world committing to minimize 
their carbon signatures, it becomes ever more essential for policymakers, investors, and 
environmental planners to know the future of wind energy as shown in Figure 1 (Falcone et al., 2021; 
Jiménez-González et al., 2010; Mittal & Kushwaha, 2024a; Praveenkumar et al., 2024). 

Wind power generation is characterized by a combination of interlinked factors such as 
technological innovation, geographical limitations, financial investment, and national energy policy 
(Blanco, 2009; Mittal & Kushwaha, 2024c; Salman & Teo, 2003; Zhang & Wan, 2014). In the past, these 
factors have been analyzed independently, but exhaustive, prospective examinations that combine a 
variety of prediction methods are in short supply. This study attempts to fill this important gap 
through the creation of a multi-method approach to the prediction of wind power generation 
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(Blaabjerg et al., 2012; Demirbas, 2008; Hansen, 2012; Liu et al., 2023; Milani et al., 2020; Salman & 
Teo, 2003). 

 

Figure 1. Diagram of a wind turbine system demonstrating energy conversion, storage, and transmission to AC 
devices through charge controller, batteries, and inverter. 

Our study attempts to offer a more realistic image of global wind power potential through the 
use of a novel machine-learning technique. Using extrapolation of historical trends and advanced 
forecasting models, we examine the likely growth, geographic reach, and technology impact of wind 
electricity generation from the near term through 2050(Fei et al., 2011; Fingersh, 2003; He et al., 2005; 
Zhou et al., 2012). Our research goes beyond previous scholarly efforts, providing pragmatic 
recommendations for energy planning and environmentally friendly growth policy (Bairamzadeh et 
al., 2018; Chen et al., 2022; Demirbas, 2017; Xiang et al., 2020). 

2. Methodology 

Our research methodology utilized a high-level, holistic approach to wind energy production 
analysis, integrating high-end data pre-processing methods, machine learning models, and 
predictive modeling methodologies.The study design comprised intensive data acquisition from 
worldwide wind power databases, rigorous pre-processing for data quality and comparability, and 
the application of multiple predictive modeling techniques like random forest regression and 
polynomial regression (Pekel, 2020; Rahimi-Gorji et al., 2017; Smith et al., 2013; Smola & Schölkopf, 
2004). We sought to develop a multi-dimensional analytical framework with the ability to introspect 
upon the complex interactions between the variety of factors responsible for wind power generation, 
i.e., installed capacity, growth rates, geographical variations, and technological developments 
(Amendola et al., 2000; Buhre et al., 2005; Mittal & Kushwaha, 2024b; Sreelekshmy et al., 2020). 
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2.1. Data Preprocessing and Collection 

Data collection process involved gathering wind energy data from global sources, and gathering 
information carefully to provide comprehensive and representative global wind energy trends 
coverage. We performed strict data cleansing processes to rectify mistakes, handle missing values, 
and normalize data across different countries to provide the best possible data quality for our 
forecasting models. 

2.2. Predictive Modeling Approaches 

Our predictive modeling strategy integrated some of the most advanced machine learning 
techniques to capture the complex dynamics of wind energy generation. Random forest regression 
was employed to investigate feature importance and develop robust predictive models, and 
polynomial regression allowed us to investigate the non-linear interaction between installed capacity 
and energy output, providing more nuanced results compared to traditional linear techniques 
(Candanedo et al., 2018; Kruppa et al., 2012; Mazhnik & Oganov, 2020; Rodriguez-Galiano et al., 2015; 
H. Yang et al., 2023). 

2.3. Feature Engineering 

Feature engineering was also a significant component of our approach, including advanced 
analysis of critical predictors such as capacity growth percentages, generation rates, and capacity 
factors. Through developing an enriched and heavily hand-curated feature set, we were able to 
optimize the accuracy and robustness of our forecast models. We employed cutting-edge techniques 
such as polynomial feature transformation to detect the non-linear interaction between the variables 
so that our models could detect more subtle associations in the data. Our recursive feature elimination 
with mutual information scoring was performed for the best predictor of effect selection, pruning 
dimensionality increasingly while preserving key information. Besides, we employed strong 
normalization and scaling techniques to compare features of different magnitudes and correctly 
weight them in our machine learning models. By specifying interaction features that encapsulated 
complex interdependencies across different energy production parameters, we were in a position to 
develop a more sophisticated and contextually aware predictive model. 

2.4. Prediction Techniques 

Our prediction techniques entailed the application of state-of-the-art computational modeling 
methods designed to detect the subtle dynamics of wind energy production globally. Using historical 
data and sophisticated machine learning algorithms, we developed a multi-layered predictive model 
that could withstand the inherent randomness and uncertainty in long-term energy forecasting.The 
approach included time series analysis, regression modeling, and ensemble modeling to yield 
consistent predictions taking into consideration technological progress, economic factors, and spatial 
variations in wind energy growth (Avery et al., 2019; Bajari et al., 2015; Degerman et al., 2009; Joselin 
Herbert et al., 2007; Ostblom, 1982; W.-J. Yang & Aydin, 2001). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 April 2025 doi:10.20944/preprints202504.0502.v1

https://doi.org/10.20944/preprints202504.0502.v1


 4 of 11 

 

 

Figure 2. A flowchart illustrating the methodology for predicting wind energy generation to 2050. 

