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Abstract

Recent years have seen a considerable increase in clean, green electricity output from
wind energy (WE). It is crucial to obtain the optimum parameters of the two-parameter
Weibull distribution (TPWD) for wind speed (WS) to calculate the potential WE. This
paper proposes to use the superEGO (SEGO) along with maximum likelihood estimation
(MLE) to obtain optimum parameters of the TWPD for WS data. The results showed that
SEGO provided better results compared other optimization algorithms used in this context.
Moreover, the potential WE for Gdańsk, a city located by the Baltic Sea in northern Poland,
was calculated using parameters obtained by using SEGO. It was observed that SEGO
performs the best among other optimization algorithms to find optimum parameters for
the two-parameter Weibull distribution along with MLE for wind speed.

Keywords: Dividing Rectangles (DIRECT); superEGO (SEGO); Maximum Likelihood
Estimation (MLE); wind energy

1. Introduction
Energy is an important factor in the advancement of civilization, as every economic

process requires an energy supply. Nonetheless, its impact on society and the economy
has never been greater. Modern society, individual homes, and the economy cannot run
without reliable energy sources. However, using fossil fuels during manufacturing is one of
the most important drivers of air pollution, especially the release of greenhouse gases and
carbon dioxide [1]. In the absence of significant measures, climate change will intensify,
particularly affecting Africa and India. As a result, there will be an increase in the number of
people migrating to different places, including Poland and Europe (also known as climate
movement) [2].

Renewable energy sources (RESs) are referred to as natural resources that generate
energy through processes and are constantly replenished by the International Energy
Agency (IEA). These include solar energy, wind, hydropower, biomass, geothermal energy,
and tidal power [3]. Solar energy, for instance, is derived from the sun’s rays. With the
improved technology of solar panels, nowadays, it is even possible to generate electricity
using solar energy during cloudy days [4]. WE is produced by the movement of air. Even
though every location in the world has a different WE capacity, the existing global potential
WE exceeds today’s global energy production. Hydropower depends on the water cycle.
Although hydropower provides sustainable and green energy, it is very much impacted
by climate change (e.g., due to global warming leading to less and less rain). Biomass
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energy is produced by burning organic waste in simple words. However, during biomass
energy production, gas emission occurs. Even though this gas emission is lower than
that produced by fossil fuels, it is important to carefully plan the usage of biomass energy.
While tidal power draws on the moon’s gravitational pull, geothermal energy draws on
heat from below the Earth’s surface. The technology used for geothermal energy is fairly
well-developed and has been used for over a century. Unlike fossil fuels, which are finite
and harmful to the environment, renewable sources are virtually endless and produce less
pollution. They are key to combating climate change, boosting energy security, and creating
new jobs and technologies. As renewable energy costs continue to drop, it is becoming an
increasingly practical and affordable option for communities around the world [5–7].

The EU Green Deal aims to neutralize greenhouse gas emissions and transform the
economy by 2050 [8]. This document guides EU Member State policy on energy efficiency,
climate change, and sustainable development [9,10].

The invasion of Ukraine by Russia brought about a change in the circumstances
surrounding energy policy. The conflict highlighted energy independence, renewable
energy, and greenhouse gas reduction. In response, the European Commission announced
the REPowerEU Action Plan [11] to accelerate investments in renewable energy sources
and renewable hydrogen infrastructure to minimize greenhouse gas emissions and the EU’s
dependency on Russian fossil fuel imports. This would raise the EU’s binding renewable
energy objective from 40% in Fit-for-55 to 42.5%.

The report “Poland’s Energy Policy until 2040”, which was adopted at the end of
March 2022, highlights strengthening the country’s energy security and independence.
In relation to renewable energy sources, their further development and an increase in
their role in the diversification of the electricity mix were announced. According to the
report, the goal is to increase the share of renewable energy sources in electricity production
to 50%. The need for financial support to achieve energy self-sufficiency for individual
households is also foreseen. One of the government’s priorities is to increase the potential
for storing electricity and heat at the level of prosumers, renewable energy producers,
network operators, and aggregators [12].

