Tecnolsgicas

Urban Wind Energy Assessment Using Machine Learning
and Multi-criteria Analysis

Evaluacion del potencial edlico urbano mediante aprendizaje
automatico y analisis multicriterio

@ Gianina Garrido-Silva' ®e Harrynson Ramirez-Murillo? @ Maria Paula Cajamarca-Garcia',
@ Carlos Andrés Torres-Pinzéon3
Universidad Santo Tomas, Facultad de Ingenieria Electrénica, Bogota D.C., Colombia

2Universidad de La Salle, Bogota D.C., Colombia
SUniversidad Distrital Francisco José de Caldas, Facultad de Ingenieria, Bogota D.C., Colombia

Correspondence: haramirez@unisalle.edu.co

Received: 25 September 2024 Accepted: 29 May 2025 Available: 30 June 2025

How to cite / Cémo citar

G. Garrido-Silva, H. Ramirez-Muirillo, M. P. Cajamarca-Garcia, and C. A. Torres-Pinzon, “Urban Wind Energy Assessment
Using Machine Learning and Multi-criteria Analysis,” TecnoLdgicas, vol. 28, no. 63, e3262, 2025.
https://doi.org/10.22430/22565337.3262

©0ce

Abstract

The transition toward renewable energy sources in urban environments presents technical and strategic challenges
due to the variability of available resources and the inherent constraints of built-up spaces. This study assessed the
potential for wind energy generation in Bogotd, D.C,, Colombia, applying data science techniques and machine
learning models. Clustering analysis, the Analytic Hierarchy Process (AHP), and Weibull distribution modeling used
historical meteorological data on wind speed and temperature. The unsupervised analysis identified three
representative hourly wind patterns, while the Weibull distribution estimated an operational wind speed of 22 m/s.
The AHP method facilitated the selection of wind turbines based on technical criteria such as cut-in speed, rated power,
and blade number. Among the key results, the 300 X-300 turbine achieved a Capacity Factor (CF) of 25.43%, a Yield
Ratio (Yr) of 0.1352 h, and a Performance Ratio (PR) of 43.49%. These indicators reveal that, despite the moderate wind
potential during specific periods, the low energy density and high variability limit the technical feasibility of wind
systems in the study area. It is concluded that integrating data analysis tools with multi-criteria decision-making
methods provides a robust framework for assessing urban wind resources and establishes a solid foundation for the
tailored design of sustainable energy solutions.
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Resumen

La transiciéon hacia fuentes de energia renovable en entornos urbanos representa un desafio técnico y estratégico,
debido a la variabilidad de los recursos disponibles y a las restricciones propias de los espacios construidos. Esta
investigacion evaluo el potencial de generaciéon de energia edlica en Bogota D.C., Colombia, mediante la aplicacion de
técnicas de ciencia de datos y modelos de aprendizaje automatico. Se empled un andlisis de clustering, el Proceso de
Jerarquia Analitica (AHP, por sus siglas en inglés) y un andlisis de distribucién de Weibull, utilizando datos
meteoroldgicos histéricos de velocidad del viento y temperatura. Este analisis no supervisado permitié identificar tres
patrones horarios representativos del comportamiento edlico, mientras que la distribucién de Weibull estimd una
velocidad de operacion de 2.2 m/s. El método AHP facilité la seleccion de turbinas edlicas con base en criterios técnicos
como velocidad de arranque, potencia nominal y niumero de palas. Entre los resultados mas relevantes, la turbina
300 X- 300 alcanzé un factor de capacidad de 25.43 %, una relacién de produccién (Yr) de 0.1352 h y un indice de
desempenfo del 43.49 %. Estos indices revelaron que, aungue existen periodos con potencial edlico moderado, la baja
densidad energética y la alta variabilidad limitan la viabilidad técnica de estos sistemas en el drea objeto de estudio.
Se concluye que la integraciéon de herramientas de andlisis de datos con métodos de decisidén multicriterio permite
una evaluaciéon robusta del recurso edlico urbano, y ofrece una base sélida para el disefio de soluciones energéticas
sostenibles hechas a la medida.

