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ABSTRACT
When using climate data, researchers have 
difficulty determining the clustering algo-
rithm and the best performing parameters 
for processing a specific dataset. 
We evaluated of the following unsupervi-
sed machine learning algorithms: K-means, 
K-medoids and Linkage-complete, which 
are applied to three datasets with clima-
tological variables (temperature, rainfall, 
relative humidity, and solar radiation) for 
three meteorological stations located in the 
department of Caldas, Colombia, at diffe-
rent heights above sea level. Five scenarios 
are defined for 2, 3, and 5 clusters for each 
of the two partitioned algorithms, and five 
scenarios for the hierarchical algorithm, 
in each one of the meteorological stations. 
Different quantities and groupings of varia-
bles are applied for the different scenarios 
by using Euclidean distance. Davis-Bouldin 
is the applied method of quality evaluation 
of clusters. Normalization with techniques 
such as range-transformation and Z-trans-
formation, as well as some iterations of the 
algorithm and reduction of dimensionali-
ty with PCA. In addition, the computatio-
nal cost is evaluated. This study can guide 
researchers on certain decisions in cluster 
analysis used in meteorological data, as well 
as identify the most important algorithm 
and parameters to take into consideration 
for the best performance, according to par-
ticular conditions and requirements.

Keywords: Climate, clustering, machi-
ne learning, K-means, K-medoids.

RESUMEN
Al usar datos climáticos, los investigadores 
tienen dificultades para determinar el al-
goritmo de agrupamiento y los parámetros 
de mejor rendimiento para procesar un 
conjunto de datos específico.
Se realiza la evaluación de algoritmos de 
aprendizaje automático no supervisados   
K-means, K-medoids y Linkage-complete, 
aplicados a tres conjuntos de datos con va-
riables climatológicas (temperatura, lluvia, 
humedad relativa y radiación solar), para 
tres estaciones meteorológicas ubicadas en 
el departamento de Caldas, Colombia, a di-
ferentes alturas sobre el nivel del mar. Se 
definen 5 escenarios para 2, 3 y 5 clústeres 
para cada uno de los dos algoritmos parti-
cionados y 5 escenarios para el algoritmo 
jerárquico, para cada una de las estaciones 
meteorológicas, y aplicando una cantidad y 
agrupación diferente de variables para los 
diferentes escenarios y utilizando la dis-
tancia euclidiana, Davis-Bouldin como mé-
todo de evaluación de calidad de clústeres, 
normalización con técnicas como transfor-
mación de rango y transformación Z, va-
rias iteraciones del algoritmo y reducción 
de dimensionalidad con PCA. Además, se 
evalúa el costo computacional. Esta inves-
tigación puede guiar al investigador sobre 
ciertas decisiones en el análisis de conglo-
merados utilizados en datos meteorológi-
cos, así como identificar el algoritmo y los 
parámetros más importantes a considerar 
para el mejor desempeño, de acuerdo con 
las condiciones y requisitos particulares.

Palabras claves: Agrupamiento, apren-
dizaje de máquina, clima, K-means, 
K-medoids.
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INTRODUCTION

Climate and atmospheric scenarios have been approached by a variety of resear-
chers to acquire knowledge of interest. Environmental, climatic, and meteorologi-
cal information has been used to determine behaviors and patterns within the stu-
died area [1]–[12], and air pollutants have been used to understand the formation and 
impact of natural disasters and greenhouse effect within a region [13]–[16], be it to 
predict situations, relate causes and effects, and take measurements of the area to 
finally provide improvements, conclusions, and considerations in favor of the envi-
ronment.

Currently, many algorithms are used to process records in the analysis of climate 
data, as shown in Table 1, which compiles more than 30 studies that used clustering 
algorithms for climate data, using various sources of information, records, timeli-
nes, and various objectives.

Ta b l e 1. bibliogRaphic Review foR cluSteRing algoRithmS with climatic Data.

Clustering Algorithm used Method used Data used Data timeline Authors Year

Hierarchical 
clustering Agglomerative

Linkage-Avera-
ge and Linka-
ge-Complete.

Temperature, wind 
speed, solar  

radiation, and  
atmospheric  

pressure.

6 years (daily). [1] 2017

Partitioned K-medoids. N/A

Temperature, wind 
speed, solar  

radiation, and  
atmospheric  

pressure.

6 years (daily). [1] 2017

Hierarchical 
clustering Agglomerative Linkage-Com-

plete.
Precipitation and  

evapotranspiration.
49 years  

(monthly). [2] 2015

Partitioned K-means. N/A

Maximum and  
Minimum  

Temperature and 
Precipitation.

20 years (daily). [4] 2016

Hierarchical 
clustering Agglomerative Ward. Temperature and 

precipitation.
19 years  

(monthly). [7] 2017

Partitioned K-means. N/A Temperature and 
precipitation.

19 years  
(monthly). [7] 2017

Continúa...
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Clustering Algorithm used Method used Data used Data timeline Authors Year

Others Stepwise Cluster 
Analysis (SCA).

N/A Climatic (temperature 
and precipitation).

20 years (daily 
for temperature 

and monthly 
for precipita-

tion).

[10] 2013

Hierarchical 
clustering Agglomerative Not defined. Precipitation.

2 years  
(periodicity not 

defined).
[17] 2019

Hierarchical 
clustering Agglomerative Ward.

Wind temperature, 
humidity, and speed 

wind.

13 years  
(hourly). [18] 2018

Hierarchical 
clustering Agglomerative Not defined.

Temperature, solar 
radiation, and preci-

pitation.
20 years (daily). [19] 2016

Partitioned K-medoids. N/A
Temperature, solar 

radiation, and preci-
pitation.

20 years (daily). [19] 2016

Partitioned K-means. N/A Temperature. 25 years  
(hourly). [20] 2019

Partitioned K-means. N/A Solar radiation. 1 year (daily). [21] 2014

Partitioned K-means. N/A
Temperature, wind 
speed, and relative 

humidity.
4 years (daily). [22] 2012

Partitioned K-means. N/A Precipitation. 14 years (daily). [23] 2018

Partitioned K-means. N/A

Wind temperature, 
speed and direction, 

precipitation, relative 
humidity, and solar 

radiation.

6 years (daily). [24] 2018

Partitioned K-means. N/A Temperature and 
solar radiation. 3 years (daily). [25] 2015

Partitioned K-means. N/A Wind speed. 1 year (daily). [26] 2019

Partitioned K-medoids. N/A Wind speed. 1 year (daily). [26] 2019

Partitioned K-means. N/A Solar radiation. Not defined. [27] 2019

Partitioned K-means. N/A Solar radiation. 2 years (hourly). [28] 2019

Continúa...
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Clustering Algorithm used Method used Data used Data timeline Authors Year

Partitioned K-means. N/A
Temperature, relative 
humidity, wind speed, 

and solar radiation.
2 years (daily). [29] 2018

Partitioned K-means. N/A
Satellite imagery of 

precipitation observa-
tions.

2 years (daily). [30] 2017

Partitioned K-means. N/A Solar radiation. Not defined. [31] 2017

Partitioned K-means. N/A
Solar radiation, tem-
perature, wind speed 

and direction.
2 years (hourly). [32] 2015

Partitioned K-medoids. N/A Maximum tempera-
ture. 63 years (daily). [33] 2015

Partitioned K-medoids. N/A Maximum and mini-
mum temperature. 40 years (daily). [34] 2018

Others

STPSS (Space-ti-
me Permutation 
Scan Statistics) 

[52].

N/A

Forest and climatic 
(temperature, wind 
speed and relative 

humidity).

30 years (daily). [35] 2016

Others

SODCC (Second 
Order Data  

Coupled  
Clustering) [52].

N/A Air temperature. 70 years  
(monthly). [36] 2015

Others

SODCC (Second 
Order Data  

Coupled  
Clustering) [52].

N/A Wind speed. 35 years (mon-
thly). [37] 2018

Others Stepwise Cluster 
Analysis (SCA).

N/A Climatic (temperature 
and precipitation).

13 years  
(monthly). [38]  2017

Source: the Authors.

As shown in Table 1, K-means, K-medoids, and hierarchical grouping are the cluste-
ring algorithms most used by the authors.

Researchers approached various clustering algorithms (Agglomerative, K-means) 
[1], with various methods where they applied climate data with a series of metrics to 
find performance, especially computational performance. Other studies used clus-
tering tools to observe the behavior of the data according to the number of establi-
shed clusters [22]. Different works recommended some grouping models for specific 
environmental data by looking for the best projections of particulate matter in the 
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studied region [24]. Also it was demonstrated the proper techniques to view annual 
temperature trends [34]. Other studies obtained, with proposed partitioned algo-
rithms, the best precipitation estimates in the studied regions [30] and it was used 
clustering to improve noise reduction in analysis of solar radiation and temperature 
parameters [19]. Finally, other works used comparisons between unsupervised algo-
rithms using climate data to find higher returns on them [32].

However, there is no clear guidance on which algorithm and parameters specifically 
serve to obtain the best results with the available data. Therefore, this research focused 
on working in that gray area to know and understand the behavior of some unsupervi-
sed machine learning algorithms applied to various scenarios with climate data.

In order to address this issue from experimentation, the guiding question of the 
paper is proposed as: How do clustering algorithms behave in different scenarios for 
climate data processing?

METHODOLOGY

The methodology includes the stages of variable selection, definition of the climatic 
seasons, obtaining the data set, definition of the scenarios, creation of the scenarios, 
and choice of tool for the execution of the algorithms. Then, it includes the results 
and its analysis.

Selection of Climatic Variables

To carry out the investigation, the following four meteorological variables were 
taken into account: temperature, precipitation, relative humidity, and solar radia-
tion. These variables were selected for being the most reported in the state-of-the-
art review in climate research with clustering algorithms [1], [2], [4], [7], [10], [20], 
[29], [31]–[33], [37]–[39].

Definition of the Climatic Stations

Data from three meteorological stations called Villamaría Hospital, Caldas Hospital, 
and Los Nevados National Natural Park (El Cisne) were used, which comprised of 
430.635, 530.802, and 248.297 instances, respectively. Table 2 shows the information 
of the stations. 
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Ta b l e 2. weatheR Station infoRmation

Station name Typology
Altitude 

(masl)
Location

Villamaría 
Hospital

Meteorological

1790
Hospital San Antonio  

[5.046444567489962, -75.51416420480965]

Caldas  
Hospital

2183
Hospital de Caldas  

[5.063058754285408, -75.50080152474081]

PNNN  
El Cisne

4812
Los Nevados National Natural Park 

[4.830855102285063, -75.42380991366623]

Source: the Authors.