Wind turbines, a component of wind power plants, are a very straightforward technical
solution for harnessing WE. These plants transform the mechanical or electrical energy
contained in the wind’s kinetic energy. Power stations, either standalone or part of larger
clusters known as wind parks or farms, are the primary sources of electricity generation [13].

In 2023, the global WE sector increased their capacity by 117 GW, comprising 106.1 GW
from onshore installations and 10.9 GW from offshore projects. WE capacity has risen 12.8%
year-on-year [7,10]. China dominates the global wind power market, accounting for two-thirds
of the newly installed capacity worldwide. China has also broken records for investments
in offshore projects and turbine orders, the latter of which will be deployed in 2024. In
2023, wind power accounted for at least 25% of electricity production in several nations,
including eight European nations and Uruguay. The “wind” map now includes three more
countries: Djibouti, Mauritania, and the UAE [8].

Wind power is projected to expand further in the coming years, as it remains one of the
most cost-effective energy sources, driving economic growth, job creation, and enhanced
energy security. Over 130 countries aim to triple their renewable energy capacity—primarily
solar and wind—by 2030 to cut greenhouse gas emissions and mitigate climate change [14].

The main objective of this paper is to propose a novel approach for obtaining parame-
ters for the two-parameter Weibull distribution (TPWD) for wind speed using SEGO along
with MLE.

In pursuit of this objective, the authors provided the subsequent additional contribu-
tions. An overview of WE development in Poland, specifically focusing on the Pomeranian
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Voivodeship, a region identified as having significant WE potential, was provided. A new
method for estimating the parameters of the Weibull distribution for WS was introduced to
enhance the efficiency of estimating the potential WE. Hourly weather data for Gdańsk,
Poland, spanning seven years, was used in this study. SEGO was used along with MLE to fit
the two-parameter Weibull distribution (TPWD) to WS and determine the optimum TPWD
parameters as a novel approach. Furthermore, the performance of SEGO was compared to
the Genetic Algorithm (GA), the Simulated Annealing (SA), Differential Evolution (DE),
and Efficient Global Optimization (EGO), which are methods in the literature used to find
the optimum parameters of the TPWD for WS along with MLE. In particular, Aydin et al.
used EGO to obtain the parameters of the TPWD for wind speed data. They compared the
performance of EGO with the GA, the SA, and DE. The coefficient of determination (R2)
and root mean-squared error (RMSE) showed that EGO performs better compared to the
others. In this study, the SEGO algorithm is proposed and compared with other methods.
Using each method, parameters were estimated for each month and on whole data; R2

and RMSE were used to compare the performance of these five different methods [15–17].
SEGO is a modified version of EGO that utilizes the DIRECT algorithm. This allows it to
perform better to find optimum values. The analysis showed that SEGO performed better
for finding the optimum parameters of the TPWD for wind speed. Using these parameters,
the potential WE for Gdańsk city center was calculated under the assumption of having a
wind turbine designed for urban environments at a certain height.

This paper is outlined as follows: Section 2 highlights WE production in Poland and
the Pomerania district of Poland. Section 3 describes the methodology used in the study.
Section 4 presents the results, and Section 5 concludes the paper, suggesting potential
avenues for future research.

2. Advancements in Poland’s Wind Energy Market
2.1. Wind Energy in Poland

Since the early 1990s, Poland has been actively investing in WE as a key component
of renewable energy by recognizing the potential of it to reduce dependency on fossil
fuels. Over the years, increased investment in both onshore and offshore wind farms
have contributed to expanding WE capacity in the country. Today, WE plays a crucial
role in Poland’s strategy regarding the transition to the usage of more sustainable and
environmentally friendly energy, which aligns with the European Union’s regulations and
climate act. In 1991, Poland’s first modern wind turbine was installed at the Hydroelectric
Power Plant in Żarnowiec. The country’s first industrial wind farm was the Barzowice
wind farm in the West Pomeranian Voivodeship, which opened in April 2001. The system
comprised six power plants, with a 5 MW capacity collectively [18].

Onshore WE has lost its leading position in the renewable energy sector since 2021
due to PV prosumers, but it is still growing dynamically. At the end of 2024 in Poland,
the installed onshore wind capacity was 9.43 GW, and this should soon exceed the 10 GW
threshold. For comparison, the installed capacity for the entire national power system was
66.4 GW (conventional energy and RE), so the share of onshore wind farms was 14% of the
total capacity [18].