Palabras clave

Analisis de clustering, aprendizaje automatico, energia edlica, preprocesamiento de datos, rendimiento del sistema,
sistemas jerarquicos.

1. INTRODUCTION

Conventional energy resources like coal and oil pose significant challenges, including
volatile market prices, resource depletion, and detrimental environmental impacts caused by
greenhouse gas emissions. A sustainable energy system prioritizes affordability, reliability, and
minimal carbon footprint [1]. At the same time, wind energy offers a sustainable solution, but
technical limitations impact the performance of the generator and, subsequently, the power
grids. In other words, the increase in wind energy use can affect grid stability, which requires a
balance between maximizing power integration and maintaining grid integrity [2]. These
requirements need to consider the energy yields and resource variability estimation. Capacity
factors, production yield, and performance ratio are metrics that allow the design of efficient
hybrid systems, offering custom-made energy solutions [3], [4].

Turbulence is a drawback for small wind turbine designs in the urban context. For this
reason, realistic models based on in situ meteorological data allow the characterization of wind
speed using a Weibull distribution study. This method computes accurate urban wind turbine
performance [5].

Brazil has significantly increased its investment in wind energy, with production growing
from 0.9% to 7.6% in 2012 and 2018, respectively [6]. Wind energy projects are attractive due to
their non-emissions operation, and they need the estimation of available local resources for
suitable planning. Nevertheless, the urban environment has turbulent wind flows due to
morphology and surface roughness. There are research works such as [7] that used
computational models to simulate fluid dynamics; small wind turbines, including Vertical-Axis
Wind Turbines (VAWTS), considering restrictions such as lower wind speeds and different blade
sizes, resulting in lower energy solutions with higher operational risks [8].

The uncertainties in wind resources have caused several changes in energy prediction and
wind turbine performance. However, computational fluid dynamics (CFD) and optimization
techniques have improved these applications [9]. On the other hand, there are research works
where the blade design and the advanced control systems, based on fuzzy logic and artificial
intelligence, have improved the turbine efficiency and system reliability [10].

On the other hand, works such as [11] propose a data-driven methodology to evaluate solar-
wind hybrid energy systems by computing key performance metrics such as Capacity Factor
(CF) and Performance Ratio (PR). In this research, the authors use the k-means clustering
algorithm to analyze renewable energy potentials, considering the features time, solar
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radiation, cubed wind speed, and temperature, which have been collected from a local weather
station at Universidad de la Salle in Bogotd, Colombia. Finally, this method incorporates
clustering-based assessments to identify suitable sites for solar photovoltaic (PV) power plants,
offering insights into energy solutions in developing regions.

One promising approach combines traditional methods, such as the Analytical Hierarchy
Process (AHP), with machine learning. This mixture allows a subjective balance between wind
resource estimation and economic constraints. In other words, AHP allows the structure of
decision-making processes, while machine learning uses historical data to predict the energy
potential more accurately. This multicriteria methodology helps to optimize turbine
performance [12].

The main contribution of this research work is the combination of clustering analysis, the
Analytical Hierarchy Process (AHP), and Weibull distribution to estimate wind energy resources
from historical meteorological data in Colombian urban environments. This methodology
maximizes the available wind resources, improving grid resilience. It also evaluates suitable
wind turbines for specific energy solutions using performance metrics, such as capacity factor,
production yield, and performance ratio. These metrics allow evaluation of the technical
feasibility of the selected wind system.

This paper is organized as follows: First, the materials and Methods section describes the
case study, data acquisition process, and the methodology employed, including data
preprocessing, statistical analysis, clustering, wind energy modeling, and performance metrics.
Then, the Results and Discussion section shows the primary outcomes, including clustering
analysis, Weibull distribution parameters, AHP-based turbine selection, and performance
indexes. Next, a critical discussion is presented in the following stage, contrasting the obtained
results from other authors. Finally, the last section summarizes the main insights derived from
the study.

