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Abstract 

This paper presents an outline of the problems facing the Polish energy sector. It highlights the 

significant role of wind energy in the National Power System, while limiting the possibility of 

installing new wind farms. It is suggested that repowering and extending the operational life of wind 

turbines will be an important solution to this problem. The possibility of using data from existing 

turbines to inform operational strategies was analyzed. Historical data was obtained for selected 

wind turbines and statistically analyzed. The main goal of the study was to develop regression 

models for wind conditions and electricity production. The best fit between the actual distributions 

of the analyzed variables and selected theoretical distributions was determined. It was demonstrated 

that in the analyzed case, the Log-Normal distribution provided a better fit than the Weibull 

distribution, preferred by the energy industry. 

Keywords: wind turbines; operation strategy; regression analysis; variable distributions; forecasting 

1. Introduction

1.1. National Power System (NPS) in Poland 

Wind energy is a significant component of the National Power System (NPS) in Poland. Its share 

is systematically increasing. According to the Polish Energy Policy, the planned installed capacity of 

wind turbines by 2030 would reach 14.5 GW. The forecast of the Ministry of Climate and Environment 

is slightly higher, projecting approximately 15.8 GW from onshore wind farms and approximately 

5.9 GW from offshore wind farms [1]. At the same time, coal-based electricity production is expected 

to steadily decline. Publications [2,3] indicate that the share of coal sources has fallen to 43.2%, with 

a total capacity of 18.7 GW for hard coal-fired power plants (30.7% of the NPS structure) and 7.6 GW 

for lignite-fired power plants (12.5%). At the same time, due to rising living standards, demand for 

electricity will increase. In the study provided by the government [4] it is indicated that in 2040 the 

structure of the Polish power system, for 72 GW of installed capacity, is to be based on approximately 

50% of renewable sources and only approximately 19% on conventional coal sources. 

The share of coal in the NPS will soon begin to decline. Coal-fired power plant retirements are 

expected in the coming years. Up to 8 GW could disappear from the market after 2025, as capacity 

contracts expire and cannot be renewed. The next large wave of retirements will occur in 2029–2030, 

when the 5-year contracts concluded in the fourth capacity market auction expire. These were coal-

fired units modernized between 2024 and 2028. Nearly 6 GW of coal-fired power will then disappear 
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from the market. The third wave will occur by the end of 2035 at the latest, due to the expiration of 

15-year contracts for new coal-fired units [5]. 

However, fossil fuel-based power plants are an essential element of energy system balancing. 

The system based on steam and hydroelectric power plants relied on large, centralized, and 

dispatchable synchronous generators. Sufficient system inertia was generated as a byproduct of the 

synchronous generators’ operation. Thermal generation is capacity-limited, associated with 

significant variable costs, and the basic units (coal-fired and nuclear power plants) are inflexible. 

Innovative technologies, such as converters, energy storage, and ICT infrastructure, will enable a shift 

away from the dominant influence of steam power plants on energy system stability. Mathematical 

models are being developed that use forecasting techniques to address the uncertainty and variability 

of renewable energy generation capacity, while load modeling is intended to capture the behavior of 

new load types. The interplay of innovative technologies, mathematical models, and demand 

response are key elements of a successful energy transition [6]. 

One of the fastest-growing components of the NPS is photovoltaics. Based on data from the 

official report by the energy market regulator URE [7], PV installations in Poland produced less 

energy than wind sources in October 2025, reaching 1.2 TWh (22.3% of RES generation), which 

represents a 19.8% increase over the year. Installed capacity in PV installations at the beginning of 

July was 23.7 GW, an increase of 22.4% over the year. Prosumer installations account for 

approximately 12.7 GW, an increase of 10.0% over the year. The change in the structure of generation 

sources in NPS in Poland is shown in Figure 1. 

 

Figure 1. Electricity and derived heat production from renewables and biofuels in Poland [7]. 

Wind farms, meanwhile, produced 3.2 TWh of electricity in October 2025 (58.0% of renewable 

energy generation). This is 51.0% more than in October 2024. Installed capacity in wind farms at the 

beginning of August was 11.1 GW – a 7.3% increase year-on-year. 

Biomass plants produced approximately 1.0 TWh in September, and hydropower plants 

produced 0.1 TWh. 

However, the unpredictability of renewable energy sources is a significant problem, also in 

Poland [8,9]. This significantly affects the energy system and must be regulated by the grid operator. 

In situations where the total power supplied in a given hour is higher than the current demand, it is 

necessary to use electricity storage, export surplus energy, or even shut down renewable energy 

sources [1]. 