Polish Energy Policy indicates that the anticipated capacity of wind turbines is pro-
jected to reach 14 GW by 2030 [18].

2.2. Wind Energy in the Pomeranian Voivodeship

The Pomeranian Voivodeship has a total WE capacity of over 1000 MW [18]. Figure 1
represents a map of wind farms. As can be seen in Figure 1, the majority of them are in the
northern and eastern parts of the voivodeship.
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Figure 1. Wind farm map for Pomeranian Voivodeship (own elaboration based on [5]).

3. Methodology
With advancements in technology, nowadays, it is possible to produce electricity using

WE efficiently and cost-effectively. To be able to benefit from WE efficiently, it is crucial to
calculate potential WE with high precision. In order to calculate WE with high precision,
WS data must be fit to the appropriate statistical distribution and the optimum parameters
of the distribution have to be estimated correctly. When calculating potential WE, the
TPWD is often used because it provides an efficient way to describe how wind speeds vary
over time. This distribution is defined by two key parameters: the shape (k), which shows
how wind speeds are spread out, and the scale factor (c), which represents the typical
wind speed for a site. These values are usually calculated from historical wind data using
statistical methods such as MLE. By using this approach instead of just relying on average
wind speed, one can make much more accurate estimates of energy production and choose
the best locations for wind turbines.

This study’s scope included gathering WS data for Gdańsk from a third-party vendor
for the past seven years. Next, SEGO was used to estimate the optimum parameters of the
TPWD through MLE. Finally, the obtained TPWD parameters were used to calculate the
potential WE for Gdańsk, a city located in northern Poland.

3.1. Fitting the Statistical Distribution for WS

Since WS is stochastic, it is important to understand and investigate its statistical distri-
bution. Understanding the statistical distribution of WS has a big impact on calculating the
potential WE correctly in a given location [19]. The probability distribution function (PDF)
shows the statistical characteristics of a random variable. Various PDFs, including Weibull,
lognormal, gamma, Rayleigh, and mixed distributions, are used to explain and understand the
statistical distribution of WS [20–22]. The use of the TPWD for WS is extensively discussed
in the literature. The TPWD has two parameters: shape and scale. A comprehensive
statistical analysis of these two parameters is essential for the accurate prediction of WE
potential and the understanding of WS’s statistical characteristics [20,23,24]. Over the years,
researchers have come up with a lot of different ways to find the optimum parameters
for the Weibull distribution (WD). The most common methods are the moments method
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(MOM), the graphics method (GM), the least-squares estimation (LSE), and the maximum
likelihood estimation (MLE).

The power density factor and the energy pattern factor were introduced by Akdag
and Dinler for WD parameter estimation. These new methods were used for analyzing WE
potential for several places in Turkey [23]. Stevens et al. [25] proposed the use of the mean
and standard deviation of WS and MLE to find the optimum parameters for WS. Graphical
methods and a proposed method called the approximated method were used and compared
to estimate WD parameters by Jowder [26]. A study focused on the comparison of empirical
methods with graphics methods for estimating the parameters of the WD [27]. In order to
estimate TPWD’s shape and size parameters, George compared five different methods [27].
As a conclusion, the MLE provided the best results. Chang ran a comparison for six different
numerical methods to estimate the WD’s parameters: GM, MOM, EM, MLE, modified
MLE (MMLE), and the energy pattern factor/power density method (EPFPDM). As part of
their evaluation for estimating the parameters of the WD, Chang utilized the equivalent
energy approach in addition to the six methods that they had previously investigated.
Their research indicates that the accuracy of parameter estimation for the WD is correlated
with sample size [28]. A metaheuristic optimization technique is another option that can be
utilized in addition to numerical methods for the purpose of parameter estimation. In order
to predict the parameters of the WD, Chang utilized particle swarm optimization (PSO).
This method was then applied on data collected from weather stations located in Taiwan’s
several different climate zones. [29]. Rocha et al. compared seven numerical methods for
estimating the parameters of the TPWD, using wind speed data collected from the cities of
Camocim and Paracuru, State of Ceará, Brazil [30]. Arslan et al. compared the performance
of MLE, the Moment Method (MM), and the L-Moment Method (LMM) for estimating
the parameters of the TPWD [31]. Usta used probability-weighted moments based on the
power density method (PWMBP) to estimate the parameters of the TPWD [32].

