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This study introduces a novel method to assess solar-wind hybrid energy systems, utilizing data analysis for key 
metrics (Performance Yields 𝑌𝑅, Capacity Factor CF, and Performance Ratio PR), focused on their uncertainties 
estimation. Employing a bootstrapped-based K-means algorithm on features from a local weather station in 
Universidad de La Salle, Bogotá, the approach evaluates the technical feasibility of a photovoltaic system 
on the campus. It discusses the clustering algorithm advantages, emphasizing its suitability for modeling 
continuous processes in renewable energy systems. The hypothesis assumes independence and identically 
distributed centroid coordinates, aligning with large-scale energy system characteristics. Methods include 
data normalization, feature selection, statistical calculations, bootstrapping, and Probability Density Functions 
(PDF) estimation through a Maximum Likelihood Estimator (MLE) to assess uncertainties. Results suggest the 
unfeasibility of a wind energy system due to technological constraints. The study evaluates system flexibility, 
and design considerations, providing valuable decision-making insights. The conclusion highlights the potential 
use for accurate estimations, enhancing the system reliability.
1. Introduction

Nowadays, hybrid renewable energy systems are widely studied, de-

signed, and implemented exploiting abundant resources such as solar 
and wind energy. Most of the design approaches rely on third-party 
software that uses some collected data to set values for solar or wind 
energy as an input parameter in the design process, establishing a fixed 
scenario where there is no uncertainty or estimations of the potential 
energy available. In general, the performance indexes yielded under 
these assumptions are very conservative implying an oversized or un-

dersized technological implementation of the energy system proposed. 
In this work, we proposed a data-driven method for decision-making 
about renewable energy system performance considering collected data, 
machine learning algorithms, and performance indexes based on uncer-

tainty analysis.

K-means clustering is a widely used Data Science technique, and 
this method has advantages and disadvantages compared to other ones. 
Some of these advantages are simplicity, scalability, speed, and inter-
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pretability. On the other hand, some disadvantages are local optima 
convergence, spherical clusters, and the curse of dimensionality. When 
choosing a clustering technique, it is essential to consider the specific 
characteristics of the dataset and the goals of the analysis [1]. Other 
clustering methods like Hierarchical Clustering, Density-Based Spatial 
Clustering of Applications with Noise (DBSCAN), Gaussian Mixture 
Models (GMM), and spectral clustering offer alternatives that overcome 
some K-means limitations [2]. Combining K-means bootstrapping and 
Monte Carlo simulation allows an understanding of the uncertainties in 
K-means centroids estimation [3]. On the other hand, K-means cluster-

ing has applications in the artificial intelligence field in unsupervised 
learning tasks such as customer segmentation and anomaly detection 
[4,5]. In telecommunications, K-means enables the identification of 
usage patterns and network congestion, thus optimizing resource allo-

cation and enhancing network performance [6]. Some authors focused 
primarily on neural network stability [7–9], and they have been ad-

vanced in understanding neural network stability under stochastic and 
time-varying conditions, which is crucial for various real-world applica-
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tions. However, the application of neural network models in clustering 
tasks, in conjunction with algorithms like K-means, has been used in 
high-dimensional data such as images [10].

Research works such as [11] evaluated the energy resources in 
Romania, specifically photovoltaic energy, wind, biomass, and water, 
clustering-based data mining method. This analysis suggests new tech-

niques and potential resources should be considered. The study [12]

in Colombia also applied cluster and Principal Component Analysis 
techniques to calculate the photovoltaic energy potential in four cities, 
providing a reference point for further research. On the other hand, 
[13] used a combination of Geographic Information Systems, Machine 
Learning, and Image Processing to determine the potential for large-

scale photovoltaic. Clustering techniques help to estimate the available 
renewable energy to a group of similar data points. These techniques 
can identify patterns in renewable energy production data, being ap-

plied to forecast future energy production and decrease greenhouse gas 
emissions [14,15].

Some studies as [16] were carried out, where the features considered 
correspond to solar radiation, temperature, wind speed, and cost. This 
data exploration is done hourly, and it uses an autoregressive prediction 
model for each of the variables estimating the energy obtained through 
a real world model. The dataset obtained comes from satellites. The au-

thors establish a correlation between the non-linear variables cost and 
solar radiation instead of the mutual information, which can capture 
nonlinear relationships and dependencies between variables [17,18]. In 
addition to the mentioned above, in-situ samples are necessary to pro-

vide a more realistic solution for the specific application and improve 
the resolution of the features. When working with an external source, 
a data adjustment is required to ensure the quality and suitability of 
the intended analysis, where the output of error calculation is typically 
a single value equal to the error or difference between the measured 
and real values, instead of a Probability Density Function (PDF) or a set 
of statistics that describe the range of expected output values and their 
likelihoods [19].

There exist analyses where the energy potential of renewable re-

sources are evaluated, relying on extensive knowledge of geographical 
areas, elements and characteristics of natural surroundings or by in-

terpreting complex spatial modeling maps [20]. The studies reveal a 
marked gap between data analysis methods, management information 
systems, and evaluation for creating mathematical models that depict 
the energy potential of specific geographical regions. Besides analyzing 
the energy resource itself, it is equally significant to evaluate both the 
technical and economic potential [21,22]. On the other hand, some au-

thors have quantified the feasibility solar and wind generation systems 
by calculating annual and seasonal Performance Yields (𝑌𝑅), Capacity 
Factor (𝐶𝐹 ), and Performance Ratio (𝑃𝑅). These coefficients take into 
account the impact of the variability of the available energy resource. 
Solar and wind power profiles are first correlated with power demand 
to calculate these ratios, so the residual load curves are used to sup-

ply the available renewable energy resource on a time scale in hours 
[23–25]. However, when using a deterministic model, calculating un-

certainties is essential for obtaining information to validate, improve, 
and make decisions based on model predictions [26–28].