Source: the Authors.

Fi g u r e 1. location of the thRee meteoRological StationS on 
a Satellite map of calDaS DepaRtment, colombia.
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Obtaining the Data Set

To obtain the records, the data warehouse of the Caldas Environmental Data and 
Indicators Center (CDIAC) was accessed. The data warehouse is a climate records sto-
rage system for the entire department of Caldas, administered and managed by the 
Adaptive Intelligent Environment Group (GAIA). It is also a project lead by the IDEA 
(Environmental Studies Institute) of the National University of Colombia, Manizales 
branch. The data warehouse is a large storage structure implemented in PostgreSQL 
that houses more than 60 million environmental data, whose information is collec-
ted from more than 100 stations, including meteorological stations located in diffe-
rent geographic sectors throughout the department, and whose information can be 
viewed through http://cdiac.manizales.unal.edu.co. SQL queries were executed to 
extract the required data from the data warehouse to form the datasets. The records 
are between April 12, 2012, and August 16, 2017 (time range that contains the whole 
required data), comprising 64 months (5.3 years) with a data periodicity of every 5 
minutes, and for this period information is extracted from the four climatic varia-
bles to be analyzed. Table 3 shows the retrieved datasets.

Ta b l e 3. eStabliSheD DataSetS foR the evaluation of unSupeRviSeD algoRithmS

Dataset name
Number of  
variables

Variable names
Total  

ecords
Date range

Dataset_HospitalDeVillamaria_64months.xlsx

4

Temperature, 
precipitation, 

relative  
humidity, and 

solar radiation.

430.635
April 12, 
2012, to 

August 16, 
2017

Dataset_HospitalDeCaldas_64months.xlsx 530.802

Dataset_El CisnePNNN_64months.xlsx 248.297

Source: the Authors.

Definition of Scenarios

The scenarios are the defined environments where the clustering algorithms are 
applied, with a diversity of characteristics and parameters to, therefore, analyze and 
understand how the algorithms behaved in each of these scenarios. The parameters 
for each scenario are number of variables, type of variable, number of records, mis-
sing data, and presence of outliers, which, combined with the characteristics of each 
station, represent an interesting spectrum for the evaluation of the algorithms. 

 Different algorithms and modifications in some execution parameters are applied 
on the data related to the defined scenarios and on the selected stations.
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Clustering algorithms: The three clustering algorithms most used by researchers in 
the analysis of climate data were selected. Agglomerative hierarchical grouping with 
Linkage-complete, K-means, and K-medoids for partitioned grouping.

Number of clusters (K): The generation of three different groupings whose K value 
were 2, 3, and 5 was proposed. This selection was based on results from other au-
thors [1], this was corroborated by applying the elbow method in one of the cases, 
which validated these ranges. 

Normalization: For experimentation, normalization with Z-transformation and 
range-transformation was used as part of the process of reducing value scales in the 
variables.

Dimensionality reduction: Principal Component Analysis (PCA) was used. The used 
variables were the four ones: relative humidity, temperature, precipitation, and so-
lar radiation.

Number of algorithm iterations: For experimentation, iteration values of 1, 10, 100 
and 1000 were used, where each value is ten times greater than the previous one.

Distance measurement: Euclidean distance was used as the distance function, con-
sidered to be the most reliable [1], and being used in a wide variety of jobs in the 
climate field [2], [7], [18], [19], [30], [33], [40], [41].

Cluster Quality Assessment: This metric consists of evaluating the result of the 
grouping to determine the quality of the clustering. For experimentation, the Da-
vis-Bouldin index was used as a proposed metric for evaluating cluster quality [1], 
[22], [42]–[45].

Scenario Creation

Some work scenarios are defined for each one of the three algorithms. These scena-
rios are configurations to be taken into account in the executions to test each algori-
thm with different metrics.
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Ta b l e 4. woRk ScenaRioS foR the k-meanS algoRithm.

Clustering strategy for K-means (partitioning clustering)

For K=2, K=3 and K=5

Scenarios Treatment Normalization
Dimensionality 

reduction
 Number of 
iterations

Evaluation 
criteria

Evaluation 
criteria

#1

Number of variables: 3 
Variable type: temperature, 
relative humidity, and solar 

radiation. Number of records: 
the whole dataset. Missing 

data: yes. Outliers: yes.

1.1 NO NO 100

Euclidean
Davis- 

Bouldin

1.2
Range- 

transformation
NO 1000

1.3
Z- 

transformation
PCA with 3  

components
10

#2

Number of variables: 3 
Variable type: temperature, 
relative humidity, and solar 

radiation. Number of records: 
the whole dataset. Missing 

data: no. Outliers: no.

2.1 NO NO 100

Euclidean
Davis- 

Bouldin

2.2
Range- 

transformation
NO 1000

2.3
Z- 

transformation
PCA with 3  

components
10

#3

Number of variables: 4 
Variable type: temperatu-
re, relative humidity, solar 

radiation, and precipitation. 
Number of records: the whole 

dataset. Missing data: yes. 
Outliers: no.

3.1 NO NO 100

Euclidean
Davis- 

Bouldin

3.2
Range- 

transformation
NO 1000

3.3
Z- 

transformation
PCA with 3  

components
10

#4

Number of variables: 4 
Variable type: temperatu-
re, relative humidity, solar 

radiation, and precipitation. 
Number of records: the whole 

dataset. Missing data: no. 
Outliers: yes.

4.1 NO NO 100

Euclidean
Davis- 

Bouldin

4.2
Range- 

transformation
NO 1000

4.3
Z- 

transformation
PCA with 3  

components
10

#5

Number of variables: 4 
Variable type: temperatu-
re, relative humidity, solar 

radiation, and precipitation. 
Number of records: the whole 

dataset. Missing data: no. 
Outliers: no.

5.1 NO NO 100

Euclidean
Davis- 

Bouldin

5.2
Range- 

transformation
NO 1000

5.3
Z- 

transformation
PCA with 3 

components
10

Source: the Authors [52]
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Ta b l e 5. woRk ScenaRioS foR the k-meDoiDS algoRithm.

Scenarios

Clustering strategy for K-medoids (partitioning clustering)

For K=2, K=3 and K=5

Treatment Normalization Dimensionality 
reduction

Number of 
iterations

Distance 
criteria

Evaluation 
criteria

#1

Number of variables: 3 
Variable type: temperature, 
relative humidity, and solar 

radiation. Number of re-
cords: 10.000. Missing data: 

yes. Outliers: yes.

1.1 NO NO 100

Euclidean Davis- 
Bouldin

1.2 Range- 
transformation NO 1000

1.3 Z- 
transformation

PCA with 3  
components 10

#2

Number of variables: 3 
Variable type: temperature, 
relative humidity, and solar 

radiation. Number of re-
cords: 10.000. Missing data: 

no. Outliers: no.

2.1 NO NO 100

Euclidean Davis- 
Bouldin

2.2 Range- 
transformation NO 1000

2.3 Z- 
transformation

PCA with 3  
components 10

#3

Number of variables: 4 
Variable type: temperatu-
re, relative humidity, solar 

radiation, and precipitation. 
Number of records: 10.000. 
Missing data: yes. Outliers: 

no.

3.1 NO NO 100

Euclidean Davis- 
Bouldin

3.2 Range- 
transformation NO 1000

3.3 Z- 
transformation

PCA with 3  
components 10

#4

Number of variables: 4 
Variable type: temperatu-
re, relative humidity, solar 

radiation, and precipitation. 
Number of records: 10.000. 
Missing data: no. Outliers: 

yes.

4.1 NO NO 100

Euclidean Davis- 
Bouldin

4.2 Range- 
transformation NO 1000

4.3 Z- 
transformation

PCA with 3  
components 10

#5

Number of variables: 4 
Variable type: temperatu-
re, relative humidity, solar 

radiation, and precipitation. 
Number of records: 10.000. 
Missing data: no. Outliers: 

no.

5.1 NO NO 100

Euclidean Davis- 
Bouldin

5.2 Range- 
transformation NO 1000

5.3 Z- 
ransformation

PCA with 3  
components 10

Source: the Authors [52]
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Ta b l e 6. woRk ScenaRioS foR the agglomeRative 
algoRithm with the linkage-complete methoD.

Scenarios

Clustering strategy for agglomerative hierarchical grou-
ping (Linkage-complete method)

Treatment Normalization Distance criteria

#1

Number of variables: 3 Variable type: tem-
perature, relative humidity, and solar ra-

diation. Number of records: 5.000. Missing 
data: yes. Outliers: yes.

1.1 NO

Euclidean1.2 Range-transformation

1.3 Z-transformation

#2

Number of variables: 3 Variable type: tem-
perature, relative humidity, and solar ra-

diation. Number of records: 5.000. Missing 
data: no. Outliers: no.

2.1 NO

Euclidean2.2 Range-transformation

2.3 Z-transformation

#3

Number of variables: 4 Variable type: tem-
perature, relative humidity, solar radiation, 

and precipitation. Number of records: 
5.000. Missing data: yes. Outliers: no.

3.1 NO

Euclidean3.2 Range-transformation

3.3 Z-transformation

#4

Number of variables: 4 Variable type: tem-
perature, relative humidity, solar radiation, 

and precipitation. Number of records: 
5.000. Missing data: no. Outliers: yes.

4.1 NO

Euclidean4.2 Range-transformation

4.3 Z-transformation

#5

Number of variables: 4 Variable type: tem-
perature, relative humidity, solar radiation, 

and precipitation. Number of records: 
5.000. Missing data: no. Outliers: no.

5.1 NO

Euclidean5.2 Range-transformation

5.3 Z-transformation

Choice of Tool to Execute the Algorithms

To create the scenarios and run the algorithms, we chose to use Rapid Miner (ver-
sion 9.2), a data mining software used for the analysis of a data set using a variety of 
operators, tools, and functionalities. It has been used by the scientific community 
in environmental issues [25], [46]–[49] given the versatility and options it allows, as 
well as the confidence it generates due to its proven effectiveness.
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RESULTS

The results obtained from algorithm and hardware performance for K-means, K-me-
doids, and Hierarchical Grouping for each of the stations are presented in Tables 7, 
8, 9, 10, 11, 12, and 13. Each one of the three weather stations of the region (Villamaría 
Hospital, Caldas Hospital, and Los Nevados National Natural Park) are K = 2, K = 3, 
and K = 5, respectively.