Logistic distributions with MLE were used to analyze Inner Mongolia’s potential
WE [33]. A new approach to obtain the TPWD parameters with multi-objective moments
was proposed by Usta et al. [34]. Tosunoglu et al. compared different methods, including
the Method of Moments (MOM), MLE, and Probability-Weighted Moments (PWMs), on
different statistical distributions for WS data collected in Türkiye [35]. The TPWD parame-
ters were estimated for analyzing potential wind power in southern India by using nine
different computational techniques [15]. Seo et al. used the MLE method for wind turbine
power curve modeling [36]. Alrashidi et al. proposed a new method called Social Spider
Optimization (SSO) to predict the parameters of the TPWD [37]. Four different numerical
approaches were evaluated in terms of their performances to estimate the parameters of
the TPWD for Izmir, Türkiye [17]. Kumar et al. used the DE algorithm along with MLE
to be able to estimate the TPWD parameters for WS data [38]. Gokcek et al. fit wind data
to the WD and Rayleigh distribution in order to investigate the WE potential in Kirklareli,
Türkiye [39]. Saxena et al. used the GM and MMLE to estimate wind power density in the
Western Rajasthan region in India [40]. To find the most optimum TPWD parameters for
calculating Gdansk’s potential WE potential, Aydin et al. used EGO through MLE [41].

When it comes to evaluating the WE potential and statistical distribution of WS,
the literature suggests that the TPWD is the most used statistical distribution, and the
parameters of the TPWD have been estimated using a variety of optimization algorithms
along with MLE. This research study focuses on proposing the use of SEGO with MLE to
find the optimum shape and scale parameters of the TPWD.
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3.2. Parameter Estimation for the WD Using MLE

Estimation is a technique that is applicable across numerous disciplines, including
statistics, economics, engineering design, and others. Estimating the parameters of a
statistical distribution is often necessary using a dataset collected through experiments or
observations. The literature shows that the most common estimation techniques are MLE,
MOM, and GM. However, among these three, MLE is the most frequently preferred one.

MLE is used to determine a set of parameters that maximize the likelihood function.
As the literature suggests, WS data typically fits the TPWD. The distribution function of
the TPWD is presented in Equation (1), where c is the scale and k is the shape parameter of
the TPWD and x is an observed value [38,41].

f (x) =
(

k
c

)( x
c

)k−1
e−( x

c )
k

, x ≥ 0, c > 0, k > 0 (1)

The likelihood function of the TPWD is as follows, where c is the scale and k is the
shape parameter of the TPWD and x is an observed value:

L = ∏N
i=1

(
k
c

)( x
c

)k−1
e−( x

c )
k
, where x ≥ 0, c > 0, k > 0 (2)

and the log-likelihood function is shown below, where c is the scale and k is the shape
parameter of the TPWD and x is an observed value:

ln(L) = Nlnk − Nclnc − ∑N
i=1

( xi
c

)k
+ (k − 1)∑N

i=1 lnxi. (3)

3.3. SEGO Algorithm

SEGO was designed for problems where it takes a long time to compute the objective
and/or constraint functions by Sasena et al. It fixes these issues by using a Kriging model to
obtain a global estimate for each response. As a result of the way the estimates work, SEGO
is most suitable for problems with few design variables and few expensive constraints (less
than 10). The SEGO algorithm uses Infill Sampling Criteria (ISC), that are obtained using
the Expected Improvement approach (EI) [42,43].

Kriging metamodeling is closely linked to SEGO, which is a modified version of EGO.
Using an efficient stopping rule based on the EI, EGO requires a low number of evaluations
for global optimization problems. The creation of the EI function relies on the Kriging
model. Kriging is a mathematical interpolation technique named after mining engineer
Krige. He addressed the issue of interpolating findings gained from a restricted number of
places in gold mining. Then it has been improved over the years and has become a solid
metamodeling technique for many different disciplines.