In the latest report from November 6, 2025, [10] states that in October 2025, the system operator 

was forced to disconnect renewable energy generation units (curtailment) for 209 hours (an average 

of 28% of the monthly hours) over a 20-day period (Figure 2). These situations occurred mainly 

around noon and at night. Generation was limited to 140.2 GWh of electricity, including 34.9 GWh 
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from photovoltaics and 105.2 GWh from wind sources (3.1% of potential production). However, for 

most of the year, curtailment mainly concerns large-scale photovoltaic installations. This high level 

of renewable energy reduction is a result of the need to maintain power system stability while the 

flexibility of coal-fired power sources is low. 

 

Figure 2. Energy not fed into the grid from renewable energy plants in 2025 [10]. 

Thanks to its advantages related to installation technology, photovoltaic technology has become 

recognized as the fastest growing source of electricity generation in the world and a driving force for 

energy transformation, and in some countries it is expected to further increase the installed capacity 

in the near future [11,12]. 

In this context, renewable energy sources in general, and photovoltaics in particular, have 

significantly increased their role in the energy production mix in various countries in recent years, 

and their presence has led to changes in the strategies of power grid operation [13]. 

These policies must continue to evolve in the future so that renewable energy sources become 

the basis for electricity generation and the transformation towards greater decarbonisation of sectors 

such as energy demand in buildings, air conditioning and transport [14–16]. 

In recent years, the Polish NPS has seen a rapid increase in the use of renewable energy sources 

and their structure [17,18]. As shown in Figure 1, the structure of renewable energy use has changed. 

Initially, coal-fired power plants co-firing solid biofuels were used, which was the first step in the 

green transformation (2012). However, this solution was only temporary and used in 

decommissioned installations. After a transitional period, wind power was installed (2017). The 

decline in PV installation prices and regulations enabling the installation of micro-installations 

resulted in an increase in the installed capacity of these installations (2022). 

One of the main barriers to wind energy in Poland is location restrictions. These limit the ability 

to connect new installations to the electricity grid. Another significant limitation is the minimum 

distance of 700 meters from residential buildings. This has limited the location options for new 

installations. It is estimated that this has reduced the potential installed capacity by approximately 

60–70% compared to the potential for a distance of 500 meters. The introduction of the 10H rule, 

which used to indicate the distance of the turbine from buildings depending on the height of the 

tower, also contributed to the reduction in the number of wind farms installed (Figure 3). 
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Figure 3. Total installed capacity of wind farms in Poland [18]. 

As can be seen from the analysis of the map presented in Figure 4, the Starorypin wind farm 

analyzed later in the article, would not have been built under the current legal conditions due to the 

failure to maintain the distance between the turbines and the wind turbines. 

 

Figure 4. Impact of the Starorypin wind farm at a distance of 700 m. 

The construction of new wind turbines requires an investment process. One of its stages is a cost-

effectiveness analysis. This should be based on wind parameter measurement studies. Therefore, it 

is necessary to: 

- obtain a decision on building conditions for one or more measurement masts; 

- construct the measurement mast(s) and collect data for at least one year. 

Then, based on the collected data, an analysis of wind measurements is carried out, a multi-

variant selection of turbines is made, productivity is estimated, and the location of individual turbine 

sets is determined. 

1.2. Operation Strategy of Wind Power Plants 
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Due to the operational processes of wind turbines, they age, requiring operational decisions. 

Manufacturers declare a wind turbine service life of 25–30 years. The standard design life of a wind 

turbine is at least 20 years, consistent with the International Electrotechnical Commission (IEC) 

standard [19]. This period is also confirmed by research conducted by scientists. Many studies are 

related to fatigue [20–22]. As Wang et al. report, the turbine tower should be monitored after 20 years 

to prevent damage caused by changing wind conditions [18]. The authors also point to the reliability 

of key components. Jiang et al. show that the gearbox is one of the most critical components in terms 

of failure rate [24]. Hill et al. demonstrate that some components have typical lifespans of 6–12 years, 

which affects the actual operation over a period of 20+ years [25]. The generator, gearbox and bearings 

are also subject to analysis and are indicated as risk-generating elements that should be taken into 

account in the operation process [26]. 

Another aspect stems from the relative age compared to the progress of technological 

innovations on the market, which may affect the profitability of the project (e.g. increased efficiency 

and higher energy production are some of the key benefits of new turbine technologies, which may 

affect the return on investment – ROI – of a wind farm [27]. 