Ta b l e 7. algoRithm anD haRDwaRe peRfoRmance ReSultS foR k-meanS with k=2 
foR the villamaRía hoSpital, calDaS hoSpital anD pnnn el ciSne StationS

Station Scenarios Treatment
Number 
of items

Algorithm performance Hardware performance

Clustering Cluster  
Assessment  

Criterion: 
Davis- 

Bouldin  
Index

Execution 
time (ms)

RAM memory 
(bytes)

CPU  
runtime (ns)Clúster 0 % Clúster 1 %

Villamaria 
Hospital

#1

1.1 523.411 523.378 100,0 33 0,0 -0.273 4.764 2.033.904.144 203.125.000

1.2 523.411 126.466 24,2 396.945 75,8 -0.643 6.884 2.219.269.632 281.250.000

1.3 523.411 408.926 78,1 114.485 21,9 -0.658 4.481 1.660.873.048 125.000.000

#2

2.1 430.634 86.671 20,1 343.963 79,9 -0.469 6.048 3.093.277.640 171.875.000

2.2 430.634 128.778 29,9 301.856 70,1 -0.812 7.783 2.208.655.688 140.625.000

2.3 430.634 132.287 30,7 298.347 69,3 -0.811 4.869 3.934.525.592 171.875.000

#3

3.1 520.819 427.583 82,1 93.236 17,9 -0.456 7.059 3.833.508.712 125.000.000

3.2 520.819 395.606 76,0 125.213 24,0 -0.784 9.977 4.800.722.456 140.625.000

3.3 520.819 127.177 24,4 393.642 75,6 -0.793 5.061 5.120.613.720 140.625.000

#4

4.1 430.634 86.671 20,1 343.963 79,9 -0.469 5.726 1.685.900.296 78.125.000

4.2 430.634 128.778 29,9 301.856 70,1 -0.812 8.940 2.844.027.936 140.625.000

4.3 430.634 298.402 69,3 132.232 30,7 -0.767 3.976 3.136.620.896 93.750.000

#5

5.1 430.634 86.671 20,1 343.963 79,9 -0.469 6.222 4.175.675.576 93.750.000

5.2 430.634 128.778 29,9 301.856 70,1 -0.812 8.886 5.328.579.768 93.750.000

5.3 430.634 298.402 69,3 132.232 30,7 -0.767 3.904 4.115.358.056 140.625.000

Continúa...
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Station Scenarios Treatment
Number 
of items

Algorithm performance Hardware performance

Clustering Cluster  
Assessment  

Criterion: 
Davis- 

Bouldin  
Index

Execution 
time (ms)

RAM memory 
(bytes)

CPU  
runtime (ns)Clúster 0 % Clúster 1 %

Caldas 
Hospital

#1

1.1 535.605 535.604 100,0 1 0,0 -0.000 2.299 2.333.531.112 281.250.000

1.2 535.605 160.633 30,0 374.972 70,0 -0.715 7.863 1.115.104.408 156.250.000

1.3 535.605 157.143 29,3 378.462 70,7 -0.717 5.187 1.312.563.032 109.375.000

#2

2.1 530.801 442.611 83,4 88.190 16,6 -0.514 8.043 2.610.129.464 109.375.000

2.2 530.801 385.988 72,7 144.813 27,3 -0.932 8.985 2.178.955.064 171.875.000

2.3 530.801 153.104 28,8 377.697 71,2 -0.928 5.589 1.191.077.624 125.000.000

#3

3.1 535.585 447.155 83,5 88.430 16,5 -0.513 7.966 2.592.279.952 109.375.000

3.2 535.585 390.921 73,0 144.664 27,0 -0.934 10.998 2.531.601.632 125.000.000

3.3 535.585 382.131 71,3 153.454 28,7 -0.892 5.113 3.572.928.056 93.750.000

#4

4.1 530.801 442.611 83,4 88.190 16,6 -0.514 8.600 2.584.525.768 109.375.000

4.2 530.801 385.984 72,7 144.817 27,3 -0.933 11.235 4.659.393.576 125.000.000

4.3 530.801 153.182 28,9 377.619 71,1 -0.891 5.234 3.812.005.904 171.875.000

#5

5.1 530.801 442.611 83,4 88.190 16,6 -0.514 8.350 4.251.406.208 171.875.000

5.2 530.801 385.984 72,7 144.817 27,3 -0.933 11.405 4.278.010.648 171.875.000

5.3 530.801 153.182 28,9 377.619 71,1 -0.891 5.405 4.562.623.736 125.000.000

PNNN El 
Cisne

#1

1.1 269.755 269.750 100,0 5 0,0 -0.128 1.390 3.390.779.184 234.375.000

1.2 269.755 221.549 82,1 48.206 17,9 -0.194 1.641 2.667.055.904 78.125.000

1.3 269.755 269.750 100,0 5 0,0 -0.133 2.453 1.124.003.040 93.750.000

#2

2.1 248.296 213.494 86,0 34.802 14,0 -0.561 3.469 3.455.568.232 31.250.000

2.2 248.296 219.896 88,6 28.400 11,4 -0.330 1.907 2.942.050.336 78.125.000

2.3 248.296 198.722 80,0 49.574 20,0 -1.051 2.656 3.259.417.352 78.125.000

#3

3.1 269.551 232.749 86,3 36.802 13,7 -0.563 5.032 3.381.520.488 78.125.000

3.2 269.551 47.948 17,8 221.603 82,2 -0.279 2.549 3.201.284.992 78.125.000

3.3 269.551 216.348 80,3 53.203 19,7 -0.911 2.813 2.518.188.752 62.500.000

#4

4.1 248.296 213.494 86,0 34.802 14,0 -0.561 4.548 4.165.905.120 109.375.000

4.2 248.296 219.896 88,6 28.400 11,4 -0.330 1.938 2.376.130.872 62.500.000

4.3 248.296 197.787 79,7 50.509 20,3 -0.902 2.657 3.347.225.912 46.875.000

#5

5.1 248.296 213.494 86,0 34.802 14,0 -0.561 4.173 4.997.481.640 62.500.000

5.2 248.296 219.896 88,6 28.400 11,4 -0.330 1.923 3.593.737.400 62.500.000

5.3 248.296 197.787 79,7 50.509 20,3 -0.902 2.485 4.324.097.544 46.875.000

Source: the Authors.
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Ta b l e 8. algoRithm anD haRDwaRe peRfoRmance ReSultS foR k-meanS with k=3 
foR the villamaRía hoSpital, calDaS hoSpital, anD pnnn el ciSne StationS

Station Scenarios Treatment
Number 
of items

Algorithm performance Hardware performance

Clustering Cluster 
Assessment 

Criterion: 
Davis- 

Bouldin 
Index

Execution 
time (ms)

RAM memory 
(bytes)

CPU  
runtime 

(ns)
Clúster 

0
% Clúster 1 % Clúster 2 %

Villa-
maria 

Hospital

#1

1.1 523.411 523.374 100,0 16 0,0 21 0,0 -0.454 4.028 3.127.642.936 109.375.000

1.2 523.411 241.672 46,2 194.955 37,2 86.784 16,6 -0.650 10.698 3.225.228.720 171.875.000

1.3 523.411 408.931 78,1 33 0,0 114.447 21,9 -0.530 6.878 3.921.185.408 93.750.000

#2

2.1 430.634 40.916 9,5 297.303 69,0 92.415 21,5 -0.434 8.186 4.740.428.440 187.500.000

2.2 430.634 100.969 23,4 276.204 64,1 53.461 12,4 -0.938 17.647 2.323.638.472 171.875.000

2.3 430.634 87.686 20,4 286.314 66,5 56.634 13,2 -1.004 5.815 4.314.778.744 109.375.000

#3

3.1 520.819 380.290 73,0 98.728 19,0 41.801 8,0 -0.433 19.436 3.924.269.616 218.750.000

3.2 520.819 360.192 69,2 50.415 9,7 110.212 21,2 -0.904 24.907 3.998.961.872 203.125.000

3.3 520.819 393.656 75,6 127.162 24,4 1 0,0 -0.529 6.740 2.151.677.744 109.375.000

#4

4.1 430.634 40.916 9,5 297.303 69,0 92.415 21,5 -0.434 8.956 4.436.271.224 78.125.000

4.2 430.634 53.461 12,4 100.969 23,4 276.204 64,1 -0.938 21.793 2.593.872.720 93.750.000

4.3 430.634 132.239 30,7 298.394 69,3 1 0,0 -0.512 5.905 3.880.938.824 109.375.000

#5

5.1 430.634 40.916 9,5 297.303 69,0 92.415 21,5 -0.434 8.647 4.036.573.240 109.375.000

5.2 430.634 53.461 12,4 100.969 23,4 276.204 64,1 -0.938 21.465 4.026.734.904 140.625.000

5.3 430.634 132.239 30,7 298.394 69,3 1 0,0 -0.512 5.651 5.611.715.328 78.125.000

Caldas 
Hospital

#1

1.1 535.605 535.603 100,0 1 0,0 1 0,0 -0.000 2.531 1.614.291.064 156.250.000

1.2 535.605 78.611 14,7 207.695 38,8 249.299 46,5 -0.776 12.653 1.760.767.520 140.625.000

1.3 535.605 378.129 70,6 157.475 29,4 1 0,0 -0.478 6.504 1.816.672.888 125.000.000

#2

2.1 530.801 369.704 69,7 37.049 7,0 124.048 23,4 -0.437 8.827 2.378.210.816 125.000.000

2.2 530.801 335.244 63,2 52.390 9,9 143.167 27,0 -0.954 20.624 3.460.596.528 250.000.000

2.3 530.801 51.951 9,8 347.142 65,4 131.708 24,8 -1.009 6.649 3.291.468.888 171.875.000

#3

3.1 535.585 374.110 69,9 37.153 6,9 124.322 23,2 -0.437 9.576 4.338.760.696 156.250.000

3.2 535.585 142.009 26,5 52.468 9,8 341.108 63,7 -0.957 20.486 2.832.674.096 171.875.000

3.3 535.585 381.085 71,2 1.281 0,2 153.219 28,6 -0.748 7.180 4.448.009.200 171.875.000

#4

4.1 530.801 369.704 69,7 37.049 7,0 124.048 23,4 -0.437 9.769 4.049.652.592 140.625.000