The existing literature extensively discusses the dichotomy between 
worst-case scenarios and expected value design approaches in system 
engineering, highlighting their respective impacts on safety, reliabil-

ity, and cost-effectiveness [29,30]. However, a notable gap emerges 
when considering these design paradigms alongside uncertainty quan-

tification techniques like bootstrapping for unknown density probability 
functions. The lack of exploration concerning how these contrasting de-

sign philosophies might interact with or influence the interpretation 
and utilization of uncertainty estimations derived through bootstrap-

ping techniques is a significant gap in the literature [31–33]. This gap 
inhibits a comprehensive understanding of the potential influences and 
intersections of differing design strategies on decision-making processes 
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in scenarios where estimating unknown probability distributions is fun-
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damental, indicating a need for investigation and synthesis of these 
concepts within practical applications.

This research introduces an innovative approach to analyze a spe-

cific dataset measuring photovoltaic and wind energy potentials at the 
Universidad de La Salle campus in Bogotá, Colombia. The study aims to 
provide comprehensive insights into practical implications and poten-

tial outcomes in the renewable energy context. The proposed method-

ology combines K-means bootstrapping and Monte Carlo simulation to 
quantify uncertainties in K-means centroids estimation. Fig. 1 shows the 
main steps of this approach, which will be widely explained in the next 
section. The motivation for choosing the bootstrapped-based K-means 
data clustering technique is based on considering the advantages and 
limitations of the K-means clustering technique mentioned above. The 
emphasis on addressing uncertainties through bootstrapping and Monte 
Carlo simulation reflects a thoughtful strategy to overcome K-means 
limitations and enhance the reliability of clustering results, particularly 
in the specific context of analyzing renewable energy potentials.

The work is organized as follows: first, the bootstrapped-based 𝐾 -

means data clustering technique is used for identifying the optimal 
clusters using validation indexes such as Silhouette (S), Partition (SC), 
Xie and Beni (XB), and Separation (SI); then the PDF of the centroids 
are determined for estimating the technical feasibility of implementing 
a solar-wind hybrid system, through the energy resource available and 
corresponding expected values of the metrics CF, 𝑌𝑅, and PR. Finally, 
the paper concludes with average data visualization and PDF plots for 
each centroid feature and performance indexes, followed by an analysis, 
conclusions, and future work.

2. Materials and methods

The method proposed involves finding underlying patterns in a 
dataset that contains samples from a weather station denoted as NO-

VALYNX 110-WS-18. Initially, this data is normalized, cleaned, and 
prepared. Then, the most relevant features are selected, and the basic 
statistical properties, such as maximum and minimum values, standard 
deviation and mean are calculated. Afterward, the bootstrap technique 
is applied to the original dataset to implement the unsupervised learn-

ing algorithm, where the validation indexes are required to evaluate 
the performance as well as determine the optimal number of clusters. 
Finally, a density estimation model computes the uncertainties of the 
performance ratios CF and 𝑌𝑅 through a Maximum Likelihood Estima-

tor (MLE) and their most representative Gaussian families.

2.1. Data analysis

Our objective is to develop a data-driven approach for computing 
performance ratios. We assume sampled data independent and identi-

cally distributed, were generated by an unknown PDF. This PDF was 
estimated using a validation index to calculate the optimal centroids 
and represent it as a product of densities. It considered the scale and 
displacement parameters in a MLE framework. More detailed explana-

tions related to these concepts can be reviewed in [34]. The following 
sections outline the general process for implementing an unsupervised 
machine learning algorithm that utilizes a data-driven model to deter-

mine the available energy potential.

2.1.1. 𝐾 -means algorithm

The 𝐾 -means algorithm is an unsupervised and non-hierarchical 
clustering method that does not require prior knowledge of the data 
[35]. Given a normalized set of samples 𝐗𝑡 = {𝐱𝑡1, … , 𝐱𝑡

𝑛
} ∀ 𝑡, 𝐱𝑡

𝑖
∈

ℝ𝑑 , a specified number of clusters 𝐾 , and a set of centroids 𝐂𝑡 =
{𝐜𝑡1, … , 𝐜𝑡

𝐾
}, 𝐜𝑡

𝑘
∈ℝ𝑑 , the algorithm assigns each data point in ℝ𝑑 to a 

cluster using an assignment rule based on a similarity measure. The Eu-

clidean metric in a 𝐿2 space is commonly used as the reference distance 

measure and is expressed in equation (1).
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Fig. 1. Bootstrapped-based K-means data clustering method Flowchart.
dist(𝐱𝑡
𝑖
, 𝐜𝑡

𝑘
) = ||||||𝐱𝑡𝑖 − 𝐜𝑡

𝑘

|||||| =
√(

𝐱𝑡
𝑖
− 𝐜𝑡

𝑘

)2 ∀ 𝑖, 𝑘 (1)

The objective function 𝐽 and the centroids 𝐜𝑡
𝑘

are optimized itera-

tively in the partition process, as shown in equations (2) and (3). The 
rule for assigning a data point 𝐱𝑡

𝑖
to a set 𝑡

𝑘
is based on minimizing 

the distance between the point and the centroid 𝑑𝑖𝑠𝑡(𝐱𝑡
𝑖
, 𝐜𝑡

𝑘
). The itera-

tive optimization process is an essential part of the 𝐾 -means algorithm, 
as it minimizes the within-cluster sum of squares, which measures the 
distance between the data points and their assigned centroids. By mini-

mizing this objective function, the algorithm aims to group similar data 
points in the same cluster and maximize the distances between the clus-

ters.

𝐽 =
𝑛∑

𝑖=1

𝐾∑
𝑘=1

‖‖‖𝐱𝑡𝑖 − 𝐜𝑡
𝑘

‖‖‖2 (2)

c𝑡
𝑘
=

∑
𝑥∈𝑡

𝑘
x𝑡

‖𝑡
𝑘
‖ (3)

2.1.2. Validation indexes

To determine the best number of clusters for a dataset, is essential 
to consider how validation indexes are interpreted. These indexes are 
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computed based on the average distance between data points and the 
centroid of their respective cluster, as well as the centroid of the near-

est cluster, which is known as cohesion and separation. The decision 
on the right number of clusters ultimately rests with the researcher, as 
their ability to interpret these indexes correctly is vital. This research 
encompasses various indexes for cluster validation, each with its in-

terpretation and graphical criteria to identify the optimal number of 
clusters 𝐾 [36]. It’s essential to recognize that the ideal cluster count 
isn’t always straightforward and might differ based on the dataset and 
the problem. Thus, using multiple validation methods and expert insight 
is crucial for pinpointing the most suitable cluster count. Moreover, it’s 
worth noting that the choice of clustering algorithm also significantly 
influences the optimal cluster count determination, given that different 
algorithms can yield distinct outcomes [12].