2. MATERIALS AND METHODS

2.1 Case study

The dataset was obtained from the Institute of Hydrology, Meteorology, and Environmental
Studies (IDEAM). The meteorological station corresponds to El Dorado-CATAM, located in the
Bogotd savanna, 12 kilometers west of the center of the Colombian capital, so its geographic
coordinates are 4°42'05.77" North latitude and 74° 08'49.04" West longitude, located at
2547.49 meters above sea level. We formally requested from IDEAM the provision of data about
the following meteorological parameters: wind speed (WS) in m/s, time (t) in h and
temperature (T) in °C, over a time spanning 01/01/2022 to 18/10/2022, with a data sampling
frequency of 10 minutes. Accordingly, the complete dataset encompasses 35094 samples
across the required variables. This data will be used in further analyses and investigations on
the potential for a future wind energy design to advance sustainable and innovative solutions
for energy production and know growing energy needs.

The dataset structure from Table 1 details the meteorological conditions over approximately
24 hours, sampled every 10 minutes. It includes wind speed, temperature, wind direction, and
time, which are necessary for assessing the wind energy systems implementation. Wind speed
and direction data offer insights into the wind potential of the region, essential for turbine
design and energy yield estimation. Temperature data informs how fluctuations might affect
turbine efficiency. Overall, this dataset is foundational for stablishing the technical feasibility of
wind energy implementation in Bogota.
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Table 1. Dataset structure. Source: own elaboration.

Time stamp h Min \Y% d month WS in m/s Tin°C
11/22 0:00 0 0 2022 1 1 09 13.7
11/22 0:10 0 10 2022 1 1 1.0 13.4
11/22 0:20 0 20 2022 1 1 1.0 13.3
1/1/22 0:30 0 30 2022 1 1 08 13.2
1/1/22 0:40 0 40 2022 1 1 12 13.4
1/1/22 0:50 0 50 2022 1 1 16 131

2.2 Data preprocessing

Data normalization is a key preprocessing technique that improves the accuracy and
effectiveness of machine learning algorithms. By scaling or transforming data, normalization
ensures that each feature contributes equally to the analysis. The transformation from (1)
enhances algorithm performance and ensures reliable insights [13].

X—X.;
Xnorm = — (1)

Xmax - Xmin

Where X, Xmin, and Xmax correspond to the i-th feature in real units, its minimum and
maximum values, respectively.

It is important to remark that the dataset has a standard preprocessing stage, which
includes the MinMax transformation from (1), to ensure data consistency before the analysis [4].
On the other hand, no outlier values were considered because we assumed that they exhibit
real environmental conditions.

Data preparation is needed before the clustering algorithm stage because this includes
scaling numeric data, encoding categorical data, and selecting relevant features. The
clustering stage aims to create a consistent, structured, standardized dataset for subsequent
analysis [11].

2.3 Statistical analysis

This stage considers calculating basic statistical properties of the data and visualizing
relationships between features, which can allow identifying patterns in the data and selecting
the most relevant features for clustering. One of the commonly used features for wind energy

production potential is the average wind speed V.4 [14], and it can be determined as shown in
(2).

N
1
Varg = 3 VD) @
i=1

Where N and Vi are the sample size and the wind speed at the ith sample, respectively. The
variance o? for wind speed records can be calculated as follows in (3).

N
1 2
of = mZ(Vi = Vavg) )
i=

Pagina 4|16



G. Garrido-Silva et al. TecnolLdgicas, Vol. 28, no. 63, €3262, 2025

2.4 Unsupervised learning algorithm

This subsection explains how to implement the k-means algorithm and shows how to
evaluate its performance using validation indexes also.

2.4.1 K-means algorithm

The k-means clustering algorithm grouped elements based on their similarities, using the
mean value of these elements in each cluster. Although selecting the optimal number of
clusters implies a drawback, it helps with accurate analysis and interpretability. This method
has the scalability property in large datasets [15].