4.2 530.801 335.236 63,2 52.391 9,9 143.174 27,0 -0.955 23.931 4.460.518.968 218.750.000

4.3 530.801 376.423 70,9 153.321 28,9 1.057 0,2 -0.739 6.900 4.377.875.896 109.375.000

#5

5.1 530.801 369.704 69,7 37.049 7,0 124.048 23,4 -0.437 9.891 2.681.809.536 156.250.000

5.2 530.801 335.236 63,2 52.391 9,9 143.174 27,0 -0.955 24.133 4.951.562.096 156.250.000

5.3 530.801 376.423 70,9 153.321 28,9 1.057 0,2 -0.739 6.532 4.718.480.048 125.000.000

Continúa...
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Station Scenarios Treatment
Number 
of items

Algorithm performance Hardware performance

Clustering Cluster 
Assessment 

Criterion: 
Davis- 

Bouldin 
Index

Execution 
time (ms)

RAM memory 
(bytes)

CPU  
runtime 

(ns)
Clúster 

0
% Clúster 1 % Clúster 2 %

PNNN El 
Cisne

#1

1.1 269.755 269.750 100,0 4 0,0 1 0,0 -0.000 1.425 1.239.912.120 93.750.000

1.2 269.755 45.460 16,9 209.471 77,7 14.824 5,5 -0.598 9.798 3.133.139.616 109.375.000

1.3 269.755 221.633 82,2 48.117 17,8 5 0,0 -0.428 3.126 1.078.938.952 62.500.000

#2

2.1 248.296 55.079 22,2 10.753 4,3 182.464 73,5 -0.496 4.407 2.812.463.560 78.125.000

2.2 248.296 35.825 14,4 27.932 11,2 184.539 74,3 -0.704 7.235 3.520.337.480 109.375.000

2.3 248.296 25.939 10,4 180.140 72,6 42.217 17,0 -0.780 3.016 2.440.216.008 62.500.000

#3

3.1 269.551 201.681 74,8 11.108 4,1 56.762 21,1 -0.509 5.751 1.759.418.656 109.375.000

3.2 269.551 47.455 17,6 186.916 69,3 35.180 13,1 -0.687 8.735 1.729.306.736 62.500.000

3.3 269.551 180.454 66,9 44.619 16,6 44.478 16,5 -0.598 3.422 3.286.964.312 93.750.000

#4

4.1 248.296 55.079 22,2 10.753 4,3 182.464 73,5 -0.496 5.097 2.189.603.096 109.375.000

4.2 248.296 184.541 74,3 27.932 11,2 35.823 14,4 -0.705 8.563 4.538.102.784 62.500.000

4.3 248.296 180.114 72,5 25.819 10,4 42.363 17,1 -0.625 3.032 2.782.994.696 62.500.000

#5

5.1 248.296 55.079 22,2 10.753 4,3 182.464 73,5 -0.496 4.689 4.067.016.224 109.375.000

5.2 248.296 184.541 74,3 27.932 11,2 35.823 14,4 -0.705 7.891 4.329.025.168 78.125.000

5.3 248.296 180.114 72,5 25.819 10,4 42.363 17,1 -0.625 2.969 4.691.628.080 46.875.000
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Ta b l e 9. algoRithm anD haRDwaRe peRfoRmance ReSultS foR k-meanS with k=5 
foR the villamaRía hoSpital, calDaS hoSpital, anD pnnn el ciSne StationS

Station Scenarios Treatment Number 
of items

Algorithm performance Hardware performance

Clustering
Cluster 

Assessment 
Criterion: 

Davis- 
Bouldin  

Index

Execution 
time (ms)

RAM 
memory ( 

bytes)

CPU  
runtime (ns)Clúster  

0 % Clúster  
1 % Clúster  

2 % Clúster  
3 % Clúster  

4 %

Villamaria 
Hospital

#1

1.1 523.411 523.373 100,0 10 0,0 10 0,0 12 0,0 6 0,0 -0.427 5.562 3.456.148.088 109.375.000

1.2 523.411 115.491 22,1 38.943 7,4 100.382 19,2 80.348 15,4 188.247 36,0 -0.862 19.577 2.508.987.032 171.875.000

1.3 523.411 223.656 42,7 37.007 7,1 33 0,0 81.405 15,6 181.310 34,6 -0.623 9.112 2.521.019.120 156.250.000

#2

2.1 430.634 26.565 6,2 270.357 62,8 61.231 14,2 49.706 11,5 22.775 5,3 -0.497 22.976 2.412.584.056 203.125.000

2.2 430.634 93.317 21,7 198.221 46,0 44.557 10,3 60.067 13,9 34.472 8,0 -0.890 23.996 4.166.817.320 187.500.000

2.3 430.634 98.453 22,9 30.048 7,0 46.224 10,7 57.809 13,4 198.100 46,0 -0.916 7.683 3.956.284.576 109.375.000

#3

3.1 520.819 348.721 67,0 67.293 12,9 23.456 4,5 27.870 5,4 53.479 10,3 -0.490 24.136 2.632.539.208 250.000.000

3.2 520.819 188.235 36,1 65.537 12,6 49.100 9,4 180.372 34,6 37.575 7,2 -0.823 22.075 3.485.961.280 171.875.000

3.3 520.819 214.432 41,2 190.419 36,6 63.353 12,2 1 0,0 52.614 10,1 -0.718 11.987 4.946.395.592 171.875.000

#4

4.1 430.634 22.775 5,3 270.357 62,8 61.231 14,2 49.706 11,5 26.565 6,2 -0.497 25.440 1.725.702.792 187.500.000

4.2 430.634 60.070 13,9 44.554 10,3 198.221 46,0 93.317 21,7 34.472 8,0 -0.980 28.568 5.104.033.896 109.375.000

4.3 430.634 48.639 11,3 1 0,0 215.742 50,1 117.486 27,3 48.766 11,3 -0.720 7.484 3.397.838.840 93.750.000

#5

5.1 430.634 22.775 5,3 270.357 62,8 61.231 14,2 49.706 11,5 26.565 6,2 -0.497 25.802 3.341.342.488 125.000.000

5.2 430.634 60.070 13,9 44.554 10,3 198.221 46,0 93.317 21,7 34.472 8,0 -0.890 28.403 5.526.369.600 125.000.000

5.3 430.634 48.639 11,3 1 0,0 215.742 50,1 117.486 27,3 48.766 11,3 -0.720 7.568 2.757.937.944 109.375.000

Caldas 
Hospital

#1

1.1 535.605 535.598 100,0 1 0,0 1 0,0 1 0,0 4 0,0 -0.129 4.019 2.444.395.896 171.875.000

1.2 535.605 80.079 15,0 126.697 23,7 163.030 30,4 33.737 6,3 132.062 24,7 -0.935 28.071 1.670.932.016 250.000.000

1.3 535.605 181.294 33,8 111.806 20,9 1 0,0 196.948 36,8 45.556 8,5 -0.682 8.773 1.847.093.456 125.000.000

#2

2.1 530.801 329.841 62,1 63.028 11,9 21.093 4,0 89.740 16,9 27.099 5,1 -0.489 19.969 3.249.132.536 109.375.000

2.2 530.801 143.487 27,0 33.033 6,2 215.770 40,6 57.216 10,8 81.295 15,3 -0.907 29.546 2.841.549.816 234.375.000

2.3 530.801 145.658 27,4 30.774 5,8 216.746 40,8 57.604 10,9 80.019 15,1 -0.958 8.812 1.616.400.376 171.875.000

#3

3.1 535.585 27.190 5,1 334.110 62,4 21.143 3,9 63.178 11,8 89.964 16,8 -0.489 22.345 2.579.633.128 156.250.000

3.2 535.585 81.763 15,3 212.561 39,7 149.977 28,0 33.245 6,2 58.039 10,8 -0.906 24.884 3.217.508.904 203.125.000

3.3 535.585 182.880 34,1 249.404 46,6 1.281 0,2 58.176 10,9 43.844 8,2 -0.818 9.564 3.837.787.888 156.250.000

#4

4.1 530.801 329.841 62,1 63.028 11,9 21.093 4,0 89.740 16,9 27.099 5,1 -0.489 22.929 5.412.221.040 171.875.000

4.2 530.801 57.215 10,8 215.764 40,6 81.295 15,3 143.494 27,0 33.033 6,2 -0.909 34.545 3.526.053.736 187.500.000

4.3 530.801 182.661 34,4 44.623 8,4 60.274 11,4 1.540 0,3 241.703 45,5 -0.827 9.047 3.091.454.096 156.250.000

#5

5.1 530.801 329.841 62,1 63.028 11,9 21.093 4,0 89.740 16,9 27.099 5,1 -0.489 22.847 4.849.954.584 203.125.000

5.2 530.801 57.215 10,8 215.764 40,6 81.295 15,3 143.494 27,0 33.033 6,2 -0.909 34.030 2.817.044.000 203.125.000

5.3 530.801 182.661 34,4 44.623 8,4 60.274 11,4 1.540 0,3 241.703 45,5 -0.827 9.187 5.172.186.936 156.250.000

Continúa...
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Station Scenarios Treatment Number 
of items

Algorithm performance Hardware performance

Clustering
Cluster 

Assessment 
Criterion: 

Davis- 
Bouldin  

Index

Execution 
time (ms)

RAM 
memory ( 

bytes)

CPU  
runtime (ns)Clúster  

0 % Clúster  
1 % Clúster  

2 % Clúster  
3 % Clúster  

4 %

PNNN El 
Cisne

#1

1.1 269.755 269.733 100,0 4 0,0 3 0,0 1 0,0 14 0,0 -0.170 2.094 3.594.033.696 109.375.000

1.2 269.755 88.744 32,9 45.131 16,7 10.883 4,0 23.294 8,6 101.703 37,7 -0.735 8.360 2.908.706.544 46.875.000

1.3 269.755 94.353 35,0 5 0,0 45.233 16,8 107.518 39,9 22.646 8,4 -0.533 4.407 2.881.614.048 109.375.000

#2

2.1 248.296 27.429 11,0 159.670 64,3 45.762 18,4 10.188 4,1 5.247 2,1 -0.565 10.048 2.827.335.296 125.000.000

2.2 248.296 25.837 10,4 148.994 60,0 8.492 3,4 55.491 22,3 9.482 3,8 -0.736 13.753 3.406.107.672 109.375.000

2.3 248.296 45.952 18,5 25.551 10,3 73.825 29,7 91.247 36,7 11.721 4,7 -0.874 4.079 2.995.070.288 46.875.000