Multiple indicators exist to figure out the best cluster count for a 
dataset. Among them is the Silhouette Index S, which quantifies the dif-

ference between separation and cohesion values by dividing it by the 
larger of those two values. The optimal number of clusters corresponds 
to the first local maximum on the graph. Another index is the Partition 
Index, or SC, defined as the ratio between the sum of all cohesions and 
separations. In this case, the optimal number of clusters is the lowest 
slope on a graph. We use the Separation Index, or SI, which corresponds 

to the minimum separation distance to validate each partition. The op-
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timal number of centroids can be established using a similar graphical 
interpretation used for the SC index. Finally, the Xie and Beni index, or 
XB, is obtained by dividing the total variance by the minimum separa-

tion of the clusters. The optimal number of centroids corresponds to the 
first local minimum on the graph.

It’s worth noting that each of these indexes has its strengths and 
weaknesses, and the choice of which one to use may depend on the spe-

cific application. Additionally, other validation techniques could help 
to provide a more comprehensive understanding of the optimal number 
of clusters for  datasets.

2.2. Randomized 𝐾 -means algorithm

When unsupervised machine learning models are deployed there ex-

ist many ideas and approaches which use data to reveal information and 
structural patterns that are unknown in principle. In general, a model-

ing technique is proposed without labeling the data output, afterward, 
an optimization is carried out to find the best parametric fit minimizing 
a metric, and finally, a validation is implemented including, hyperpa-

rameter optimization, cross-validation, residue analysis, and hypothesis 
testing to verify convergence, correlation, and parsimony. The main 
drawback of the method mentioned is the lack of uncertainty quantifica-

tion when the method is performed without any knowledge about prob-

ability densities of the underlying phenomena, it implies that there are 
no, in principle, uncertainties measures in the results computed by the 
algorithms, to solve this situation we propose a randomized algorithm 
so-called bootstrapping which is a Monte Carlo-type method where the 
original data is treated as a pseudo-population, where sampling with 
replacement procedure is implemented obtaining new populations with 
equal probability where the clustering technique is deployed. On each 
of these realizations a 𝐾 -means algorithm is performed, not getting a 
singleton set of centroids in a 𝑑-dimensional Euclidean space, but em-

pirical probability distributions of centroids are achieved through this 
analysis, extracting new information as sampling means or variances 
about the centroids, also, confidence intervals leading to an uncertainty 
quantification about the energy resources for Solar-Wind Hybrid Sys-

tems

In this section, some theoretical tools and mathematical notation are 
depicted that formalize the practical results of this work. Let 𝑥𝑡

𝑙
be the 

𝑙-th vector feature constructing a dataset 𝐗𝑡 = {𝐱𝑡1, … , 𝐱𝑡
𝑛
}, 𝐱𝑡

𝑖
∈ ℝ𝑑 , 

being 𝑡 = {1, … , 𝑛𝑏} defining 𝑛𝑏 as the maximum number of bootstraps, 
𝐗0 is the original dataset, taking 𝐩 = {𝑥1, … , 𝑥𝑑} corresponds to an 
arbitrary 𝑑-dimensional point which is prone to be grouped into a cer-

tain set 𝑘, 𝑘 = {1, … , 𝐾}. The centroids of each dataset in the 𝑡-th 
bootstrap are defined as 𝐜𝑡(⋆)

𝑘
∈ ℝ𝑑 , with the 𝑙-th centroid coordinate 

𝑐
𝑡(⋆)
𝑙

. Our approach considers each centroid component as a random 
variable empirically built by the bootstrap method, where the process 
estimation is performed considering a parametrized model adjusted by 
the data. This analysis relies on the assumption about independence 
and identically distributed centroid coordinates sampled of a Gaussian 
distribution, this premise is determined by its suitability for model-

ing continuous and variable processes [37]. In this analysis, we claim, 
based on a theoretical result named as Central Limit Theorem that if 
we construct a large enough sequence of 𝑛𝑏 bootstrapped datasets and 
each sample is i.i.d. (independent and identically distributed), the stable 
density achieved is a Gaussian probability density function with param-

eters 𝜇 and 𝜎. Moreover, by the Weak Law of Large Numbers and the 
Strong Law of Large Numbers, we argue that by increasing the num-

ber of samples we converge in probability to 𝜇 for every 𝜖 following 
lim𝑛𝑏→∞ℙ[|X𝑛𝑏 − 𝜇| ≥ 𝜖] = 0, also, ℙ[lim𝑛𝑏→∞ X𝑛𝑏 = 𝜇] = 1, where 𝜇 is 
the expected value of the random variable. Through this idea, as the 
number of samples is increased the tail probability tends to zero, there-

fore, this leads to statistically describe the dataset through its expected 
value, which is a necessary condition to approximate the empirical den-

sity distribution to Gaussian distribution [38,39]. Therefore, we define 
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the following coordinate density model as follows,
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𝑔(𝑐𝑡(⋆)
𝑙

∣ 𝜇𝑙, 𝜎𝑙) =
1

2𝜋
√
𝜎𝑙

𝑒
− 1

2

(
𝑐
𝑡(⋆)
𝑙

−𝜇𝑙
𝜎𝑙

)2

, ∀𝑙 = {1,… , 𝑑}, ∀𝑡 = {1,… , 𝑛𝑏}

(4)

which is read as the probability density function of the 𝑙-th coordinate 
given by mean and standard deviation assuming a likelihood function 
as a Gaussian density function. Moreover, an optimization framework 
is solved to find the best values that explain the centroids sample ac-

cording to the chosen distribution family

𝜽
(⋆)
𝑘

= [𝝁(⋆)
𝑘

,𝝈
(⋆)
𝑘

] = 𝑎𝑟𝑔𝑚𝑎𝑥𝜽𝑘
𝐿(𝜽𝑘 ∣ 𝒄

𝑡(⋆)
𝑘

), 𝑘 = {1,… ,𝐾} (5)

explicitly, each centroids sample is yielded by the bootstrap method 
where the likelihood function takes the form of,