2.4.2 Validation indexes

The elbow method, a validation index, determines the optimal number of clusters and
needs a graphical interpretation [16]. It works by computing the squared distance between the
centroid of each cluster and the samples that belong to that cluster. The performance metric
in (4) corresponds to the sum of squared errors (SSE).

SSE = zk:Z“Xi—ckHZ (4)
k

=1x,Sk

Where X;, and Cix correspond to the data in each group and the centroid, respectively. The
optimal value of K is identified where the SSE value drops abruptly, obtaining an “elbow” on
the curve. This method uses inertia values from the k-means algorithm applied to the clusters,
considering the inertia as the sum of squared distances of each object to its centroid. A sudden
change in inertia indicates the optimal number of clusters. The distortion-based elbow
method, using the Euclidean distance metric to find average squared distances to centroids,
helps select the optimal clustering algorithm for a dataset through external validation
techniques [17].

2.5 Wind power density (WPD)

The wind power P in W flowing at a wind speed v in m/s through a swept area of the blade
A in m?, considering the air density p in Kg/m?3, can be expressed by (5).

1
P= Epv3AW (5)

While the efficiency of the wind itself plays an important role, there is an inherent limit to
how much energy a turbine can capture from it. This limit is known as the Betz (represented
by C), a ceiling on efficiency, with 59.3% being the theoretical maximum [18]. The previous (5)
can be modified into (6).

1
P=3 pv3A,Cy (6)

Wind power expressed in terms of area, independent of the area of the wind turbine, is
known as the Wind Power Density (WPD), as shown in (7). This density is an indicator that
shows the potential of wind resources in a specific location [19].
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WPD—P—1 3¢C 7
= _2pv p (7)

w

2.6 Available wind energy

Air density can be determined indirectly by knowing parameters such as temperature and
altitude above sea level [20], as shown in (8).

288 _( h )

- 8435 8
T+273°¢ ®

p =1.225+%

The wind power density is a fundamental parameter for obtaining wind potential and
showing the amount of wind energy at different wind speeds at a particular location, over a
time interval t>-ti. Wind energy density allows the evaluation of the suitable wind turbine for a
specific location [21]. Wind power is defined by (9).

t2 t2
E,=A4, | WPD(t)dt =N, *m*nr2* | WPD(t)dt (9)
t1 t1

Where ry, Nw, and A,, corresponds to the blade radius, the number of wind turbines, and
the area swept by the blades, respectively.

2.7 Capacity factor (CF)
This metric is defined as the ratio between the energy supplied (Ew) and the nominal peak

energy in each period (Enw), as shown in (10). The feasible range of values for the capacity factor
falls between 25% and 45% [22].

E,,
CF = [E ] +100% (10)

Nw

2.8 Performance yields (Y))

This index is related to the total energy density H:, according to (9) and the power density
Go. The expression is given in (11) and (12) [23].

= [&] h ()

Where, Vaom corresponds to the nominal speed of the wind turbine.
2.9 Performance ratio (PR)

The performance ratio is a dimensionless relation between the actual performance Y and
the reference Yg, as shown in (13). While the performance coefficient is closer to 100%, the

system will work most effectively. However, the range from 60% and 80% demonstrates that
the solution is realistic [24].
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Yy
R = H +100% (13)
Yr

2.10 Weibull probability density function (PDF)

The PDF indicates the fraction of time during which an observed wind speed possibly
prevails in the study region. The Weibull PDF of wind speed can be shown in (14):

f(v) = %(E)k_le-(?)k (14)

c

Where ¢ and k correspond to scale and shape parameters, respectively. We can compute
the percentage of time the wind speed is between an operational range of the wind turbine,
providing valuable insights into its potential profitability [25], [26]. Therefore, it can be expressed
in (15):

F(V)=1- e‘(%)k (15)

Estimating the distribution parameters is relevant for obtaining a realistic wind energy
potential [27]. For this reason, a linearized Weibull transformation has been applied; using the
least squares method, we find the slope and intercept, and they are related to the original PDF
parameters [18].