According to Woo et al. [28], at the end of a wind farm’s life, operators must decide whether to 

maximize the return on investment through lifetime extension and repowering, or to decommission 

the farm. The following scenarios are assumed: 

Lifetime extension means extending the operation of a wind farm beyond the period specified 

in applicable agreements. To extend its life, turbines must have sufficient remaining service life 

without compromising safety. Their suitability for continued operation will be determined by 

technical assessments, including analysis of environmental conditions (e.g., wind speed) and 

operating conditions at a given location [29]. 

Turbine serviceability is an important consideration, but decisions about life extension are also 

based on economic factors. In this case, key components can be replaced or remanufactured to ensure 

reliability and optimal operation. Operators can develop life extension strategies based on component 

analysis, inspection requirements, and recommendations [28], supported by decision support tools 

[30–32]. 

Repowering involves replacing old turbines with new, more efficient technologies, it may also 

involve improving the electrical interconnection system to increase the stability of the power system. 

Repowering may be partial, involving the replacement of specific components to extend the unit’s 

lifespan and/or increase its power output. Partial repowering is a relatively new solution and often 

involves the use of larger rotors [28]. There is no clear definition of partial repowering, some authors 

refer to it as “revamping” [33]. 

Full repowering, on the other hand, means completely replacing the turbines—often with larger 

and more efficient models. Although repowering as an end-of-life option can reduce operating and 

maintenance costs by reducing turbine failure rates, it also requires economic justification [34]. 

In most cases, repowering requires obtaining new administrative approvals [35]. These 

processes are often similar to those for new projects in terms of the scope of required documentation. 

Decommissioning involves removing the turbines and foundations and restoring the site to a 

condition close to its original condition. Full decommissioning is usually subject to appropriate legal 

arrangements. In some circumstances, decommissioning may be unavoidable, for example, due to 

changes in land use [36]. However, decommissioning is usually viewed as a last resort, less desirable 

than life extension or repowering. 

However, each of these decisions is associated with the generation of worn turbine components 

that need to be recycled [27,37]. 

Making decisions regarding operational strategy requires analyses that clearly demonstrate the 

validity of the changes [28]. The decision-making process regarding repowering or extending the 

turbine’s life depends largely on identifying potential benefits. One of the factors may be estimating 

the difference between the energy produced by the currently operating turbine and the planned new 
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unit. Having a mathematical model of the new turbine’s energy production allows for the 

identification of benefits for the investor. 

Physical wear of the turbine is also important in the operational strategy. During the operation 

of a wind turbine, the blade coatings deteriorate and resistance increases. Changes in this resistance 

cause changes in the turbine’s power curve. The resulting models can also be used to analyze turbine 

blade wear. Blade damage can also increase harmful noise and vibration levels [38–40]. 

The overall goal of this research is to develop a method for forecasting and determining a 

rational operational strategy for wind turbines using mathematical models, including statistical and 

numerical tools, and artificial intelligence. The purpose of this paper is to present the results of 

research on the degree of fit between theoretical random variable distributions and actual data, and 

the feasibility of applying these results to develop a mathematical model that will facilitate the 

forecasting of electricity production depending on average wind speed. The research results 

presented in this paper were developed based on operational data obtained from SCADA software 

for the Starorypin wind farm [18]. 

2. Materials and Methods 

2.1. Object of Analysis 

The study was conducted at the Starorypin wind farm. It consists of three wind turbines. 

Characteristic turbine data are presented in Table 1. The farm is located in Poland and has geographic 

coordinates N53.084477, E19.440905 (Figure 4). 

Table 1. Comparison of some physicochemical properties of the tested fuels. 

Designation Turbine Type Tower Height 

WT1 Vensys 77/1500 100 m 

WT2  Vensys 77/1500 100 m 

WT3 Vestas V90-2.0 MW 105 m 

As part of the study, historical data were acquired and statistically analyzed. The main goal of 

the study was to develop regression models for wind conditions and electricity production. These 

models are intended to determine the average weekly amount of electricity produced by wind 

turbines depending on the average weekly wind speed. The established models were based on 

historical values obtained from the SCADA system. Therefore, they are appropriate for the analyzed 

wind turbines. This is due to the lack of analysis of other factors that may depend on the wind turbine 

location. Such factors include terrain roughness, daytime temperature, and other confounding factors 

[41,42]. 

As part of the analysis, three linear regression models were developed. The impact of average 

weekly wind speed on the amount of energy produced was analyzed. The analysis was conducted 

for the entire year 2024. The analysis was performed for three facilities: WT1, WT2, and WT3. 

The regression models were developed based on operational data obtained from the SCADA 

system. The actual data included the average weekly wind speed [m/s] and average weekly electricity 

production [kWh] during the considered time period. Wind speed is measured by a sensor located 

on the wind turbine nacelle. 