The Kriging model, in a simple manner, can be formulated as follows:

y
(

x(i)
)
= µ + ϵ

(
x(i)

)
, (4)

where x(i) =
(

x(i)1 , . . . , x(n)k

)
and y (i) = y

(
x(i)

)
, µ is the mean value, and ϵ

(
x(i)

)
is the independent error term, which is normally distributed with a zero mean and σ2

variance [41,44].
Maximizing the EI function generates a new sampling point. After that, the original

set obtains this new data point. This cycle continues until the EI function value remains
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essentially unchanged. We denote that y = f (x), where fmin is the minimum response
value of f (x). Then the improvement (I) over fmin can be shown as follows:

I = =

{
( fmin − y), y < fmin

0 , y ≥ fmin
(5)

Under the assumption that y has a normal distribution with a mean equal to ŷ and
variance equal to s2, the expected value of I, in other words, the Expected Improvement (EI),
is shown in Equations (6) and (7).

E(I) =
∫ fmin

−∞
( fmin − y)ϕ(y)dy (6)

EI = ( fmin − ŷ)Φ
(

fmin − ŷ
s

)
+ sϕ

(
fmin − ŷ

s

)
(7)

where Φ is the cumulative distribution function (CDF) and ϕ is the PDF of a standard
normal distribution [41,44].

The SEGO starts by taking a small sample of the design domain. Then, it creates a
Kriging metamodel. The following step is the optimization of ISC by using an optimization
technique called DIRECT. The Kriging metamodel is updated with the new point predicted
in each iteration. Continual enhancements to the Kriging metamodels in each iteration
facilitate rapid convergence, thereby increasing their accuracy as showed in Figure 2.
The global, derivative-free DIRECT algorithm normalizes the feasible region into a unit
hyperrectangle and partitions it into smaller hyperrectangles. To solve problems with more
than one dimension, the DIRECT method basically evaluates the objective function at the
centers of the hyperrectangles. Then it finds and splits the hyperrectangles that have the
highest probability of obtaining the lowest objective function value in each iteration based
on the Lipschitzian optimization theory [42].

Figure 2. Flowchart of SEGO (own elaboration based on [43]).
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4. Results
A dataset containing hourly WS observations for Gdańsk (latitude: 54.352◦ N, longi-

tude: 18.646◦ E, 10 m height) was obtained from the Open Weather Map for the period
spanning 1 January 2015 to 26 July 2021 [45]. Then parameters of the TPWD were estimated
for WS data on monthly and the whole data separately. With the intention of estimating the
parameters of the TPWD, the GA, DE, the SA, EGO and SEGO were used, and a detailed
evaluation for each method was provided. Using SEGO, the predicted TPWD parameters
were used to evaluate the potential WE and electricity output for Gdańsk.

Table 1 highlights the monthly summary statistics of the dataset, which has 56,880 observations.
The table indicates that August is the warmest month in Gdańsk, while January is the
coldest. Table 1 additionally displays the average wind speed (m/s) for each month in
Gdańsk. The table indicates that April, December, and May are the months with the
stronger wind observed, whereas August is the month with the least wind.

Table 1. Summary statistics.

Month Average
WS (m/s)

Min. Temperature
(Average–Celsius ◦)

Max. Temperature
(Average–Celsius ◦)

January 2.72 −1.21 1.94
February 2.87 −0.58 2.77

March 3.15 2.33 5.39
April 3.51 6.15 9.61
May 3.17 10.66 14.39
June 3.02 15.65 19.24
July 3.12 16.76 19.96

August 2.38 17.17 20.85
September 2.68 13.29 16.52

October 2.77 8.29 11.25
November 2.83 4.27 6.86
December 3.19 1.86 4.48

To determine the optimal TPWD parameters for the WS data, this study utilized
thelatest available open source R packages “DiceOptim” for EGO, “DEoptim” for DE,
“GA” for the GA, and “optimization” for the SA using R version 4.4.2 [46–49]. The SEGO
MATLAB extension version 4.1 open sourced by Sasena was used for SEGO on MATLAB
R2021b [43]. As shown in Table 2, there are not huge differences between the shape (k) and
scale (c) parameters estimations obtained by different methods.