#3

3.1 269.551 148.291 55,0 21.513 8,0 7.149 2,7 53.430 19,8 39.168 14,5 -0.492 11.861 3.338.408.776 78.125.000

3.2 269.551 8.734 3,2 151.203 56,1 55.159 20,5 9.507 3,5 44.948 16,7 -0.729 12.143 3.040.802.024 125.000.000

3.3 269.551 146.177 54,2 62.914 23,3 15.876 5,9 44.518 16,5 66 0,0 -0.533 4.657 4.612.584.552 78.125.000

#4

4.1 248.296 27.865 11,2 5.278 2,1 45.814 18,5 10.280 4,1 159.059 64,1 -0.566 9.986 5.038.083.944 109.375.000

4.2 248.296 55.491 22,3 25.837 10,4 9.428 3,8 148.994 60,0 8.492 3,4 -0.737 16.588 4.948.851.528 62.500.000

4.3 248.296 145.979 58,8 25.472 10,3 14.534 5,9 62.278 25,1 33 0,0 -0.567 4.062 3.868.257.872 78.125.000

#5

5.1 248.296 27.865 11,2 5.278 2,1 45.814 18,5 10.280 4,1 159.059 64,1 -0.566 9.924 2.230.952.336 62.500.000

5.2 248.296 55.491 22,3 25.837 10,4 9.482 3,8 148.994 60,0 8.492 3,4 -0.737 16.207 5.144.014.328 109.375.000

5.3 248.296 145.979 58,8 25.472 10,3 14.534 5,9 62.278 25,1 33 0,0 -0.567 4.047 4.092.733.304 62.500.000

Source: the Authors, from previous work [39]

In a global view, for the Hospital de Villamaría station (low altitude), the evalua-
tion indices for all its scenarios and treatments are observed. Regarding the Hospital 
de Caldas station (intermediate altitude), the evaluation indices are lower than the 
previous station (gaining quality), and they also remain similar for the rest of its K 
values. However, for the El Cisne PNNN station (maximum height), quite the oppo-
site happens: The evaluation Davis-Bouldin indices (clustering lose quality) [1] and 
remain the same for their K values.

Regarding K-means, iterating the algorithm to form clusters by assigning each point 
to its closest centroid and recalculating the centroid of each cluster is a very efficient 
and simple process, not only by executing two steps for each iteration, but also by 
seeing how it is able to process immense quantities of instances very quickly. In its 
experimentation with the Hospital de Caldas station, it used more than 530.000 ins-
tances. This coincides with the contribution of [22], by defining K-means as a simple 
and efficient algorithm.

The execution times of the K-means algorithm increase as the value of “k” is greater. 
This is because you must iterate more times due to the need to create more clusters. 
For stations such as Hospital de Caldas and Villamaría, the execution times are hi-
gher since there are datasets of more than 430,000 instances. For the El Cisne PNN 
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station, the execution times are shorter since they comprise a dataset of less than 
250,000 instances.

RAM memory consumption is very similar for all k values and for the three weather 
seasons. Although it differs in certain work scenarios, the average consumption is 
2.6 Gb of RAM. This means that regardless of the characteristics of the scenarios and 
datasets, RAM uses, on average, the same amount of resources because its consump-
tion is given the minimum it needs to run the algorithm’s functionality.

The CPU runtime increases as the value of k increases. This is due to the processing 
it uses for the number of clusters to generate. The same behavior is observed for the 
three climatic stations.

Ta b l e 10. algoRithm anD haRDwaRe peRfoRmance ReSultS 
foR k-meDoiDS with k=2 foR the villamaRía hoSpital, 

calDaS hoSpital, anD pnnn el ciSne StationS

Station Scenarios Treatment Number 
of items

Algorithm performance Hardware performance

Clustering Cluster 
Assessment 

Criterion: 
Davis- 

Bouldin  
Index

Execution 
time (ms)

RAM memory 
(bytes)

CPU runtime 
(ns)Clúster  

0 % Clúster  
1 %

Villamaria 
Hospital

#1

1.1 10.000 266 2,7 9.733 97,3 -0.320 193.867 2.200.492.256 193.250.000.000

1.2 10.000 1.933 19,3 8.066 80,7 -0.545 174.315 1.263.587.808 173.750.000.000

1.3 10.000 1.764 17,6 8.235 82,4 -0.549 202.442 1.178.103.296 201.796.875.000

#2

2.1 7.407 6.449 87,1 958 12,9 -0.358 108.984 1.344.279.040 108.359.375.000

2.2 7.407 1.890 25,5 5.517 74,5 -0.738 108.913 912.989.216 108.468.750.000

2.3 7.407 1.717 23,2 5.690 76,8 -0.747 105.596 1.710.420.488 105.203.125.000

#3

3.1 7.407 6.449 87,1 958 12,9 -0.358 155.486 1.633.243.208 149.703.125.000

3.2 7.407 1.890 25,5 5.517 74,5 -0.740 138.827 1.191.412.048 134.968.750.000

3.3 7.407 1.683 22,7 5.724 77,3 -0.713 111.392 2.615.978.848 108.312.500.000

#4

4.1 7.407 6.449 87,1 958 12,9 -0.358 147.896 2.265.506.080 145.234.375.000

4.2 7.407 1.890 25,5 5.517 74,5 -0.740 233.622 1.661.834.976 229.859.375.000

4.3 7.407 1.683 22,7 5.724 77,3 -0.713 111.786 2.081.409.144 111.218.750.000

#5

5.1 7.407 6.449 87,1 958 12,9 -0.358 148.653 1.870.534.696 147.750.000.000

5.2 7.407 1.890 25,5 5.517 74,5 -0.740 134.652 2.163.714.384 133.968.750.000

5.3 7.407 1.683 22,7 5.724 77,3 -0.713 112.582 1.952.800.304 111.921.875.000

Continúa...
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Station Scenarios Treatment Number 
of items

Algorithm performance Hardware performance

Clustering Cluster 
Assessment 

Criterion: 
Davis- 

Bouldin  
Index

Execution 
time (ms)

RAM memory 
(bytes)

CPU runtime 
(ns)Clúster  

0 % Clúster  
1 %

Caldas 
Hospital

#1

1.1 10.000 310 3,1 9.689 96,9 -0.356 221.390 2.251.278.824 220.062.500.000

1.2 10.000 9.846 98,5 153 1,5 -1.198 243.176 1.452.391.784 241.671.875.000

1.3 10.000 9.846 98,5 153 1,5 -1.199 247.809 1.855.518.232 246.296.875.000

#2

2.1 1.859 626 33,7 1.233 66,3 -1.023 9.664 1.743.473.272 8.781.250.000

2.2 1.859 1.715 92,3 144 7,7 -2.073 11.001 2.605.499.600 10.953.125.000

2.3 1.859 1.718 92,4 141 7,6 -2.279 11.814 937.706.456 11.687.500.000

#3

3.1 9.979 8.907 89,3 1.072 10,7 -1.171 293.887 1.015.890.144 293.062.500.000

3.2 9.979 153 1,5 9.826 98,5 -1.692 379.152 1.114.897.968 377.937.500.000

3.3 9.979 144 1,4 9.835 98,6 -1.588 287.272 1.783.789.144 285.890.625.000

#4

4.1 1.859 626 33,7 1.233 66,3 -1.023 10.846 1.987.641.752 10.671.875.000

4.2 1.859 1.715 92,3 144 7,7 -2.078 13.439 2.446.702.624 13.265.625.000

4.3 1.859 139 7,5 1.720 92,5 -2.290 11.877 2.295.816.056 11.671.875.000

#5

5.1 1.859 626 33,7 1.233 66,3 -1.023 11.001 2.526.768.848 10.750.000.000

5.2 1.859 626 33,7 1.233 66,3 -1.023 10.330 1.941.857.872 10.125.000.000

5.3 1.859 626 33,7 1.233 66,3 -1.023 8.830 2.320.046.864 8.656.250.000

PNNN El 
Cisne

#1

1.1 10.000 410 4,1 9.589 95,9 -0.734 243.920 1.804.158.433 242.406.250.000

1.2 10.000 1.752 17,5 8.247 82,5 -0.947 220.318 2.041.902.144 219.375.000.000

1.3 10.000 1.752 17,5 8.247 82,5 -0.979 220.707 1.675.429.112 219.703.125.000

#2

2.1 8.941 8.736 97,7 205 2,3 -0.477 186.900 1.549.659.112 185.843.750.000

2.2 8.941 8.583 96,0 358 4,0 -0.949 197.158 2.498.252.656 195.921.875.000

2.3 8.941 8.684 97,1 257 2,9 -0.948 186.041 1.368.465.320 184.875.000.000

#3

3.1 9.794 9.589 97,9 205 2,1 -0.481 290.582 1.761.889.408 289.000.000.000

3.2 9.794 9.436 96,3 358 3,7 -0.825 286.000 1.763.412.464 284.609.375.000

3.3 9.794 9.297 94,9 497 5,1 -0.882 276.227 2.189.905.888 269.609.375.000

#4

4.1 8.949 213 2,4 8.736 97,6 -0.493 235.194 2.410.475.048 233.750.000.000

4.2 8.949 377 4,2 8.572 95,8 -0.957 246.335 1.514.266.320 245.265.625.000

4.3 8.949 498 5,6 8.451 94,4 -0.985 183.660 2.481.649.192 182.609.375.000

#5

5.1 8.941 8.736 97,7 205 2,3 -0.477 241.157 1.430.077.856 240.156.250.000

5.2 8.941 8.583 96,0 358 4,0 -0.950 225.707 1.545.609.656 224.531.250.000

5.3 8.941 8.472 94,8 469 5,2 -0.963 190.510 2.447.676.192 189.171.875.000

Source: the Authors.
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Ta b l e 11. algoRithm anD haRDwaRe peRfoRmance ReSultS 
foR k-meDoiDS with k=3 foR the villamaRía hoSpital, 

calDaS hoSpital, anD pnnn el ciSne StationS

Station Scenarios Treatment Number 
of items

Algorithm performance Hardware performance

Clustering Cluster  
Assessment 

Criterion: 
Davis- 

Bouldin 
Index

Exe-
cution 

time 
(ms)

RAM memory 
(bytes)

CPU runtime 
(ns)Clúster  

0 % Clúster  
1 % Clúster  

2 %

Villa-
maria 

Hospital

#1

1.1 10.000 4.136 41,4 266 2,7 5.597 56,0 -0.408 241.634 1.972.852.672 241.000.000.000