∇𝜽𝑘

𝑛𝑏∏
𝑡=1

𝑔(𝐜𝑡(⋆)
𝑘

∣ 𝜽𝑘) = 0, (6)

that is the analytic condition to obtain the maximum of this function, 
so-called maximum likelihood estimator, where ∇ stands for gradient 
operator which is a necessary condition for the parameters to achieve 
the maximum, it implies that a probability density function models 
the centroid distribution being the main goal to compute the param-

eters through optimization numerical algorithms. Since the estimation 
algorithm maximizes the likelihood function, the optimal parameters 
computed are interpreted as the best fit of the observed sample there-

fore they quantify the uncertainty of each component establishing a 
randomized interpretation of the 𝐾 -means obtaining a variance param-

eter of each centroid coordinate. This density parameter is interpreted 
as an empirical confidence interval which is computed through a se-

quence of datasets artificially sampled without replacement yielding a 
randomized clustering process that is summarized in the Algorithm 1.

Algorithm 1 Randomized 𝐾 -means.

1: procedure BOOTSTRAP 𝐾 -MEANS FOR EMPIRICAL DISTRIBUTIONS OF CENTROIDS( )

2: Collection of sampled datasets  = {𝐗1, … , 𝐗𝑛𝑏}, 𝐗𝑡 ∈ℝ𝑑×𝑛 .

3: Collection of points 𝐗𝑡 = {𝐱𝑡1, … , 𝐱𝑡
𝑛
}, 𝐱𝑡

𝑖
∈ℝ𝑑 .

4: Number of clusters 𝐾 .

5: Initial centers 𝐂𝑡 = {𝐜𝑡1, … , 𝐜𝑡
𝐾
}, 𝐜𝑡

𝑘
∈ℝ𝑑 .

6: Initial cluster set {1, … , 𝐾} ← {∅}.

7: for 𝑡 = 1 ∶ 𝑛𝑏 do

8: while a stopping criteria is not met do

9: for 𝑖 = 1 ∶ 𝑛 do ⊳ 𝐾 -means stage

10: 𝐝 ← [dist(𝐱𝑡
𝑖
, 𝐜𝑡1), … , dist(𝐱𝑡

𝑖
, 𝐜𝑡

𝐾
)]

11: 𝑘 ← argmin𝑗𝑑𝑗
12: 𝑡

𝑘
←𝑘 ∪ 𝐱𝑡

𝑖

13: for 𝑘 = 1 ∶𝐾 do

14: c𝑡
𝑘
=

∑
𝑥∈𝑡

𝑘
x𝑡

‖𝑡
𝑘
‖

15: {𝐜𝑡(⋆)
𝑘

}, {𝑡(⋆)
𝑘

}. ⊳ K-means output

16: Select the optimal centroid coordinate ⊳ MLE Stage

17: {𝐜𝑡(⋆)
𝑘𝑙

}𝑑
𝑙=1 = {𝑐𝑡(⋆)

𝑘1 , … , 𝑐𝑡(⋆)
𝑘𝑑

}
18: Gaussian paramaters {𝜃𝑙}𝑑𝑙=1 = {𝜇𝑙, 𝜎𝑙}𝑑𝑙=1
19: while a stopping criteria is not met do

20: for 𝑘 = 1 ∶𝐾 do

21: for 𝑙 = 1 ∶ 𝑑 do

22: 𝐿(𝜃𝑙 ∣ 𝑐
𝑡(⋆)
𝑘𝑙

) =∏𝑛𝑏

𝑡=1 𝑔(𝑐
𝑡(⋆)
𝑘𝑙

∣ 𝜃𝑙)
23: 𝜃⋆

𝑙
= argmax𝜃𝐿(𝜃𝑙, 𝑐𝑡(⋆)𝑘𝑙

)
24: Return {𝜽(⋆)

𝑘
}𝐾
𝑘=1

The algorithm shown briefly depicts the method proposed in this ar-

ticle, offering a procedure to compute a measure of the dispersion of the 
outputs of the 𝐾 -means algorithm, leading, with this new information, 
an improvement of the planning and design process of hybrid genera-

tion of electrical systems as microgrids, distributed generation systems, 

and renewable energy systems.
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2.3. Performance metrics for hybrid systems

This subsection shows the different steps considered for each of the 
𝐗𝑡 ∈ℝ𝑑×𝑛 datasets, which allow the calculation of the performance ra-

tios for the available energy resources by means of a 𝐾 -means-based 
algorithm.

2.3.1. Available solar energy

The emission of energy from the sun in the form of electromagnetic 
radiation is a physical phenomenon that can be measured using units 
of irradiance [Wh∕m2] [12]. This type of energy travels through space 
and reaches the Earth’s surface at different angles and directions de-

pending on the location’s latitude and longitude. Solar radiation is the 
amount of energy received per unit area on a surface [Wh∕m2], and 
it can vary around 1000 [Wh∕m2] [40] over the Earth’s surface. The 
equation that describes the relationship between irradiance 𝐼 and daily 
radiation Rad(𝑡) is provided by equation (7):

𝐼 =

𝑡2

∫
𝑡1

Rad(𝑡)𝑑𝑡
[

Wh

m2day

]
(7)

The given equation is a definite integral of power density over some 
time between 𝑡1 and 𝑡2, which provides the total energy generated 
by the solar resource. Likewise, Rad(𝑡) corresponds to a second-degree 
polynomial equation (8) [41], where 𝑡 is in [ℎ]. The calculation also 
takes into account the dimensions of the solar panels (width 𝑎𝑝𝑎𝑛𝑒𝑙 and 
length 𝑏𝑝𝑎𝑛𝑒𝑙) as well as the number of solar panels 𝑁𝑃𝑉 , which alto-

gether determine the daily photovoltaic energy 𝐸𝑃𝑉 as presented in the 
equation (9):