2.11 Analytical hierarchy process (AHP)

The Analytic Hierarchy Process (AHP) allows a suitable decision-making process. A decision
tree hierarchy is used to organize the decision-making process, which consists of four levels:
goals, criteria, sub-criteria, and possibilities, creating a hierarchical framework. AHP employs a
comprehensive nine-point scale to express personal preferences or judgments and facilitate
pairwise comparisons. According to Satty, the fundamental scale is outlined in Table 2 [28].

Table 2. Fundamental scale according to Satty. Source: own elaboration.

Importance Definition Explanation
. The activities possess equal importance in
Low (1) Equivalent accomplishing the desired outcome.
Medium (3) Moderately important Based on experience and judgment, one activity
holds a marginal advantage.
. Essential or strongly A clear preference for one activity exists based on
High (5) . . - .
important robust evidence from experience and judgment.
Very High (7) Very strong importance Overwhelming evidence favors one activity, which has

demonstrably superior performance in practice.

A preponderance of evidence decisively favors one
Extreme (9) Extreme importance activity, demonstrably outperforming the other in
practical application.

2,4,6,8 Intermediate values When a middle ground or balance is necessary.

The sequential process involved in AHP is as follows [29]:
e Summing up: First, we add the values in each column of the comparison matrix. These
values help us understand the overall importance assigned to each criterion.
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e Normalization: Next, we create a normalized comparison matrix. To achieve this, we
divide each value into the matrix by the sum of its corresponding column. This matrix
essentially creates a relative weight for each criterion.

e Calculating weights: Finally, we calculate the average value for each row in the
normalized matrix. These averages represent the relative weights for being compared.
These weights allow us to quantify the importance of each criterion in the decision-
making process.

A key advantage of AHP is its ability to evaluate the consistency of judgments using the
Consistency Ratio (CR). The CR reflects the consistency of pairwise comparisons; a higher CR
indicates lower consistency. Ideally, the CR should be below 0.10. If it exceeds this threshold,
decision-makers should review their comparisons. Consistency is also evaluated using the
Consistency Index (Cl), as shown in (16).

CI=/1"‘“"—_n (16)
n—1

Where Amax is the maximum eigenvalue of the decision matrix and n corresponds to the
length of the decision matrix (i.e., the number of alternatives or criteria).

The degree of membership between paired assessments can be determined using an
equation that is based on the CR. The Equation (17) can obtain the consistency and reliability of
the pairwise comparison matrices used in the AHP, and RI corresponds to the random index
values [30].

Cl
CR = — 17
T (17)

3. RESULTS AND DISCUSSION

3.1 Optimal number of clusters

The elbow method is used to identify the optimal number of clusters by analyzing the
Inertia Index from Figure 1. This index corresponds to the sum of squared distances between
data points and their centroids, so that the optimal number of clusters is k = 3, where the slope
of is equal to -1, indicating a balance between the number of clusters and their compactness.
It is important to remark that we considered the normalized time and cubed wind speed
features v3,,, and t,orm.

On the other hand, the Elbow Method based on distortion is used to verify the optimal
number of clusters obtained in the Elbow Method based on inertia. This method uses the
Euclidean distance metric, and the distortion is calculated by dividing the inertia by the
number of samples in the dataset. As shown in Figure 2, the optimal number of clusters is 3
also. The selection criterion is similar than the elbow method described above.

3.2 Centroids coordinates

In clustering analysis, centroids are representative points located within each formed
cluster. These coordinates are essential for understanding the internal structure and
characteristics of each data group. Figure 3 shows the collected data classified into three
groups, represented by the colors red, blue, and green. Each of these clusters has a centroid,
indicated by a star symbol, which represents the behavior of the data with its respective
coordinates.
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Figure 1. Inertia Index. Source: own elaboration
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Figure 2. Distortion Index. Source: own elaboration.