1.2 10.000 3.628 36,3 946 9,5 5.415 54,2 -0.610 290.810 735.634.936 289.937.500.000

1.3 10.000 5.382 53,8 3.697 37,0 920 9,2 -0.665 242.091 1.037.002.353 241.265.625.000

#2

2.1 7.407 761 10,3 1.791 24,2 4.855 65,5 -0.690 148.747 1.402.463.664 148.265.625.000

2.2 7.407 1.282 17,3 1.212 16,4 4.913 66,3 -0.697 117.533 1.594.281.192 117.078.125.000

2.3 7.407 1.210 16,3 1.188 16,0 5.009 67,6 -0.691 129.348 1.099.413.416 128.921.875.000

#3

3.1 7.407 761 10,3 1.791 24,2 4.855 65,5 -0.690 205.754 1.663.256.125 201.765.625.000

3.2 7.407 1.282 17,3 1.212 16,4 4.913 66,3 -0.698 151.722 2.010.673.544 149.203.125.000

3.3 7.407 1.191 16,1 1.156 15,6 5.060 68,3 -0.661 149.358 1.619.011.792 145.984.375.000

#4

4.1 7.407 761 10,3 1.791 24,2 4.855 65,5 -0.690 202.013 1.623.001.936 197.109.375.000

4.2 7.407 1.282 17,3 1.212 16,4 4.913 66,3 -0.698 579.674 2.160.207.008 574.062.500.000

4.3 7.407 1.191 16,1 1.156 15,6 5.060 68,3 -0.661 142.665 1.423.935.424 142.015.625.000

#5

5.1 7.407 761 10,3 1.791 24,2 4.855 65,5 -0.690 204.839 2.219.246.504 204.234.375.000

5.2 7.407 1.282 17,3 1.212 16,4 4.913 66,3 -0.698 148.141 1.404.410.704 147.468.750.000

5.3 7.407 1.191 16,1 1.156 15,6 5.060 68,3 -0.661 145.308 2.468.807.040 144.406.250.000

Caldas 
Hospital

#1

1.1 10.000 8.907 89,1 864 8,6 228 2,3 -1.204 252.855 1.710.514.624 251.312.500.000

1.2 10.000 253 2,5 153 1,5 9.593 95,9 -2.614 404.492 1.969.229.920 401.734.375.000

1.3 10.000 253 2,5 153 1,5 9.593 95,9 -2.615 385.683 2.424.768.752 383.296.875.000

#2

2.1 1.859 92 4,9 1.233 66,3 534 28,7 -0.549 14.049 1.967.443.312 13.437.500.000

2.2 1.859 218 11,7 1.508 81,1 133 7,2 -1.538 13.581 1.970.351.064 13.484.375.000

2.3 1.859 244 13,1 1.492 80,3 123 6,6 -1.1510 14.721 1.992.878.376 14.609.375.000

#3

3.1 9.979 9.483 95,0 206 2,1 290 2,9 -14.231 436.077 1.129.489.496 434.062.500.000

3.2 9.979 9.573 95,9 153 1,5 253 2,5 -3.534 543.465 2.656.269.576 541.062.500.000

3.3 9.979 9.490 95,1 140 1,4 349 3,5 -1.299 429.631 1.996.304.440 427.187.500.000

#4

4.1 1.859 92 4,9 1.233 66,3 534 28,7 -0.549 15.159 1.796.356.992 14.937.500.000

4.2 1.859 218 11,7 1.508 81,1 133 7,2 -1.544 16.377 2.637.514.312 16.218.750.000

4.3 1.859 243 13,1 1.495 80,4 121 6,5 -1.507 14.361 2.007.995.656 14.125.000.000

#5

5.1 1.859 92 4,9 1.233 66,3 534 28,7 -0.549 15.315 1.657.532.160 15.125.000.000

5.2 1.859 92 4,9 1.233 66,3 534 28,7 -0.549 14.986 2.236.052.376 14.656.250.000

5.3 1.859 92 4,9 1.233 66,3 534 28,7 -0.549 12.846 2.175.093.056 12.656.250.000

Continúa...
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Station Scenarios Treatment Number 
of items

Algorithm performance Hardware performance

Clustering Cluster  
Assessment 

Criterion: 
Davis- 

Bouldin 
Index

Exe-
cution 

time 
(ms)

RAM memory 
(bytes)

CPU runtime 
(ns)Clúster  

0 % Clúster  
1 % Clúster  

2 %

PNNN El 
Cisne

#1

1.1 10.000 364 3,6 46 0,5 9.589 95,9 -1.850 301.659 1.866.359.987 299.406.250.000

1.2 10.000 1.635 16,4 6.612 66,1 1.752 17,5 -5.950 542.491 2.270.397.200 539.953.125.000

1.3 10.000 1.635 16,4 6.612 66,1 1.752 17,5 -6.225 557.767 1.099.916.248 555.250.000.000

#2

2.1 8.941 5.552 62,1 205 2,3 3.184 35,6 -0.740 231.495 2.131.149.912 230.046.875.000

2.2 8.941 5.492 61,4 3.091 34,6 358 4,0 -2.140 343.098 1.552.125.872 340.937.500.000

2.3 8.941 5.517 61,7 257 2,9 3.167 35,4 -1.883 297.049 2.470.985.984 294.906.250.000

#3

3.1 9.794 205 2,1 3.185 32,5 6.404 65,4 -0.740 385.413 1.540.575.368 383.218.750.000

3.2 9.794 358 3,7 6.344 64,8 3.092 31,6 -1.997 536.350 2.232.436.984 533.218.750.000

3.3 9.794 497 5,1 2.944 30,1 6.353 64,9 -1.784 581.644 2.102.989.992 574.250.000.000

#4

4.1 8.949 213 2,4 3.184 35,6 5.552 62,0 -0.746 260.682 1.398.742.896 259.484.375.000

4.2 8.949 5.485 61,3 3.087 34,5 377 4,2 -2.198 519.749 2.333.937.752 516.671.875.000

4.3 8.949 8.433 94,2 395 4,4 121 1,4 -0.936 307.420 1.773.292.008 305.484.375.000

#5

5.1 8.941 5.552 62,1 205 2,3 3.184 35,6 -0.740 271.345 1.659.679.344 269.656.250.000

5.2 8.941 5.492 61,4 3.091 34,6 358 4,0 -2.146 400.576 2.060.661.576 398.312.500.000

5.3 8.941 5.502 61,5 469 5,2 2.970 33,2 -1.942 291.886 1.456.914.048 289.875.000.000

Source: the Authors.
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Ta b l e 12. algoRithm anD haRDwaRe peRfoRmance ReSultS 
foR k-meDoiDS with k=5 foR the villamaRía hoSpital, 

calDaS hoSpital, anD pnnn el ciSne StationS

Station Scenarios Treatment Number 
of items

Algorithm performance Hardware performance

Clustering Cluster 
Assessment 

Criterion: 
Davis- 

Bouldin 
Index

Execu-
tion time 

(ms)

RAM  
memory 

(bytes)

CPU  
untime (ns)Clúster  

0 % Clúster  
1 % Clúster  

2 % Clúster 3 % Clúster  
4 %

Villa-
maria 

Hospital

#1

1.1 10.000 868 8,7 160 1,6 7.493 74,9 1.372 13,7 106 1,1 -1.050 284.949 1.347.942.856 284.000.000.000

1.2 10.000 3.047 30,5 373 3,7 946 9,5 1.390 13,9 4.243 42,4 -1.228 413.977 1.483.581.032 410.984.375.000

1.3 10.000 4.146 41,5 920 9,2 444 4,4 3.141 31,4 1.348 13,5 -1.405 526.314 2.104.265.192 524.484.375.000

#2

2.1 7.407 803 10,8 495 6,7 708 9,6 4.855 65,5 546 7,4 -0.793 215.558 992.556.472 214.406.250.000

2.2 7.407 1.927 26,0 607 8,2 870 11,7 3.455 46,6 548 7,4 -1.317 190.604 1.960.383.984 189.453.125.000

2.3 7.407 1.433 19,3 977 13,2 738 10,0 3.712 50,1 547 7,4 -1.222 188.200 1.478.950.816 187.250.000.000

#3

3.1 7.407 803 10,8 495 6,7 708 9,6 4.855 65,5 546 7,4 -0.793 270.101 1.254.229.584 26.438.125.000

3.2 7.407 1.927 26,0 607 8,2 870 11,7 3.455 46,6 548 7,4 -1.323 237.861 2.558.802.672 232.625.000.000

3.3 7.407 1.334 18,0 924 12,5 732 9,9 3.875 52,3 542 7,3 -1.186 232.208 1.899.579.368 226.500.000.000

#4

4.1 7.407 803 10,8 495 6,7 708 9,6 4.855 65,5 546 7,4 -0.793 273.943 1.754.420.136 268.687.500.000

4.2 7.407 1.927 26,0 607 8,2 870 11,7 3.455 46,6 548 7,4 -1.323 227.374 2.608.668.536 226.390.625.000

4.3 7.407 1.334 18,0 924 12,5 732 9,9 3.875 52,3 542 7,3 -1.186 222.429 1.433.790.416 221.046.875.000

#5

5.1 7.407 803 10,8 495 6,7 708 9,6 4.855 65,5 546 7,4 -0.793 269.616 1.193.032.328 268.328.125.000

5.2 7.407 1.927 26,0 607 8,2 870 11,7 3.455 46,6 548 7,4 -1.323 235.302 2.709.839.752 234.078.125.000

5.3 7.407 1.334 18,0 924 12,5 732 9,9 3.875 52,3 542 7,3 -1.186 222.219 2.245.207.584 220.687.500.000

Caldas 
Hospital

#1

1.1 10.000 8.097 81,0 0 0,0 0 0,0 864 8,6 228 2,3 -1.056 352.985 2.544.728.376 350.156.250.000

1.2 10.000 522 5,2 9.114 91,1 210 2,1 153 1,5 0 0,0 -1.280 585.297 2.534.837.680 581.109.375.000

1.3 10.000 522 5,2 9.114 91,1 210 2,1 153 1,5   0,0 -1.296 566.113 1.770.062.624 561.718.750.000

#2

2.1 1.859 1.204 64,8 83 4,5 274 14,7 178 9,6 120 6,5 1.323 21.708 2.661.847.176 21.546.875.000