Rad(𝑡) = 𝑎𝑃𝑉 𝑡
2 + 𝑏𝑃𝑉 𝑡+ 𝑐𝑃𝑉

[
W

m2day

]
(8)

𝐸𝑃𝑉 =𝐴𝑃𝑉 ⋅ 𝐼 =𝑁𝑃𝑉 ⋅ 𝑎𝑝𝑎𝑛𝑒𝑙 ⋅ 𝑏𝑝𝑎𝑛𝑒𝑙 ⋅ 𝐼
[

Wh

m2day

]
(9)

2.3.2. Available wind energy

The air density 𝜌 is obtained directly through the air mass and vol-

ume or indirectly through factors such as temperature, atmospheric 
pressure, and altitude, which play a crucial role in assessing the wind 
potential of a given location [42]. In addition, the wind power gener-

ated by a turbine at any given moment 𝑃𝑤(𝑡) is directly proportional to 
the cubed wind speed 𝑣3(𝑡) and the surface area of the turbine blades 
𝐴𝑤, as demonstrated in equation (10).

𝑃𝑤(𝑡) =
1
2
⋅ 𝜌 ⋅𝐴𝑤 ⋅ 𝑣3 ⋅𝐶𝑝 [W] (10)

Wind power density (WPD) is a key indicator used to classify regions 
based on their wind power potential, calculated by dividing wind power 
by surface area 𝐴𝑤, as shown in equation (11) [43]. This is a fundamen-

tal starting point in evaluating the amount of wind energy available 
daily, denoted by 𝐸𝑊 , and it is calculated using equation (12), which 
incorporates the radius of the turbine blades 𝑟𝑤 and the number of tur-

bines 𝑁𝑤. The maximum amount of theoretical energy obtained from 
the wind requires the Power Coefficient 𝐶𝑝, and it is limited to the Betz 
limit [44].

WPD(𝑡) =
𝑃𝑤

𝐴𝑤

= 1
2
⋅ 𝜌 ⋅ 𝑣3(𝑡) ⋅𝐶𝑝

[
W

m2

]
(11)

𝐸𝑤 =𝐴𝑤

𝑡2

∫
𝑡1

WPD(𝑡)𝑑𝑡 =𝑁𝑤 ⋅ 𝜋 ⋅ 𝑟2
𝑤
⋅

𝑡2

∫
𝑡1

WPD(𝑡)𝑑𝑡
[

Wh

day

]
(12)

2.3.3. Capacity factor (CF):
This calculated by dividing the energy generated during a daily pe-

riod by the maximum amount of energy 𝐸𝑁 = 𝑃𝑁 (𝑡2 − 𝑡1) [Wh/day]. 
179

The specific time is determined by two independent variables, 𝑡1 and 𝑡2, 
Alexandria Engineering Journal 87 (2024) 175–185

with the overall time interval denoted as 𝑡. A feasible range of values 
for the CF depends on the available energy resource or the technology 
considered. For solar and wind energy, the typical range interval for CF

is [25, 35] [%] and [25, 45] [%], respectively, denoted as CF𝑃𝑉 and CF𝑤
in equations (13) and (14) [25]. The values for 𝐸𝑃𝑉 and E𝑊 used in 
these equations are obtained from equations (9) and (12).

CF𝑃𝑉 [%] =
[

𝐸𝑃𝑉

𝐸𝑁𝑃𝑉

]
× 100[%] (13)

CF𝑤[%] =
[
𝐸𝑊

𝐸𝑁𝑤

]
× 100[%] (14)

2.3.4. Performance yields (𝑌𝑅)
The index mentioned here is the ratio of the total energy density 𝐻𝑡

[Wh/(m2day)] (7) and (12), considering a reference power density 𝐺0
[Wh/(m2day)] that varies depending on the available energy resource. 
This ratio corresponds to equation (15), with 𝐺0 = 1000 [Wh/(m2day)] 
for a photovoltaic system, and 𝐺0 = (1∕2) ⋅ 𝜌 ⋅ 𝑣𝑛𝑜𝑚3 [Wh/(m2day)] for 
a wind system, where 𝑣𝑛𝑜𝑚 represents the nominal speed of the turbine 
in [m/s] [45,46].

𝑌𝑅 =
𝐻𝑡

𝐺0
[h] (15)

2.4. Performance ratio (PR)

This factor assesses the actual performance of an energy system rel-

ative to its ideal operation. In other words, it indicates how realistic 
the energy system is at converting input energy into effective output 
energy. This factor corresponds to the ratio between the actual perfor-

mance, represented by 𝑌𝑓 , and a reference value, denoted as 𝑌𝑟, which 
is the ideal performance. The units in numerator and denominator are 
energy density [Wh/(m2day)], so this metric is given in the equation 
(16) [47]:

𝑃𝑅[%] =
𝑌𝑓

𝑌𝑟
× 100[%] (16)

This section outlines a suggested approach for examining formulae 
and ratios used to measure the amount of energy generated by wind and 
solar resources. By utilizing these equations, we can assess the available 
renewable energy and determine the most effective engineering strate-

gies to implement in the specific study case.

2.5. Uncertainty quantification and deviation

An important aspect to be emphasized in this article is the defi-

nition of a procedure to estimate centroid uncertainties computed by 
the randomized 𝐾 -means algorithm. This measures performance index 
uncertainties in the estimation scheme for hybrid energy systems in 
any selected geographic location. In this work, we assume that com-

puted centroids are sampled from a continuous Gaussian distribution, 
which is reasoned through the Law of Large Numbers, so, an empirical 
probability distribution is defined through the bootstrap and MLE tech-

niques, estimating the mean and variance of each 𝑙th-coordinate for the 
𝑘th-centroid. Subsequently, with these expressions, a fully probabilistic 
approach to studying the energy performance of hybrid systems is com-

pleted leading to more detailed studies like large deviation bounds, tail 
distributions, and algorithm convergence.