Table 2. Shape (k) and scale (c) parameter estimations on monthly data.

Month
SA GA DE EGO SEGO

k c k c k C k c k c

January 1.93 4.15 1.91 4.23 1.93 4.21 1.72 4.11 1.94 4.21
February 2.00 4.42 2.06 4.32 2.06 4.33 1.96 4.28 2.01 4.30
March 2.06 4.51 2.15 4.64 2.15 4.64 2.12 4.60 2.08 4.54
April 2.20 4.86 2.26 4.98 2.24 4.98 2.22 5.02 2.28 4.92
May 2.44 4.56 2.38 4.50 2.36 4.48 2.23 4.46 2.31 4.53
June 2.25 4.44 2.27 4.35 2.27 4.34 2.26 4.31 2.23 4.36
July 2.31 4.35 2.30 4.35 2.30 4.35 2.32 4.31 2.21 4.38
August 2.48 3.64 2.53 3.78 2.53 3.78 2.59 3.70 2.26 3.69
September 2.41 4.04 2.24 4.13 2.26 4.13 2.17 4.09 2.17 4.18
October 2.02 4.25 2.00 4.25 2.00 4.22 1.72 4.11 1.92 4.10
November 2.09 3.86 2.21 3.96 2.11 3.91 2.04 3.94 2.05 3.91
December 2.24 4.45 2.13 4.28 2.13 4.28 2.09 4.27 2.12 4.29
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The histogram of WS observations and the estimated PDF curve based on the TPWD
for the five techniques for each month of the year are depicted in Figures 3 and 4. The
efficacy of the techniques is illustrated in Table 3 and Figures 5 and 6, which are based on
two distinct metrics, RMSE and R2, shown in Equations (8) and (9), respectively, where
yi is the observed value, ŷi is the predicted value, and y is the mean value of observed
values. These two metrics are common metrics in statistics used to measure the prediction
error. In the literature regarding predicting TPWD parameters, these metrics are also
commonly used.

Figure 3. TPWD fit per month using different techniques (from January to June) (own elaboration).
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Figure 4. TPWD fit per month using different techniques (from July to December) (own elaboration).
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Table 3. Performance comparison for different methods.

Month
SA GA DE EGO SEGO

RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2

January 0.6512 0.9022 0.6496 0.9027 0.6616 0.8990 0.6136 0.9132 0.6413 0.9051
February 0.4967 0.9373 0.5130 0.9331 0.5007 0.9363 0.4650 0.9451 0.4618 0.9458
March 0.4762 0.9451 0.5178 0.9350 0.4835 0.9434 0.4758 0.9452 0.4720 0.9460
April 0.3828 0.9667 0.3830 0.9667 0.3856 0.9662 0.3802 0.9671 0.3773 0.9676
May 0.3760 0.9560 0.3732 0.9566 0.3658 0.9583 0.3665 0.9582 0.3615 0.9593
June 0.3632 0.9592 0.3605 0.9598 0.3358 0.9651 0.3363 0.9650 0.3272 0.9668
July 0.3713 0.9567 0.3672 0.9577 0.3703 0.9570 0.3599 0.9594 0.3579 0.9598
August 0.4569 0.8925 0.4526 0.8945 0.4487 0.8963 0.4539 0.8939 0.4454 0.8979
September 0.4913 0.9182 0.4471 0.9323 0.4664 0.9263 0.4234 0.9392 0.4298 0.9392
October 0.6639 0.8896 0.6802 0.8841 0.6649 0.8893 0.6229 0.9028 0.6250 0.9022
November 0.5996 0.8805 0.6262 0.8697 0.5745 0.8903 0.5636 0.8945 0.5542 0.8979
December 0.6441 0.8830 0.6111 0.8946 0.5934 0.9007 0.5602 0.9115 0.5473 0.9155

Figure 5. R-square value per month (own elaboration).

Figure 6. RMSE value for each technique and for each month (own elaboration).