The analysis was based on data obtained from the SCADA system. A linear regression model 

was developed. This model determines the relationship between the average weekly amount of 

electricity produced (Em) and the average weekly wind speed (Vm). Treating wind as the explanatory 

variable and energy as the dependent variable, a regression model was constructed using the classical 

least squares method. 

3. Results and discussion 
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As part of the study, regression models were developed for the WT1, WT2, and WT3 wind 

turbines tested. Daily wind and electricity production data for the year 2024 were analyzed. Tables 

2–4 present the statistics of the developed regression model. 

Table 2. Statistics of the linear regression model developed for individual weeks of 2024. 

Wind turbine  WT1 WT2 WT3 

Linear regresion model Em=3347.39Vm– 9099.63 Em=2733.16Vm-5533.92 Em=5533.09Vm-20157.27 

Coefficient Value of the coefficient 

Correlation R 0,94054 0,785112077 0,985528137 

R2 0,88461 0,616400973 0,971265709 

Adjusted R2 0,88235 0,608879423 0,970702292 

Standard error 1793,16 3313,887893 1436,826085 

Number of observations 53 53 53 

Table 3. Summary of regression analysis (ANOVA) for wind turbines. 

 df SS MS F Significance F 

WT1 Em = 3347.39 Vm – 9099.63 

Regression 1 125728 1,3E+09 391,014204 1,4322E-25 

Residual 51 163987 3215437   

Total 52 1421268     

WT2  Em = 2733.16 Vm – 5533.92 

Regression 1 899977432,4 899977432,4 81,9513 3,4277E-12 

Residual 51 560074501,2 10981852,97   

Total 52 1460051934     

WT3 Em = 5533.09 Vm – 20157.27 

Regression 1 3558903030 3558903030 1723,88284 5,512E-41 

Residual 51 105287929,1 2064469,2   

Total 52 3664190959     

Table 4. Results of the statistical analysis of the coefficients of the linear regression function developed for 

individual weeks of 2024. 

Coefficient 
Value of the 

coefficient 

Standard  

error 
t Stat p- Value Lower 95% Upper 95% 

WT1 Em = 3347.39 Vm – 9099.63 

a 3347,387083 169,2815664 19,7741 1,4322E-25 3007,54016 3687,23401 

b -9099,634354 1039,608629 -8,75294 9,8663E-12 -11186,736 -7012,5329 

WT2  Em = 2733.16 Vm – 5533.92 

a 2733,16 301,92 9,05 0,00 2127,04 3339,29 

b -5533,92 1821,37 -3,04 0,00 -9190,47 -1877,37 

WT3 Em = 5533.09 Vm – 20157.27 

a 5513,09 132,78 41,52 0,00 5246,52 5779,66 

b -20157,27 904,53 -22,28 0,00 -21973,18 -18341,35 

A script was created in the MASS Python package to generate two types of graphs: 

1. A graph of wind speed (Wind) and electricity (Energy) for consecutive weeks in 2024, (Figure 

5, 7 and 9) 

2. A scatterplot of points (Wind - Energy) including the regression model line, (Figure 6, 8 and 

10). 

The first graph added a line of values for consecutive weeks resulting from the regression model. 

Due to the large disparity between wind speed (Wind) and electricity (Energy) values and the model 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 December 2025 doi:10.20944/preprints202512.0501.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0501.v1
http://creativecommons.org/licenses/by/4.0/


 8 of 18 

 

values, the graph was equipped with two vertical axes: the left one for energy and model values, and 

the right one for wind speed. 

 

Figure 5. Average weekly energy [kWh] generated by the WT1 in the following weeks of 2024 determined on 

the basis of real data (SCADA) and for the linear regression model. 

 

Figure 6. Wind–Energy Scatter Plot with Regression Line for WT1. 
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Figure 7. Average weekly energy [kWh] generated by the WT2 in the following weeks of 2024 determined on 

the basis of real data (SCADA) and for the linear regression model. 

 

Figure 8. Wind–Energy Scatter Plot with Regression Line for WT2. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 December 2025 doi:10.20944/preprints202512.0501.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0501.v1
http://creativecommons.org/licenses/by/4.0/


 10 of 18 

 

 

Figure 9. Average weekly energy [kWh] generated by the WT3 in the following weeks of 2024 determined on 

the basis of real data (SCADA) and for the linear regression model. 

 

Figure 10. Wind–Energy Scatter Plot with Regression Line for WT3. 