At this point, a question arises, What is the probability that any 
coordinate centroid deviates about its mean? To analyze this problem 
some basic elements of probability theory are defined in the following 
lines, easing the understanding of the procedure proposed. First, we use 
an important result known as moment generating function of a continuous 
random variable [48], which corresponds to the coordinate centroid 𝑐
presented here as an event of this variable 𝑌 . That is, {𝐜 ∈𝛺|𝑌 (𝐜) = 𝑐}, 

where 𝛺 is the sample space. Therefore,
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𝑀𝑌 (𝑠) = 𝔼{𝑒𝑠𝑌 },

where 𝔼 is the expected operator, yielding a function that depends on 
the distribution parameters and a new variable 𝑠 that, in general, is 
well-chosen. The importance of this expression lies in the ability to com-

pute expected values, variances, or tail bounds of generalized random 
variables using Markov’s, Chebyshev’s, or Chernoff inequalities, which 
measure the probability of deviation about the expected value of the 
random variable.

Let the density 𝑌 ∈ (𝜇, 𝜎), be a Gaussian random variable, then, 
the moment generating function follows,

𝑀𝑌 (𝑠) = 𝑒

(
𝜇𝑠+ 𝜎2𝑠2

2

)

Therefore, by establishing a Chernoff probability bound we achieve

∀𝛿 > 0 𝑃 {𝑌 ≥ ((1 + 𝛿)𝜇)} ≤min
𝑠∈ℝ

𝔼{𝑒𝑠𝑌 }
𝑒𝑠((1+𝛿)𝜇)

⇒ 𝑃 {𝑌 ≥ ((1 + 𝛿)𝜇)} ≤min
𝑠∈ℝ

𝑒

(
𝜇𝑠+ 𝜎2𝑠2

2

)
𝑒(1+𝛿)𝜇𝑠

The right-hand side minimizes an expression with decision variable 
𝑠, min𝑠∈ℝ 𝑓 (𝑠), likewise, 𝛿 value determines the precise deviation to be 
analyzed, therefore,

𝑑𝑓

𝑑𝑠
= 𝑓 (𝑠)(𝜎2𝑠− 𝛿𝜇)

obtaining the critical point and solving for 𝑠
𝑑𝑓

𝑑𝑠
= 0⇒ 𝑠 = 𝛿𝜇

𝜎2
.

Finally,

∀𝛿 > 0 𝑃 {𝑌 ≥ ((1 + 𝛿)𝜇)} ≤ 𝑒

(
𝛿2𝜇2

2𝜎2
− 𝛿2𝜇2

𝜎2

)
= 𝑒

−
(

𝛿2𝜇2

𝜎2

)

which is the tight bound for a Gaussian random variable obtained 
through the Chernoff bound for each coordinate centroid in the Ran-

domized 𝐾 -means. It means, that analysis beyond the mean values 
of the performance indexes could potentially be proposed, considering 
probabilities deviations about the density mean driven by the 𝛿 value. 
For instance, a worst-case or very optimistic scenario with high or low 
probability can represent extreme climate phenomena in the data anal-

ysis proposed.

3. Results

Employing solar-wind hybrid systems with strategies like K-means 
bootstrapping and Monte Carlo simulation aims to quantify the uncer-

tainties in centroids estimation. The engineering background of this ap-

plication is focused on renewable energy forecasting, statistical analysis 
in energy harnessing, and the implementation of data-driven method-

ologies in the renewable energy research field [49–51]. The main as-

pects of this approach are listed below:

• The dataset, denoted as 𝐗0, was collected at La Salle University 
Campus in Bogotá, Colombia. This information is crucial for under-

standing the geographical context and the specific environmental 
conditions that it represents. This dataset links the research to a 
real-world location, making it relevant for regional applications.

• There are four distinct features included in the dataset 𝐗0, namely, 
Time 𝑡 [h], Solar Radiation Rad [W∕m2], Cubed Wind Speed 𝑣3
[m3∕s3], and Temperature T [◦C]. These features represent im-

portant environmental variables that can be relevant for various 
engineering applications, such as renewable energy, weather fore-

casting, and building design.

• The data samples were collected at two different times, from 2:30 
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to 6:40, between December 13th, 2018, and March 9th, 2020, and 
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Table 1

Daily normalized and denormalized averaged centroids coordinates obtained by 
𝐾 -means.

Normalized 
Features

𝑡 [-] 𝑅𝑎𝑑 [-] 𝑣3 [-] T [-]

Normalized 
Centroids 
Coordinates

1.87× 10−1 1.87× 10−2 3.20× 10−3 3.11× 10−1

5.24× 10−1 3.35× 10−1 3.89× 10−2 6.17× 10−1

8.35× 10−1 1.47× 10−2 1.03× 10−2 4.36× 10−1

Denormalized 
Features

𝑡 [h] 𝑅𝑎𝑑 [W∕m2] 𝑣3 [m3∕s2] T [◦C]

Real Centroids 
Coordinates

4.44 19.00 2.04 12.63

12.47 348.36 24.78 17.95

19.87 15.71 6.53 14.83

Table 2

Diary averaged polynomial coefficients for Rad(𝑡), 𝑣3(𝑡) y T(𝑡).

Feature

Centroids
a b c

Rad(𝑡) [W∕m2] -5.58 135.30 -471.82

𝑣3(𝑡) [m3∕s3] -3.45× 10−1 8.64 -29.56

T(𝑡) [◦C] -7.03 × 10−2 1.85 5.80

Table 3

Descriptive statistics for each of the features of the original dataset 𝐗0 .

Features 𝑡 [h] 𝑅𝑎𝑑 [W/m2] 𝑣3 [m3/s3] T [◦C]

Minimum Value 0.00 0.00 0.00 6.88

Maximum Value 23.83 1059.44 640.503 25.00

Mean 11.90 116.04 10.29 14.94

Standard Deviation 6.93 184.93 28.36 2.73

they are available in [52]. This information provides insights into 
the temporal scope of the dataset, which is critical for understand-

ing the seasonality and time-dependent characteristics of the data.

• Cubed wind speed feature, denoted as 𝑣3, is a modified variable, 
and its value is directly proportional to the WPD. This modifica-

tion highlights the engineering relevance of the dataset, as wind 
energy is a crucial aspect of renewable energy systems and envi-

ronmental monitoring. The relationship between wind power and 
energy appears in equations (10), (11), and (12).