2.2 1.859 195 10,5 81 4,4 1.223 65,8 234 12,6 126 6,8 -1.469 22.943 1.540.433.824 22.750.000.000

2.3 1.859 199 10,7 726 39,1 469 25,2 342 18,4 123 6,6 -1.663 18.425 2.085.368.088 18.234.375.000

#3

3.1 9.979 8.641 86,6 0 0,0 1.071 10,7 267 2,7 0 0,0 -1.318 538.464 1.647.820.120 535.453.125.000

3.2 9.979 8.873 88,9 377 3,8 130 1,3 405 4,1 194 1,9 -1.479 590.326 1.982.162.272 587.203.125.000

3.3 9.979 8.082 81,0 585 5,9 140 1,4 344 3,4 828 8,3 -1.553 426.013 2.158.830.400 423.312.500.000

#4

4.1 1.859 1.204 64,8 83 4,5 274 14,7 178 9,6 120 6,5 -1.323 24.880 2.276.367.176 24.656.250.000

4.2 1.859 195 10,5 81 4,4 1.223 65,8 234 12,6 126 6,8 -1.482 27.576 1.980.508.816 27.312.500.000

4.3 1.859 203 10,9 1.190 64,0 6 0,3 339 18,2 121 6,5 -1.668 19.316 1.548.012.072 19.109.375.000

#5

5.1 1.859 1.204 64,8 83 4,5 274 14,7 178 9,6 120 6,5 -1.323 25.254 1.517.812.944 25.062.500.000

5.2 1.859 1.204 64,8 83 4,5 274 14,7 178 9,6 120 6,5 -1.323 25.249 2.031.422.200 24.953.125.000

5.3 1.859 1.204 64,8 83 4,5 274 14,7 173 9,3 125 6,7 -1.330 22.191 2.471.411.264 21.906.250.000

Continúa...
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Station Scenarios Treatment Number 
of items

Algorithm performance Hardware performance

Clustering Cluster 
Assessment 

Criterion: 
Davis- 

Bouldin 
Index

Execu-
tion time 

(ms)

RAM  
memory 

(bytes)

CPU  
untime (ns)Clúster  

0 % Clúster  
1 % Clúster  

2 % Clúster 3 % Clúster  
4 %

PNNN El 
Cisne

#1

1.1 10.000 364 3,6 1.009 10,1 46 0,5 2.556 25,6 6.024 60,2 -1.307 300.303 1.054.879.160 297.968.750.000

1.2 10.000 1.752 17,5 1.635 16,4 197 2,0 4.554 45,5 1.861 18,6 -1.738 619.253 2.349.652.840 614.953.125.000

1.3 10.000 1.752 17,5 1.635 16,4 197 2,0 4.554 45,5 1.861 18,6 -1.751 617.469 1.345.886.568 612.843.750.000

#2

2.1 8.941 149 1,7 1.536 17,2 1.009 11,3 5.172 57,8 1.075 12,0 -0.655 292.231 2.326.999.856 289.875.000.000

2.2 8.941 264 3,0 1.276 14,3 1.769 19,8 153 1,7 5.479 61,3 -1.940 919.212 2.471.419.288 911.937.500.000

2.3 8.941 299 3,3 1.428 16,0 1.591 17,8 110 1,2 5.513 61,7 -2.034 759.524 2.064.959.744 754.359.375.000

#3

3.1 9.794 1.009 10,3 149 1,5 1.537 15,7 6.024 61,5 1.075 11,0 -0.656 447.823 2.024.522.280 444.718.750.000

3.2 9.794 1.770 18,1 153 1,6 6.331 64,6 264 2,7 1.276 13,0 -1.751 1.397.919 1.479.066.696 1.370.359.375.000

3.3 9.794 4.258 43,5 4 0,0 2.944 30,1 2.091 21,3 497 5,1 -1.528 457.258 2.101.205.928 444.531.250.000

#4

4.1 8.949 1.536 17,2 157 1,8 4.682 52,3 1.704 19,0 870 9,7 -7.937 328.065 2.085.002.352 325.968.750.000

4.2 8.949 259 2,9 1.261 14,1 5.476 61,2 1.784 19,9 169 1,9 -1.972 924.253 1.591.865.848 917.703.125.000

4.3 8.949 1.240 13,9 2.935 32,8 395 4,4 121 1,4 4.258 47,6 -1.420 339.431 1.649.443.544 336.640.625.000

#5

5.1 8.941 149 1,7 1.536 17,2 1.009 11,3 5.172 57,8 1.075 12,0 -0.656 340.625 1.960.132.864 338.265.625.000

5.2 8.941 264 3,0 1.276 14,3 1.769 19,8 153 1,7 5.479 61,3 -1.948 993.772 1.689.836.640 986.203.125.000

5.3 8.941 1.764 19,7 1.349 15,1 326 3,6 3 0,0 5.499 61,5 -1.349 331.556 1.903.533.320 330.171.875.000

Source: the Authors, from previous work [39]

Regarding K-medoids for the Hospital de Villamaría station (low altitude), the eva-
luation index becomes lower as the value of K (number of clusters) increases. For the 
Hospital de Caldas station (intermediate altitude), the evaluation indices are lower 
than the previous station and the greater the number of groups, the value of the-
se indices is still lower (gaining quality). However, for the El Cisne PNNN station 
(maximum height), the opposite is true: the evaluation rates are, once again, higher 
(losing quality).

For previous partitioned algorithms (K-medoids, K-means), standardization and te-
chnique type greatly influence the evaluation of cluster quality. The Davis-Bouldin 
index, when evaluating the quality of the cluster, generates an approach (and visua-
lly verifies) the best grouping result. Furthermore, the higher the K value, the more 
hardware requirements and time requirements will be demanded to execute and 
process a dataset, and, subsequently, to execute the algorithm.

Also, note that K-means and K-medoids cannot process empty fields. Some authors 
omit missing and corrupt data from these algorithms [1], therefore the missing data 
was transformed to an average value of the attribute. This decision was supported 
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by experts in the matter and made to allow the algorithm to run. Also, the average 
value corresponds to the whole dataset. We did not want to replace it with the lower 
or higher value because this would generate dragging of clusters, and it would alter 
the analysis of the results. The research shows a notable difference between clean 
datasets versus datasets with missing values   that are replaced by an average value of 
the attribute, since, in the results, there is variation in the grouping evaluation in-
dex, which is better when the dataset is clean. On the other hand, the datasets with 
missing data and atypical data (scenario 1) produced the lowest performance results. 
This is due in part to there being an imbalance in the formation of the clusters and 
the evaluation index of their treatments not being the best. This signifies that using 
a raw dataset is not recommended. Furthermore, the outliers did not affect the re-
sults, since the clustering evaluation indices given by scenario 4 are very similar. For 
example, in scenario 5, which uses a clean dataset. This could be due to the fact that 
the outliers number was small compared to the dataset size (outliers subject to exis-
tence within the dataset), or, conversely, normalization allowed for reducing these 
large distance margins to provide better groupings.

It also corroborates the idea that applying dimensionality reduction with PCA, where 
three components are obtained, raises the level of abstraction of the results, since it 
does not allow for direct visualization of the map of the original attributes. As it was 
mentioned [42], that data transforming from an original space into a new one with 
a lower dimension, where they cannot be associated with the characteristics of the 
original, means that an analysis of the new space is very complicated and complex, 
since there is no physical meaning for the transformed and obtained characteristics.

Therefore, promoting a PCA with two components could determine the behavior of 
the data in a two-dimensional plane and make its analysis easier. In turn, this brings 
the reduction of initial attributes (which are four) to only two. In terms of clustering 
evaluation, PCA did not influence the improvement of the Davis-Bouldin index.

On the other hand, the number of iterations forces the algorithm to form the clus-
ters and recalculate the centroids more times. However, it reaches a point where it 
finds the calculation it needs without improving with more iterations. As seen in 
experimentation, a number of iterations in 100 was a balanced value for working 
with clustering, where computational performance in terms of execution times is 
not affected for the algorithm. This prevents an investigator from unnecessarily re-
peating thousands of times. It is verified that iterating with a larger number does not 
affect the improvement of the evaluation index (recalculating its centroids to find a 
suitable value).
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Ta b l e 13. haRDwaRe peRfoRmance ReSultS foR linkage-complete foR the 
villamaRía hoSpital, calDaS hoSpital, anD pnnn el ciSne StationS

Station Scenarios Treatment Number 
of items

Hardware performance

Execution time 
(milliseconds)

Time 
(ms)

RAM memory 
(bytes) CPU time (ns) CPU runtime 

(ns)

Villamaria 
Hospital

#1

1.1 5.000 81.787 81.787 4.832.249.328 78.296.875.000 78.296.875.000

1.2 5.000 80.204 80.210 3.018.301.440 75.671.875.000 75.671.875.000

1.3 5.000 77.671 77.671 3.998.491.928 74.437.500.000 74.437.500.000

#2

2.1 2.407 12.669 12.670 4.888.031.432 11.343.750.000 11.343.750.000

2.2 2.407 9.610 9.610 4.660.395.256 8.828.125.000 8.828.125.000

2.3 2.407 8.981 8.981 4.352.239.560 8.609.375.000 8.609.375.000

#3

3.1 2.407 9.299 9.405 6.156.410.744 8.718.750.000 8.718.750.000

3.2 2.407 8.836 8.836 6.820.019.440 8.250.000.000 8.250.000.000

3.3 2.407 9.192 9.192 7.073.454.304 8.531.250.000 8.531.250.000

#4

4.1 2.407 9.307 9.308 3.975.729.592 8.906.250.000 8.906.250.000

4.2 2.407 9.028 9.028 5.122.837.744 8.562.500.000 8.562.500.000

4.3 2.407 8.634 8.634 6.198.538.304 8.421.875.000 8.421.875.000

#5

5.1 2.407 9.076 9.076 4.237.062.432 8.843.750.000 8.843.750.000

5.2 2.407 9.107 9.107 6.249.893.848 8.562.500.000 8.562.500.000

5.3 2.407 8.991 8.992 3.511.275.344 8.453.125.000 8.453.125.000

Caldas  
Hospital

#1

1.1 5.000 78.454 78.454 7.021.733.128 76.203.125.000 76.203.125.000

1.2 5.000 83.444 83.444 7.359.136.688 78.125.000.000 78.125.000.000

1.3 5.000 101.343 101.492 7.495.140.664 85.109.375.000 85.109.375.000

#2

2.1 1.002 796 802 7.095.685.424 671.875.000 671.875.000

2.2 1.002 1.062 1.062 7.493.057.504 953.125.000 953.125.000

2.3 1.002 961 964 7.727.727.224 859.375.000 859.375.000

#3

3.1 4.979 81.650 81.666 5.619.392.168 73.671.875.000 73.656.250.000

3.2 4.979 90.006 90.006 5.448.990.136 80.234.375.000 80.234.375.000

3.3 4.979 91.647 91.647 3.879.695.680 77.250.000.000 77.250.000.000

#4

4.1 1.002 962 964 6.222.305.840 812.500.000 812.500.000

4.2 1.002 1.044 1.045 5.707.073.944 890.625.000 890.625.000

4.3 1.002 906 917 4.980.822.496 781.250.000 781.250.000

#5

5.1 1.002 1.148 1.158 4.803.851.432 953.125.000 953.125.000

5.2 1.002 967 967 4.266.509.624 765.625.000 765.625.000

5.3 1.002 811 812 7.467.424.808 812.500.000 812.500.000

Continúa...
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Station Scenarios Treatment Number 
of items