To use historical data for inference and forecasting electricity production, we analyzed the fit of 

actual data obtained from the WT1, WT2, and WT3 wind turbine tests to theoretical distributions of 

a random variable. Goodness-of-fit tests were performed for four selected theoretical distributions: 

exponential, normal, lognormal, and Weibull. For the Wind variable (wind speed) containing average 

wind values for consecutive weeks in 2024, and for the Energy variable (electricity) containing 

average energy values for consecutive weeks in 2024, parameters for the selected statistical 

distributions were calculated and graphs were created containing: 

1. a data histogram, 

2. empirical density (black line), 

3. theoretical density with estimated distribution parameters (red line). 
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Calculations, research results, and their graphical visualization were performed in the R 

environment [43] and using the MASS package in Python (distribution parameters, Kolmogorov-

Smirnov test value and p-value). The best fit of the actual distributions of the analyzed variables to 

the selected theoretical distributions was determined based on the Kolmogorov-Smirnov test value 

and p-value. 

 

Figure 11. Fits of the actual wind speed distribution (Wind) to four selected theoretical distributions – the best 

fit was obtained for the Log-Normal distribution (WT1 wind turbine). 
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Figure 12. Fits of the actual wind speed distribution (Energy) to four selected theoretical distributions – the best 

match was obtained for the Log-Normal distribution (WT1 wind turbine). 

 

Figure 13. Fits of the actual wind speed distribution (Wind) to four selected theoretical distributions – the best 

fit was obtained for the Log-Normal distribution (WT2 wind turbine). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 December 2025 doi:10.20944/preprints202512.0501.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0501.v1
http://creativecommons.org/licenses/by/4.0/


 13 of 18 

 

 

Figure 14. Fits of the actual wind speed distribution (Energy) to four selected theoretical distributions – the best 

match was obtained for the Log-Normal distribution (WT2 wind turbine). 

 

Figure 15. Fits of the actual wind speed distribution (Wind) to four selected theoretical distributions – the best 

fit was obtained for the Log-Normal distribution (WT3 wind turbine). 
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Figure 16. Fits of the actual wind speed distribution (Energy) to four selected theoretical distributions – the best 

match was obtained for the Weibull distribution (WT3 wind turbine). 

A recognized random variable distribution used in wind energy to estimate wind energy 

production is the Weibull distribution (WB) [44–46]. It describes wind speed behavior very well, and 

the wind speed distribution directly affects electricity production from a turbine. This is due to the 

wind speed characteristic, which cannot be negative; moderate speeds usually prevail. In wind 

energy, the Weibull distribution is the de facto standard for describing wind speed statistics. Due to 

its simple calculation of the integral describing turbine power, it is frequently used to determine 

annual energy production (AEP) and uncertainty analyses. Therefore, it is also widely used by 

economists. However, when analyzing the obtained results, it should be noted that the case study of 

the wind farm considered in this paper demonstrated a better fit in most analyses for the Log-Normal 

(LN) distribution than the Weibull (WB) distribution preferred by the energy industry. The only 

exception is the electricity production distribution for turbine WT3 (LN p-value = 0.578, WB p-value 

= 0.869). This situation is different for the wind speed distribution for turbine WT3. There, a better fit 

of the Weibull distribution was observed than the Log-Normal distribution (WB p-value = 0.824, LN 

p-value = 0.571). This situation is caused by the lower utilization of the wind potential by WT3, which 

is particularly noticeable in weeks 12–33. The use of the Weibull distribution was also questioned in 

the work of Lencastre [47]. In this work, it was shown that the Gaussian distribution allows for 

predicting wind speed histograms with greater accuracy than the Weibull distribution. It was also 

shown that other good distributions for modeling wind speed are the Nakagami and Rice 

distributions, which can be interpreted as special cases of the Weibull distribution for specific values 

of the shape parameter and the scale parameter. These results are important not only for predicting 

wind speed values, but also for predicting the value of electricity generated by wind turbines. 

4. Conclusions 
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The considerations and research results presented in this article represent the first phase of work 

aimed at developing a method for forecasting wind conditions and energy production using wind 

turbines. This method will be developed using statistical tools, mathematical and numerical models, 

and artificial intelligence. Ultimately, the developed forecasting method will facilitate the 

development of a rational wind turbine operation strategy, taking into account the type of turbine, 

installed capacity, mast height, and location. 

The analyses conducted allowed the creation of mathematical regression models that can be 

used to analyze energy production based on historical data. Comparing actual energy production 

based on the developed regression models can provide diagnostic information, enabling the 

assessment of the technical condition of the wind turbine, particularly the blades. 

The study also demonstrated the usefulness of the LogNormal distribution for assessing wind 

conditions and energy production. Therefore, further analysis should be conducted to determine the 

conditions under which the LogNormal distribution should be used instead of the previously used 

Weibull distribution. 
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