The RMSE seems to be lower mid-year and higher towards the end of the year. The
highest R2 values are observed mid-year. DE and EGO also perform well, especially for mid-
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year months. However, SEGO outperforms other methods in most cases for the estimation
of TPWD parameters, achieving the lowest RMSE and highest R2 values, as evidenced
by Table 3 and Figures 5 and 6. The R2 for TPWD parameter estimations for SEGO is
higher than for the other techniques for the most months. The RMSE was calculated for
estimations based on SEGO is lower than for the other methods.

Table 4 presents the shape (k) and scale (c) parameter estimations on the whole data.
The histogram for the WS data and the PDF curve for the TPWD fitted to the WS data using
five different methods for the whole data are shown on Figure 7.

RMSE =

√
1
n∑n

i=1(yi − ŷi)
2 (8)

R2 = 1 − ∑n
i=1(yi − ŷi)2

∑ i = 1n(yi − y)2 (9)

Table 4. Performance comparison and parameter estimation on whole data.

Parameters Metrics

Technique k c RMSE R2

SA 2.16 4.40 0.501242 0.9300
GA 2.14 4.33 0.486022 0.9342
DE 2.15 4.33 0.482129 0.9352

EGO 2.05 4.25 0.465032 0.9397
SEGO 2.08 4.31 0.463599 0.9401

Figure 7. Distribution fit for each technique on whole data (own elaboration).

The effectiveness of techniques is additionally shown in Table 4, which is based on the
two separate metrics: R2 and RMSE.

The lowest RMSE and the maximum R2 are provided by SEGO, as indicated by Table 4
and Figures 8 and 9. In other words, SEGO performs better than all the other techniques in
terms of estimating the shape (k) and scale (c) parameters of the TPWD.
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Figure 8. RMSE for whole data (own elaboration).

Figure 9. R2 for whole data (own elaboration).

When the TPWD is used as the PDF of the WS data, the average wind power density
per square meter can be calculated using Equation (10), where c is the scale and k is the
shape parameter of the TPWD, and ρ is the standard air density, which is assumed to be
1.225 kg/m3 [39,50].

PW =
1
2

ρc3 Γ(1 + 3
k )

[Γ(1 + 1
k )]

3 (10)

k is estimated as 2.08, and c is estimated as 4.31. Then the wind power density is
calculated as 90.47 W/m2.
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The Small Wind Guide Book from the U.S. Department of Energy, Office of Energy
Efficiency and Renewable Energy, identifies the Skystream 3.7 as a wind turbine well-suited
for urban environments. Designed for residential and small commercial applications,
the Skystream 3.7 is a grid-connected turbine that operates efficiently even in moderate
wind conditions. It has a rated capacity of 1.8 kW and features an advanced inverter that
enables its seamless integration into existing electrical systems. According to performance
assessments, the Skystream 3.7 can supply between 40% and 90% of the total energy
demand of households and small enterprises, depending on local wind resources and
energy consumption patterns. Its relatively low noise levels and compact design make it
particularly suitable for urban and suburban settings, where space and noise restrictions
often limit the feasibility of larger wind turbines [51]. Widespread adoption of small wind
turbines like the Skystream 3.7 can contribute to decentralized renewable energy generation,
reducing reliance on traditional power grids and lowering carbon emissions. However,
the effectiveness of such systems depends on various factors, including local wind speed,
zoning regulations, and installation height, which must be carefully evaluated to maximize
performance and economic viability. Considering this information, the potential WE is
computed based on the setup of a Skystream 3.7 wind turbine in the old town of Gdańsk.

To calculate the potential wind power produced (PT) by the wind turbine mentioned,
it is essential to know the swept area (A) and power coefficient (Cp) of the wind turbine [52].

PT = PW × Cp × A (11)

The SWA and maximum PC of the Skystream 3.7 are 10.87 m2 and 0.4, respectively [51].
PT is calculated as 393.3918 W. In order to calculate the potential energy generated annually,
EA, the following formula can be used. t in Equation (10) is given in hours [53]. Since in a
year there are 8760 h, the yearly average energy that could be produced using the wind
turbine is calculated as 3446.112 kWh

EA = PT × t (12)

To have a precise evaluation of potential WE, seasonal weather conditions and cut-
in/cut-out wind speeds for the given wind turbine should be taken into consideration.
These assumptions were not considered in this research study.