Normalized Cubed Wind
Speed

0.0 0.2 0.4 06 08 1.0

Normalized Time

Figure 3. Clustering Analysis and centroids, considering the normalized variables v3 .., VS. thorm-
Source: own elaboration

Table 3 shows the normalized coordinates, which are used for the analysis of the k-means
algorithm implementation. However, to obtain the real-world coordinates, it is necessary a
denormalization or inverse transform, as shown in Table 4. This result allows us to fit a quadratic
function in Figure 4 to determine the performance metrics from subsections 2.7, 2.8, and 2.9.
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Table 3. Normalized centroids coordinates. Source: own elaboration.

Label Normalized Time Normalized Cubed Wind Speed
Early Morning 0.1992 0.1852

Noon 0.5578 0.3981

Night 0.8573 0.2053

Table 4. Denormalized centroids. Source: own elaboration.

Label Denormalized Time in h Denormalized Cubed Wind Speed in m3/s?
Early Morning 47479 3.6871
Noon 13.295 32928
Night 20.434 49286
i,
30
&
g 25
A
= 20
3
@ 15
e
=
= 10
=]
g 5 _ W3=-0.4681t2 + 11.8675t — 42.1063
) e Centroids
-
0 i

5.0 7.5 10.0 12.5 15.0 17.5 20.0
Time (h)
Figure 4. Cubed wind speed (m3/s?) vs. Time (h) curve. Source: own elaboration

Figure 4 depicts the curve generated by the centroids of the clustering analysis carried out
on denormalized wind speed and time data. This curve provides a general overview of the wind
dynamics at the El Dorado-CATAM weather station. Below is a description of each identified
centroid:

e Cluster 1 (early morning): This centroid is characterized by relatively low wind speeds on
average over time. It can be observed that this cluster is associated with low wind
conditions or periods of low wind energy generation.

e Cluster 2 (noon): The centroid 2 shows an increasing trend in wind speed over time. This
cluster represents wind conditions ranging from light breezes to strong winds,
indicating higher wind energy generation.

e Cluster 3 (night): The centroid 3 shows a decreasing trend in wind speed over time. This
cluster is related to the decrease in wind energy generation due to the decrease in wind
speed.

3.3 Parameters of Weibull distribution

One of the commonly used methods to linearize the distribution is using logarithmic
graphs. Firstly, the natural logarithm of wind speed data is taken. Then, by transforming the
linearized data, the cumulative probability function of Weibull is determined. As a preliminary
step, the data is filtered from lowest to highest values, and the range of the median is calculated
as a percentage.
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Analyzing the Weibull distribution of wind speed, two key parameters are obtained: the
scale ¢ =2.227 m/s, the shape factor k=6.2433. The scale parameter indicates the characteristic
wind speed at the site, and the shape factor reveals the variability of the wind speeds. These
parameters are critical for selecting an appropriate wind turbine. The cut-in speed should be
lower than the maximum wind speed at the location. Additionally, the power curve should be
optimized for the most prevalent wind speed, as indicated by the shape factor, to ensure
efficiency. Figure 5 combines two essential aspects of studying the wind velocity at the El
Dorado airport: Weibull frequency distribution of occurrence of different wind speeds. The
graph demonstrates that the maximum corresponds to 2.2 m/s, and it should be considered as
the minimum starting velocity for the wind turbine. The wind speed that occurs most often is
approximately 1.5 m/s. These parameters should be considered when selecting the appropriate
wind energy system.

300
9250 04
200
0.3
g 150
S 0.2
9 =
= &=
” || || -
-1 0.0
0 1 9 3 4 5 6 7

Wind speed (m/s)

Figure 5. Weibull probability density function and frequency distribution.
Source: own elaboration.

3.4 Analytical hierarchy process (AHP)

The cluster analysis of wind speeds revealed that the maximum wind speed achieved is
3.2 m/s, indicating that the wind does not exceed this value under normal conditions. Therefore,
it is necessary to select a wind turbine that can generate electricity at low wind speeds and is
not adversely affected by high wind speeds. The frequency at this wind speed corresponds to
83 times, while the speed with the highest frequency is equivalent to 1.5 m/s, which means this
value is repeated 294 times.