• The dataset with 56807 observations is transformed using the Min-

max normalization, ensuring that data from different sources or 
periods can be compared and analyzed consistently.

3.1. Representative scenarios

The bootstrap-based 𝐾 -means algorithm is executed on the nor-

malized dataset 𝐗𝑚. Afterward, the centroids obtained using MLE are 
denormalized, and only their average values are represented daily and 
shown in Table 1. The graphical analysis of the validation indexes S, SI, 
XB and SC reveals that the optimal number of clusters 𝐾 corresponds 
to 3.

The process for obtaining the polynomial coefficients for three fea-

tures: radiation, velocity, and temperature, involves using the averaged 
real centroids from Table 1 and treating time as an independent vari-

able for each feature. Equations (8), (17), and (18) show the time as a 
parametric variable in the calculations. The resulting polynomial coef-

ficients are in Table 2. Table 3 provides information on the descriptive 
statics, which corresponds to the mean and the standard deviation, of 
the variables analyzed from the original dataset 𝐗0.

𝑣3(𝑡) = 𝑎𝑤𝑡
2 + 𝑏𝑤𝑡+ 𝑐𝑤

[
m3

s3

]
(17)

T(𝑡) = 𝑎𝑇 𝑡
2 + 𝑏𝑇 𝑡+ 𝑐𝑇

[◦C
]

(18)

On the other hand, the parametric fitted curve based on the features 

Rad(𝑡), 𝑣3(𝑡) y T(𝑡), is obtained the Fig. 2a, for 𝑡 ∈ [0, 24) [h]. Form 
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Fig. 2. Daily averaged features in (a) ℝ3 and (b), (c) and (d) ℝ2.

Table 4

Daily PDF of centroids obtained by means of bootstrapped-based K-means in 𝑅4 .

Feature

Centroids
𝑃 (c1 ∣ [μ1,σ1]) 𝑃 (c2 ∣ [μ2,σ2]) 𝑃 (c3 ∣ [μ3,σ3])

t [h]  (4.44,1.49 × 10−1)  (12.47,1.55 × 10−1)  (19.87,1.77 × 10−1)
Rad [W/m2]  (19.00,6.50 × 10−1)  (348.36,1.61)  (15.71,7.45 × 10−1)
𝑣3 [m3/s3]  (2.04,2.93 × 10−1)  (24.78,5.89 × 10−1)  (6.53,3.93 × 10−1)
T [◦C]  (12.63,1.04 × 10−1)  (17.95,1.42 × 10−1)  (14.83,1.44 × 10−1)
the averaged normalized features in ℝ3 𝑡, 𝑣3 y Rad are depicted in 
Fig. 2, for 𝐾 = 3. The ℝ2-dimensional planes Rad vs. 𝑡, 𝑣3 vs. 𝑡 and 
T vs. 𝑡, show the level sets which represents the cluster similarity and 
membership, where the colormap corresponds to a level membership 
interval between [0.4, 0.9], showed in the Fig. 2b, Fig. 2c and Fig. 2d, 
respectively. The coordinates of the centroids, in conjunction with their 
corresponding daily PDF, are shown in the Table 4.

3.2. Centroids probabilities densities

In this subsection, the different probability density functions, con-

sidering the 20 most representatives Gaussian families and 𝑁𝑏 = 4000, 
obtained for each of the features 𝑥1 = 𝑡, 𝑥2 = 𝑅𝑎𝑑, 𝑥3 = 𝑣3 and 𝑥4 = 𝑇

in subfigures (a), (b), (c), (d), respectively. It is shown in Figs. 3, 4 and 
5, which correspond to the centroids c1, c2 and c3 and they can be ex-

pressed in the compact form 𝑃 (c𝑗 ∣ [μ𝑗 , σ𝑗 ]). Likewise, their averaged 
parameters are obtained by means of MLE and they are depicted in Ta-

ble 4.

3.3. Performance analysis

To compute the total daily available energy in the load 𝐸𝑁

[Wh/day], according to the energy resources, at La Salle University 
campus, we calculate 𝐸𝑁𝑃𝑉 = 116668.57 [Wh/day] [23], moreover, 
potential wind energy corresponds to 𝐸𝑁𝑤 = 𝑃𝑁𝑤 ⋅ (𝑡2 − 𝑡1) [Wh/day], 
where 𝑃𝑁𝑤 = 100.00 [W]. Then, considering the parameterized func-
181

tions Rad(𝑡) [W/m2] and 𝑣3(𝑡) [m3∕s3], they allow to obtain the energy 
Table 5

Daily PDF of coefficients CF [%] and 𝑌𝑅 [h] obtained for each energy resource.

Available Energy Resource 𝑃 (𝐶𝐹 ∣ 𝜇𝐶𝐹 , 𝜎𝐶𝐹 ) 𝑃 (𝑌𝑅 ∣ 𝜇𝑌𝑅
, 𝜎𝑌𝑅 )

Photovoltaic  (36.74,4.70 × 10−1)  (3.68,1.49 × 10−1)
Wind  (2.15,1.73 × 10−1)  (1.66 × 10−1,4.50 × 10−2)

to supply at the time interval [𝑡1, 𝑡2] [h]. For this purpose, it is im-

portant to clarify that 6 polycrystalline 320.00 [W] solar panels are 
considered, with 𝑎𝑝𝑎𝑛𝑒𝑙 = 1.96 [m] and 𝑏𝑝𝑎𝑛𝑒𝑙 = 0.99 [m], and a wind 
microturbine model WSC100 of 100 [W], 𝑟𝑤 = 0.26 [m] for the on-grid 
system.