5. Conclusions and Recommendations
This article presents an analysis of potential WE, which is an important and topical

issue related to the global energy transition [54]. Among the many forms of renewable
energy, wind power is among the fastest growing. When it comes to the development
of renewable energy technology, including WE, attention should be paid to the issue of
preparing adequate financing for projects supporting the use of renewable sources [55] and
promoting entrepreneurship focused on sustainable development [56].

The analysis and evaluation of potential WE depend on the precision of the fit of the
WS data to an appropriate statistical distribution. This can act as the basis for decision-
making based on partial knowledge, since the statistical distribution of the WS is known and
the wind power can be calculated [57]. In this context, the potential wind power and WE
were calculated for Gdańsk, the capital of the Pomeranian Voivodeship. For this purpose, a
dataset with hourly WS data for Gdansk was used. This dataset covers observations for
seven years so that different patterns of wind speed are captured in it. The TPWD was then
fitted using MLE with SEGO and using MLE with other methods, such as EGO, the SA, DE,
and the GA, which are methods used by other researchers, along with MLE, to fit the TPWD
to the wind speed data on both monthly and whole datasets. The performance of SEGO was
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compared with that of other techniques using RMSE and R2 metrics, which are metrics used
by other researchers to compare the performance of distribution fitting. A comparative
analysis indicated that SEGO gives better results compared to the other techniques. SEGO
provided the lowest RMSE and the highest R2. Since SEGO leverages the DIRECT algorithm,
it was able to find the parameters that maximize the log-likelihood function of the TPWD
with higher precision compared to other techniques found in the literature for obtaining
the parameters of the TPWD with MLE for wind speed data. Using the TPWD parameters
obtained by SEGO and MLE, under the assumption of having a Skystream 3.7 wind turbine
in the center of Gdansk, the yearly average potential WE was calculated as 3446.112 kWh.
This highlights the potential and environmental benefits of using small-scale wind turbines
in urban areas. The results further suggest that urban-type wind turbines can play a
significant role in the WE generation system, especially in densely populated locations
where traditional large-scale wind farms are not feasible. However, the construction of
larger wind turbines often faces various challenges due to regulatory constraints, such as the
minimum distances required from residential and commercial buildings, noise regulations,
and concerns over the impact on the local landscape. In contrast, the installation of smaller
urban-type wind turbines, such as Skystream 3.7, on residential, commercial, or office
rooftops offers a practical solution. This strategy would significantly aid in minimizing
the city’s carbon emissions, while also creating an innovative way to supply a portion
of the buildings’ energy needs through renewable sources. By adopting such a model,
the city could foster a more sustainable future, combining environmental responsibility
with practical energy solutions for urban development. By integrating such turbines into
existing infrastructure, cities can benefit from decentralized energy production, reducing
electricity costs and increasing energy security. Moreover, the proximity to consumption
points further increases the efficiency of the energy distribution, minimizing energy losses
associated with transmission over long distances. It is important to mention that the
selection of appropriate wind turbines is crucial to be able to obtain the maximum benefit
from WE. It is also worth mentioning that the wind turbine referred to in this study is just
an example and the authors did not focus on technical limitations, cut-in/cut-out wind
speeds, challenges that might be connected to the type of wind turbine, and the location of
the wind turbine while calculating potential wind power.

The observations used in this study were collected through a single sensor at a specific
location, which is seen as a disadvantage. WS data for other heights or other areas of the city
were unavailable. Access to such information would have enabled a broader generalization
of the results for the entire city.

To address the aforementioned limitations, the researchers intend to build databases
from multiple sources, including municipal sources and other external institutions, for
further research. In order to calculate potential wind power, the authors would also like
to take into account other environmental factors such as temperature, air pressure, height,
wind angle, and cut-in/cut-out wind speeds. Therefore, the authors also intend to calculate
the potential wind power for multiple locations in each city in northern Poland. All these
steps should enable the best possible results and increase the practical value of the analyses
carried out. They could also provide a starting point or inspiration for other researchers.
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