The maximum wind speed obtained by the probability density function is 21 [m/s],
representing the highest possible wind speed, as shown in Figure 5. The Satty scaled method
involves several evaluating criteria, such as maximum power, number of blades, minimum
start-up speed, nominal speed, and nominal power. Technical data shown in Table 5 is applied
to assign weights to these criteria and compare the available wind turbine options. Below is a
table of the pre-selected wind turbines that meet the required conditions. The references
300 X-300 and FS-200 were selected from the horizontal and vertical axis wind turbines group,
respectively. These choices were based on the technical data obtained during the analysis,
considering criteria such as maximum power output, number of blades, minimum start-up
speed, nominal speed, and nominal power.

To ensure the reliability of the AHP decision-making process, consistency metrics were
evaluated using the Super Decisions software. This tool automatically calculates the
Consistency Index (Cl) and Consistency Ratio (CR) based on the pairwise comparison matrix. In
our analysis, the resulting CR was below the acceptable threshold of 0.10, indicating consistent
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judgments. This validation supports the robustness of the weightings applied in the turbine
selection process.

Table 5. Technical data of horizontal and vertical axis wind turbines.
Source: own elaboration.

Horizon.tal-axis Initial speed Nominal speed Rated power Max power Blades
turbines m/s m/s w w
300 X-300 1.8 14 100 300 5
Lowenergie 100W 2.0 16 100 120 3
ATO-WT-NE-100S5 2.0 10 100 130 3
Verticgl—axis Initial speed Nominal speed Rated power Max power Blades
turbines m/s m/s w w
EN-100W-XL 2.0 13 100 110 2
NE-100Q2 1.5 10 100 130 9
FS-200 1.5 n 200 210 2

3.5 Performance indexes

For each selected wind turbine, the capacity factor is obtained. First, it is necessary to find
the value of the air density and the swept area of the blades by means of (9), considering the
average temperature T as 16.02 °C and the height above sea level h is 2547.49 m. This result is
shown in (18) [20].

288 2547,49

__ 288 (%35 = 0.90246 9
16,02 + 273 ' 3

p=1225% 3 (18)

A necessary technical characteristic is the radius of the turbine blades. For turbines 300 X-
300 and Fs-200 corresponds to 0.9 m and 0.45 m, respectively. This information is used to
determine the swept area of the blades using (19).

- T m? (19)

Once the swept area of the blades is obtained, the energy generated can be determined
using (9), considering t; and t; equal to 4.2660 h and 21.0854 h, respectively. Then, the nominal
energy is calculated during a specific period, as shown in (20).

Enw = Py - [ty — t1] Wh (20)

A Capacity Factor (CF) near 10% indicates a technical unfeasibility of this energy solution.
Values below this limit exhibit that the wind turbine is producing much less energy than its
nominal capacity [31]. To obtain the Performance Yields (Yr) of this wind turbine, a consideration
must be given to its nominal speed, which is the wind speed at which the wind turbine reaches
its maximum energy generation capacity. Table 5 shows the nominal speed of this generator
is 14 m/s, and this information is used to obtain (13). Finally, the Performance Ratio (PR) is a
valuable tool for assessing the performance of a wind turbine under real conditions and
determining whether the available wind resource is being effectively utilized. This relationship
is given as the ratio of air densities, multiplied by power coefficient Cp. This performmance metric
is calculated based on (21).
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o 210" Viom * Cp + AT

1 * 100% (21)
2 *p* vr?l’om * AT

Where p is the air density, vnom corresponds to the nominal wind velocity of the wind turbine,
Cp=0.593, and AT=t>-; is the time interval considered. In Table 6 the results for each of the

performance metrics of the pre-selected wind turbines are summarized.

Table 6. Metrics obtained for the selected wind turbines. Source: own elaboration.