Hardware performance

Execution time 
(milliseconds)

Time 
(ms)

RAM memory 
(bytes) CPU time (ns) CPU runtime 

(ns)

PNNN El 
Cisne

#1

1.1 5.000 262.151 262.153 4.881.553.392 244.703.125.000 244.703.125.000

1.2 5.000 147.247 147.247 4.865.530.976 143.234.375.000 143.234.375.000

1.3 5.000 74.749 74.749 6.853.886.360 73.578.125.000 73.578.125.000

#2

2.1 3.942 46.601 46.601 4.056.895.880 41.812.500.000 41.812.500.000

2.2 3.942 39.821 39.821 6.966.283.928 37.500.000.000 37.500.000.000

2.3 3.942 37.694 37.694 3.563.307.024 36.593.750.000 36.593.750.000

#3

3.1 4.795 67.307 67.307 4.302.086.952 65.484.375.000 65.484.375.000

3.2 4.795 67.606 67.606 5.474.073.176 65.687.500.000 65.687.500.000

3.3 4.795 67.010 67.010 4.388.374.624 65.796.875.000 65.796.875.000

#4

4.1 3.950 37.709 37.709 5.342.942.728 36.906.250.000 36.906.250.000

4.2 3.950 37.740 37.740 4.204.845.088 37.156.250.000 37.156.250.000

4.3 3.950 37.835 37.835 5.411.607.272 37.296.875.000 37.296.875.000

#5

5.1 3.942 36.693 36.693 5.784.841.944 35.984.375.000 35.984.375.000

5.2 3.942 38.366 38.366 5.807.874.168 37.453.125.000 37.453.125.000

5.3 3.942 37.070 37.070 5.228.633.656 36.390.625.000 36.390.625.000

Source: the Authors.

For the agglomerative clustering algorithm, we decided to process with 20,000 ins-
tances to test the previous algorithm operation and determine the subsequent crea-
tion of the scenarios. The processing was found to be too slow. This was due in part 
to the algorithm presenting great computational complexity. Once a distance mea-
surement is determined and used, a dissimilarity matrix is constructed. This process 
leads to the generation of a 20,000 x 20,000 size matrix (for a dataset of 20,000 ins-
tances), which, in hardware terms, requires storage and processing resources. After 
this, the data sets are merged at each level and the difference matrix is subsequently 
updated. This has a great impact on computer processing, and execution takes more 
than 1 hour and 30 minutes (for a dataset of 20,000 instances). That is, it took 72 
times more than the previous 5,000 instance scenarios. This conclusion supports 
the research of [1], where hierarchical grouping is not recommended for a dataset of 
more than 10,000 instances. Therefore, it was decided to create scenarios with data 
sets not exceeding 5,000 instances.

Hierarchical grouping cannot process empty fields. With that said, the missing data 
was transformed to an average value of the attribute.
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In terms of attributes, precipitation makes the dendrogram more complex to analyze, 
not only because it creates an additional agglomeration in the lower levels, but also 
because it involves increasing the dataset with thousands of more data. This leads 
to the graph agglomerate creating many instances, as well as becoming narrow for 
subsequent visualizations and analyzes. Due to the initial dataset being large, it is 
recommended to use precipitation for a dataset that guarantees a lower number of 
instances than those used in this experimentation; that is, below 1,000 instances for 
the agglomerative algorithm.

Based on the above data, a dendrogram of around 3,000 instances (sheets) can allow 
an investigator to easily see how the instances merge from the intermediate level, 
and focus the observation on higher levels, despite the lower levels being impossible. 
To visualize them, a researcher must evaluate from level 0 of the tree. It is suggested 
to use data sets of less than 100 instances for the dendrograms to be more visible, 
allowing better analysis from the lowest levels. Hierarchical grouping is preferred 
for a small dataset [1], [50].

On the other hand, normalization facilitated the construction of dendrograms, hel-
ping the dissimilarity and similarity distances (Y axis) to become closer on a scale 
between zero and one. This allowed the dendrogram to be viewed in a more simple 
manner. The dimensionality reduction was not transcendental in the results, there-
fore, it is concluded that it was not useful for the agglomerative algorithm.

In computational terms, the algorithm uses similar machine resources in all the scena-
rios, regardless of the preset characteristics. However, if high execution times and CPU 
times are found for scenario 1 (up to eight times greater than the rest of the scenarios, 
with only 2,000 instances apart), confirming that using datasets with large instance 
volumes for agglomerative hierarchical grouping can lead to slow processing.

DISCUSSION

To determine, in a preliminary study, the behavior of clustering algorithms on cli-
mate data, stations and datasets with different characteristics, scenarios were defi-
ned to which variants of the learning algorithms were applied, and the behavior of 
the metrics was evaluated.

The results, without being conclusive, can guide people who work with these data in 
the speedy selection of these elements, which we consider the contribution of this 
work.

For K-means, at the Hospital de Caldas station, there are more clustering evalua-
tions with better quality compared to the other two stations. This is determined by 
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taking a value as a reference to make the count. In this case, the indices are equal to 
or below -0.700. It could be given by the fact that a dataset whose attribute values do 
not contain extreme conditions (such as high or low temperatures), is associated to 
better clustering evaluation indices, with this algorithm.

For K-means, the best clustering evaluation index for the Hospital de Villamaría sta-
tion had a value of -1,004, as opposed to the Hospital de Caldas station, which had a 
value of -1,009. These best results are given for the climate dataset extracted from a 
region that oscillates between 1790 msnm and 2183 msnm (between warm and tem-
perate climates), using K-means with a value of K = 3, performing normalization 
with transformation Z and a number of 10 iterations. 

Regarding the El Cisne PNNN station, a dataset that comes from high altitude sour-
ces, such as 4,812 meters above sea level, the best evaluation index was of -1,051, with 
a value of K = 2, normalization with Z-transformation, and a number of iterations of 
the algorithm in 10.

On the other hand, for K-medoids, at El Cisne PNNN station, there are more cluste-
ring evaluations with better quality compared to the other two stations. This is de-
termined by taking a value as a reference to make the count. In this case, the indices 
equal to or below -0.700. It could be given by the fact that a dataset whose attribute 
values contain extreme conditions (high temperatures or relative humidity of the 
100%), such as the El Cisne PNNN station, generate an approximation to better clus-
tering evaluation indices for the clusters in K-medoids. 

For K-medoids, the best clustering evaluation index for the Villamaría Hospital sta-
tion had a value of -1,405, these best results are given for a climate dataset extracted 
from a region that oscillates around 1,790 masl (warm climate), when using K -me-
doids a value of K = 5 clusters, normalization with Z-transformation, and number of 
algorithm iterations in 10.

For the Hospital de Caldas station (altitude of 2,183 masl, temperate climate), the 
best index had a value of 14,231, using a value of K = 3, without any other characte-
ristic. Regarding the El Cisne PNNN station (4,812 meters, extremely cold weather), 
the best clustering evaluation had a value of -7,937 and used a value of K = 5, without 
any other characteristics.

Based on the above and the information seen in the Results section, the cluster evalua-
tion indices are observed with very low values for K-medoids, compared to those obtai-
ned in K-means. For two partitioned algorithms used in the experimental framework, 
the algorithm that presented the best performances and results was K-medoids.
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For Linkage-Complete agglomerative clustering, dataset processing that contains the 
fewest instances and has gone through a normalization process with Range-Transfor-
mation performs best on dendrograms, in graphic terms. Even though having fewer 
instances makes the dendrogram easier to visualize and analyze, normalization makes 
it possible to shorten similarity distances (Y axis). A performance evaluation index or 
performance cannot be applied to this algorithm because it is hierarchical clustering 
and researchers must develop external functionalities in software to provide perfor-
mance evaluations at a mathematical level [51], and to determine at what point they 
want to cut the tree to obtain a value of clusters (K), and, from there, analyze the results.

The contribution sought with this work is to provide some basic guidelines, so as not 
to start from scratch, on certain decisions in the analysis of clusters with meteorolo-
gical data, as well as to help identify the algorithm and the most important parame-
ters to take into account for the best performance, in accordance with the particular 
conditions and requirements [52].

CONCLUSIONS AND FUTURE WORK

For future work, it is recommended to use other types of scenarios, treatments, al-
gorithms, and other amounts of clusters to see performance evaluations. It would 
also be important to know how to evaluate hierarchical agglomerative algorithms to 
determine the quality of dendrograms to break the subjectivity of each researcher 
and to apply mathematical measurements. 

Furthermore, carrying out scenarios with a K value greater than 5 would allow resear-
chers to investigate what happens with clustering and performance for partitioned al-
gorithms (K-medoids, K-means), both at the machine level and in their performance.

On the other hand, evaluating data on a time scale (per day, per week, etc.) using 
time series would allow for knowing interesting clustering behaviors, as well as the 
quality of their clusters within a timeline for different seasons, or times of the year 
(how the performance would be given for cold seasons or summer seasons). Also, it 
would be interesting to perform processing under different scenarios that comprise 
a larger data set (of millions of instances) for K-means, in order to better observe the 
computational behavior on a larger scale. This will help determine how efficient it is 
for large datasets, to better detect new patterns or relationships.

Based on the results, it is possible to suggest using other normalization methods, 
such as ratio and interquartile range transformation, to see how clustering behaves 
with these analyzes.

It is recommended to use techniques, such as Ordinary Kriging, to handle the large 
amounts of zeros that a variable contains within a dataset.
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