The forecasting framework pushed forward forecasting horizons to 2050, employing advanced 
computational approaches that married statistical sophistication with machine learning expertise. We 
developed ensemble models that combined random forest regression and polynomial regression 
techniques to generate more advanced and sensitive predictions compared to linear prediction 
models. The models used varying input parameters, including historical growth rates of capacity, 
trends in technology improvement, geographical constraints, and economic variables, to give 
detailed projections of wind power generation potential across various regions of the world. The 
research approach enabled us to make scenario-based forecasts scalable for prospective technology 
revolutions and dynamic changes in energy landscape dynamics (Blaabjerg & Ke Ma, 2013; Mittal et 
al., 2024; Rodrigues et al., 2015; Sherif et al., 2005; Snyder & Kaiser, 2009). 

3. Results 

Our analysis gave profound insights into the future world wind energy capacity. Projection 
models suggested that world wind energy capacity will grow exponentially, with installed capacity 
rising from current capacities to nearly three times current capacity by 2050, a revolutionary shift of 
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renewable energy infrastructure. It was particularly regional differences that were at issue, with 
North American, European, and Asian growth trends being most promising through drives from 
technological advances, accommodating policies, and increasing economic viability of wind 
technologies. 

The study of capacity factor introduced more advanced observations, where an average capacity 
factor of around 0.35 was mentioned, with considerable variations based on various geographic areas. 
The conclusion emphasizes the role of site-specific considerations in planning wind power facilities, 
which requires the scope of available optimization prospects and technological advances 
guaranteeing optimal efficiency of energy output and general renewable energy performance. 

 

Figure 3. World contribution of wind power to electricity production (2023). 

The choropleth map "Share of Electricity Production from Wind (2023)" shows the global 
distribution of percentage of wind generated by the nation. The map uses a gradient of light blue to 
dark blue, which depicts the share of electricity supplied by wind power, with the more intense the 
blue, the larger the share. The areas with no data points are shown in light gray color. Particular 
emphasis is laid on Northern Europe, which is greatly reliant on wind energy. A couple of nations 
have gone beyond 40–50% of electricity production by wind. The map shows the disparity of 
consumption of wind energy across the globe, highlighting its prevalence in certain regions and low 
consumption in others. 
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Figure 4. World wind power generation by nation in 2050. 

The estimated wind power production by countries in 2050, in terawatt-hours (TWh), is 
indicated on the map. The gradient color map from purple (low production) to yellow (high 
production) highlights significant variations in the capacity to produce wind power across the globe. 
India and China will be expected to produce the most wind power, as they have made massive 
investments in renewable energy-based facilities. Simultaneously, regions in Europe and South 
America also reflect strong contributions, characteristic of extensive uses of wind energy 
technologies. The grey regions are the ones with little data or where it is not probable that wind 
energy is a dominant contributor. The picture indicates how the world shifted towards renewable 
power and the varied ability of countries to harness the power of the wind effectively at the mid-
century point. 
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Figure 5. Wind energy capacity factor vs. percentage of electricity generation. 

This scatter plot examines the relationship between the capacity factor of the wind plant (% 
Cap.fac.) and the % of total generation from wind (%gen). The pattern is a cluster of points around 
lower levels of %gen, indicating that most locations have a proportionally small percentage of their 
electricity coming from wind despite fluctuating capacity factors.There is a positive, though weak, 
trend indicated by the data, that with an increase in the proportion of electricity generation through 
wind, the capacity factor will also tend to increase. The histograms on the axes reveal the individual 
distributions of generation share and capacity factor and indicate that the capacity factors tend to be 
most commonly in the range of 20-30%, whereas most of the regions tend to have less than 10% wind 
generation share. 
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Figure 6. Wind energy characteristics correlation matrix. 

The matrix of correlations is better depicted graphically by the heatmap for principal traits of 
wind energy, with insight into their interrelationships. Both Gen(TWh) (generated wind energy) and 
Cap.(GW) (installed capacity) are very positively correlated (0.99), suggesting a linear relationship in 
which capacity rise leads to the corresponding generation of energy. Conversely, fairly low 
correlations exist between capacity growth (% cap.growth) and other variables, meaning that capacity 
growth is, to an extent, independent of capacity factors and generation levels. The rest of the 
correlations are quite insignificant. This analysis highlights the significance of installed capacity as a 
key driver of wind energy production and illustrates the multifaceted nature of factors that drive 
wind energy production. 

4. Conclusions 

The study emphatically proves the transformative power of wind energy in the global landscape 
of renewable energy. Wind power will be an increasingly key driver of the world's electricity demand 
by 2050, with growth in all but a few regions likely to be very strong, capable of reducing carbon 
emissions by up to 30% in the production of electricity. The crossroads of advanced machine learning 
has yielded unprecedented views into what is likely to be around the corner, providing an eagle's-
eye perspective on the large-scale dynamics informing the progress of renewable energy. 

Although opportunities look promising, there are challenges that still confront policy support, 
technology innovation, and infrastructure development. Increased research expenditures, more 
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efficient turbine technologies that have raised efficiency, and policy regimes favorable to them will 
realize the potential of wind power as a clean power generation technology, with an emphasis on 
regional balances and strategy development for adaptability in emerging markets. 
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