The MLE results in Table 5 show that the proposed photovoltaic 
technological solution is feasible, and the wind solution is not, which 
is consistent with previous studies conducted in Bogotá that show the 
potential for solar and wind energy [12,23]. Wind energy is primarily 
utilized in rural areas, while in urban areas, vertical axis wind turbines 
with a startup speed for winds below 1.5 [m/s] are required. The results 
for 𝑌𝑅 [h] indicate the availability of the reference power density 𝐺0 in 
equivalent hours and its proximity to the ideal solution for each energy 
resource. Finally, Fig. 6 illustrates the performance ratios for the most 
representatives Gaussian families being expressed as 𝑃 (𝐶𝐹 ∣ 𝜇𝐶𝐹 , 𝜎𝐶𝐹 )
and 𝑃 (𝑌𝑅 ∣ 𝜇𝑌𝑅

, 𝜎𝑌𝑅 ).
Table 5 presents the results for 𝑃 (𝐶𝐹 ∣ 𝜇𝐶𝐹 , 𝜎𝐶𝐹 ) and 𝑃 (𝑌𝑅 ∣

𝜇𝑌𝑅
, 𝜎𝑌𝑅 ) of various photovoltaic and wind-solar resources. These re-

sults indicate that the chosen wind turbine is not suitable for imple-
mentation due a poor wind performance. Furthermore, the probabil-
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Fig. 3. Combined distributions plots for c1 ∈ℝ4.

Fig. 4. Combined distributions plots for c ∈ℝ4.
ity density function for this technology shows similar low magnitudes 
for mean and standard deviation, which suggests only the feasibil-

ity of the PV design [53]. Fig. 7 shows the 20 most representatives 
Gaussian families 𝑝(𝑃𝑅 ∣ 𝜇𝑃𝑅, 𝜎𝑃𝑅) for the solar resource. Finally, 
the parameters obtained for the PDF of 𝑃𝑅𝑃𝑉 , which corresponds to 
182

 (63.33, 3.89 × 10−1), and they exhibit a realistic operation scenario.
2

4. Discussion

In the previous section, the findings suggest that the campus of La 
Salle University can technically implement a photovoltaic system, but 
not a wind energy system due to the lack of low-speed turbine technol-
ogy. The PDF of the CF for both photovoltaic and wind systems depends 
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Fig. 5. Combined distributions plots for c3 ∈ℝ4.

Fig. 6. Combined distributions plots for daily performance ratios 𝐶𝐹 [%] and 𝑌 [ℎ].
on the technological solution proposed. The system’s flexibility is re-

lated to its autonomy, and a hybrid on-grid or off-grid system design is 
necessary as 𝜇𝐶𝐹 increases or decreases. The expected CF approaching 
1 means that the auxiliary storage device sizing increases, which af-

fects economic feasibility. To implement energy solutions in the output 
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power range, a low value of the CF for wind turbines requires commer-
𝑅

cial wind microturbine models with nominal power ratings below 100 
[W] and startup speeds below 1.5 [m/s]. The probability density func-

tion of 𝑌𝑅 determines the availability of the reference power density 
𝐺0, which corresponds to the average daily solar brightness distribu-

tion provided by the interactive atlas of the Colombian Institute of 

Hydrology, Meteorology, and Environmental Studies (IDEAM). There 
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Fig. 7. Gaussian families plots for PR𝑃𝑉 .

is currently no information available about wind resource distribution. 
The 𝑃𝑅 provides additional information on how effectively these pro-

posed energy solutions can perform under ideal conditions. Finally, the 
PR is a measure of the actual output of a system in comparison to its 
maximum possible output. This metric is useful in evaluating renewable 
energy systems, where the weather and location can impact perfor-

mance. A high PR indicates that the system is operating close to an 
ideal scenario, while a low PR suggests a real one.

5. Conclusions and future work

This work proposes a method for designing a solar-wind hybrid sys-

tem based on expected value instead of the worst-case scenario, which 
has the potential to provide more accurate predictions for energy out-

put. A probabilistic model allows the incorporation of new local features 
into the satellite data, such as microclimates or terrain variations. Addi-

tionally, this probabilistic model allows updates over time as more data 
becomes available, providing ongoing optimization for the system’s per-

formance. In other words, this approach improves the accuracy and 
efficiency of renewable energy production and increases the system’s 
stability.

Capacity Factor CF is a metric that calculates a renewable energy 
system’s actual output compared to its maximum output, providing 
insight into its effectiveness. Meanwhile, Performance Yields (𝑌𝑅) mea-

sures the current energy produced by the system during a specific 
period. Evaluating these metrics enables determining the system’s per-

formance and identifying areas for improvement. A high energy Per-

formance Ratio PR can help reduce costs per unit of energy produced, 
lowering the renewable energy system’s overall costs, and increasing 
its attractiveness for investment opportunities. Additionally, renewable 
energy systems with a high PR can contribute to meeting climate tar-

gets by reducing greenhouse gas emissions. Therefore, by considering 
these metrics, it is possible to evaluate the potential success and opti-

mization of implementing proposed energy solutions, which are more 
realistic due to the integration of different available energy resources.

Obtaining uncertainties in renewable systems is crucial for several 
reasons: Firstly, it can enhance the design and operation of the system 
by improving its reliability. Secondly, it can assist experts in making 
informed decisions such as system components, topology, and auxil-

iary storage device options. Thirdly, assessing these uncertainties can 
help mitigate risks and boost confidence in the system’s performance, 
optimizing its design for cost and performance. Likewise, the systems’ 
uncertainties are related to their feasibility, including their economic 
viability, technical feasibility, and regulatory compliance. By assess-

ing these uncertainties, renewable energy systems can be optimized for 
improved performance, leading to the development of sustainable and 
more efficient energy solutions. It is worth noting that the uncertainty 
calculation is complex and requires specialized knowledge, making it 
essential to have experts in renewable energy systems.

Combining K-means clustering with bootstrapping and Monte Carlo 
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simulation offers a comprehensive awareness to discern uncertainties in 
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the centroids estimation, yet it confronts several limitations. The com-

putational demands, sensitivity to parameter choices, and dependence 
on specific assumptions limit its practicality and universal applicabil-

ity. Future research works to overcome these drawbacks should focus 
on refining computational efficiency through optimized algorithms or 
parallel processing, enhancing parameter robustness to diversify ap-

plicability, relaxing underlying assumptions, conducting comparative 
studies for validation, improving interpretability via visual tools, and 
striving for scalability to enable real-time implementation on extensive 
datasets. This method promotes a more resilient and universally ap-

plicable approach, providing deeper insights into uncertainties within 
K-means centroids estimation.
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