Selected wind Capacity Factor Performance Yields Performance Ratio
turbine CF % Yrinh PR %
300 X-300 25.43 0.1352 43.49
FS-200 316 0.2788 43.49

A PR of 43.39% for both the 300-X300 and Fs-200 wind turbines suggests that solution is
realistic. It is important to remark that implementing a wind system with a PR greater than or
equal to 90% is not realistic due to wind speed resource uncertainty [24].

3.6 Discussion

The findings of this study are consistent with previous research highlighting the technical
constraints of urban wind energy systems. Studies such as [5] and [7] have shown that wind
flow in urban environments is heavily affected by turbulence and surface roughness,
diminishing turbine performance. Our clustering analysis reinforces this understanding by
identifying low to moderate wind speeds during key time intervals, and the Weibull scale
parameter of 2.2 m/s reflects the limited energy potential in Bogota's urban landscape. These
values are comparable to those reported for other Latin American cities with similar
topographic and meteorological profiles. In a similar vein, [19] found that industrial areas in
Algeria showed wind profiles that were promising but required hybrid system integration for
viable energy supply.

From a practical perspective, the Analytic Hierarchy Process (AHP) facilitated a structured
evaluation of candidate wind turbines by integrating technical performance criteria and real-
world feasibility. The 300 X-300 turbine, which achieved the highest scores, reported a Capacity
Factor (CF) of 25.43% and a Performance Ratio (PR) of 43.49%, indicating its potential use in
hybrid renewable energy configurations or pilot-scale urban deployments, such as those in
public facilities or educational institutions. These findings are consistent with results by [24],
where it is shown that clustering and performance metrics can enhance the assessment of
commercial-scale systems in constrained environments.

Nonetheless, some limitations must be acknowledged. The study relied on data from a
single weather station over a ten-month period, which may not reflect the full seasonal or
spatial variability of wind conditions across Bogota. The analysis did not consider factors such
as economic feasibility, grid connection requirements, or urban planning constraints, all of
which are essential for the implementation of wind energy systems in densely built
environments. Additionally, the methodology assumes that all meteorological data are
accurate and representative, although urban microclimates may introduce localized
anomalies. Future research could enhance the robustness of this study by integrating multiple
data sources and conducting comprehensive techno-economic evaluations, as suggested by
[2].

Despite these constraints, this research provides added value by integrating unsupervised
learning, Weibull distribution modeling, and AHP into a comprehensive framework for urban
wind assessment. This adaptable and scalable methodological approach offers a decision-
support tool for policymakers and planners aiming to explore small-scale wind energy as part
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of broader urban sustainability strategies. Furthermore, the methodology supports the
transition toward data-driven energy planning, which is particularly relevant in emerging
economies, as emphasized by [23].

4. CONCLUSIONS

Data preprocessing, particularly data normalization, is a key stage in mitigating numerical
discrepancies in normalization. This transformation avoids bias in the clustering algorithm and
enhances the reliability of the results. The integration of a correlation, trend, and clustering
analysis using the elbow method allows the extraction of wind resource patterns from historical
data. The wind turbine starting speeds by Weibull and clustering analysis differ. This difference
is because the Weibull approach provides a probabilistic approximation, while the clustering
analysis offers a more realistic representation in situ. This last method offers an accurate energy
system sizing.

Performance metrics, which correspond to capacity factor (CF), yield ratio (Yr), and
performance ratio (PR), were used to evaluate the technical feasibility of the implementation
of a wind energy solution. The evaluation of metrics in the selected turbine, which corresponds
to 300 X-300, indicates that the wind energy resource is insufficient to supply daily energy
needs in Bogota, but this analysis provides important insights for future energy autonomous
designs.

The Analytic Hierarchy Process (AHP) is a suitable decision-making tool for energy systems
sizing because it establishes a structured comparison based on multiple technical criteria.
Likewise, the PR analysis shows that small-scale urban wind systems are limited because they
depend on local conditions, such as wind speed, direction, and the type of terrain,among other
environmental factors.
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