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Abstract
Introduction: The main cause of disruptions in the 
energy service is generated in the distribution grids. 
The faults need repairs before restoring the service, 
which requires their rapid location, since this process 
influences the duration and frequency of the disruptions. 
Many companies assess power service quality solely by 
measuring the equivalent interruption frequency and 
duration (DES and FES), as they lack the resources to 
invest time and money in strategies to improve system 
reliability.
Objective: Determine the location of the fault zone in 
medium voltage power distribution systems.
Method: The clustering methods of k-means and 
the Gaussian Mixture Model (GMM) based on the 
expectation-maximization algorithm were implemented, 
to create groups based on their characteristics, thus 
defining the probability of belonging to each one. 
Results: A methodology for the detection of failures 
efficiently was obtained, which serves as support for 
planning processes and execution of action plans, 
facilitating the taking of corrective measures related to 
the continuity of the service and decreasing the system 
restoration time.
Conclusions: The application of the k-means and 
GMM algorithms allows identifying possible fault zones 
according to the test data. Although it does not show 
a single fault zone, since it makes estimates according 
to the data, it is a tool to make decisions based on the 
estimates obtained.

Keywords: k-means; power distribution systems; 
Gaussian mixture model; expectation-maximization 
algorithm; fault zones; clustering algorithms.

Resumen
Introducción: La mayor causa de las interrupciones 
del servicio de energía se genera en las redes de 
distribución. Las fallas requieren de reparaciones antes 
de restablecer el servicio, lo cual exige de su localización 
rápida, puesto que este proceso influye en la duración y 
frecuencia de las interrupciones. Muchas empresas solo 
realizan estudios de la calidad del servicio de energía 
a través de la medición de la frecuencia equivalente 
de las interrupciones y la duración equivalente de las 
interrupciones del servicio, debido a que no tienen la 
capacidad de invertir tiempo y dinero en estrategias 
para mejorar la confiabilidad del sistema.
Objetivo: Determinar la ubicación de la zona en falla 
en sistemas de distribución de energía de media tensión.
Metodología: Se aplicaron los métodos de agrupamiento 
k-means y el modelo de mezcla gaussiana basado en 
el algoritmo de maximización de expectativas, para 
la creación de grupos a partir de sus características, 
definiendo así la probabilidad de pertenencia a cada uno.
Resultados: Se estableció una metodología para la 
detección de fallas de forma eficiente, que sirve de 
soporte para procesos de planificación y ejecución 
de planes de acción, facilitando la toma de medidas 
correctivas relacionadas con la continuidad del servicio 
y disminuyendo el tiempo de restauración del sistema.
Conclusiones: La aplicación de los algoritmos k-means 
y modelo de mezclas gaussianas permite identificar 
posibles zonas en falla de acuerdo con los datos de las 
pruebas. Aunque no mostrará una zona única que se 
encuentre en falla, puesto que realiza estimaciones de 
acuerdo con los datos, es una herramienta para tomar 
decisiones según las estimaciones obtenidas.

Palabras clave: k-means; sistemas de distribución 
de energía; modelo de mezcla gaussiana; algoritmo de 
maximización de expectativas; zonas en falla; algoritmos 
de agrupamiento.
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I. INTRODUCTION

The timely identification and resolution of failures in power distribution systems are a 
priority for energy service providers. This is not only due to their impact on quality indicators 
but also because of customer satisfaction, as end users are affected by service continuity 
interruptions. These aspects are crucial, as they contribute to ensuring the availability of an 
efficient energy supply, encouraging the implementation of measures to prevent disruptions, 
and promoting market liberalization to support free competition. Additionally, these factors 
facilitate the establishment of criteria for approving energy sales agreements between electric 
utilities and large consumers [1].

The Energy and Gas Regulatory Commission (CREG) and the Superintendence of Public 
Utilities (SSPD) have established energy service quality indicators to monitor and enforce 
compliance with quality standards. Through Resolution 070 of 1998, CREG introduced the 
DES (Equivalent Duration of Service Interruptions) and FES (Equivalent Frequency of 
Service Interruptions) indicators, which were the first quality metrics related to the number of 
interruptions occurring in a circuit and the average duration of service outages per customer. 
Moreover, fault detection and diagnosis facilitate faster system restoration, thereby reducing 
service discontinuity times. The determination of these indices enables the establishment of 
limits for network operators and customers, who, if non-compliant, are required to provide 
compensation [2].

In 2016, the SSPD conducted an analysis of the DES and FES indicators for 19 distribution 
companies covering 97% of the national demand. The study revealed significant regional 
differences across Colombia, with 40% of energy service providers exceeding the average 
DES. According to the DES indicator, 31.21% of the total duration is attributed to the 
departments of the Caribbean Region, Cundinamarca, Nariño, Caquetá, Tolima, and Chocó, 
where users experience an average of 74 cumulative hours of outages per year. This means 
that customers within this percentage endure approximately three days without electricity 
annually. Regarding the FES indicator, areas with values equal to or below 20 hours include 
Bogotá and parts of Valle del Cauca, covering 21.5% of the national demand. Santander, Norte 
de Santander, Antioquia, Caldas, Risaralda, Quindío, Cauca, and certain areas of Valle del 
Cauca fall within the 21 to 50-hour range, accounting for 42.2%. The remaining departments 
report an FES exceeding 50 hours, covering 33.1% of the national demand [3].

In 2019, a report on the quality of electricity service in Colombia, based on an assessment 
conducted by the SSPD in 2018, was presented. The report highlighted that ELECTRICARIBE 
S.A. E.S.P. served 18% of the country’s users, representing approximately 2.3 million people. 
These users recorded the lowest service continuity indicator nationwide, with the poorest 
performance in every quality group analyzed compared to other Network Operators (OR). 
Furthermore, users in quality groups 2 and 3, representing around 590,000 customers, 
experienced a System Average Interruption Duration Index (SAIDI) nearly twice the national 
average. The company reported a SAIDI exceeding 108.2 hours, equivalent to 4 days and 12 
hours without electricity, marking a slight improvement from the 112.8 hours recorded in 2017. 
Regarding the System Average Interruption Frequency Index (SAIFI), ELECTRICARIBE 
registered a value of 104.8 interruptions per user, more than double the national average of 
48 interruptions per year [4].

The aforementioned situation is alarming regarding the quality of the service provided, 
as a reliable electricity supply is essential for most activities, including daily, domestic, and 
industrial operations. Moreover, electronic and electrical devices are increasingly susceptible 
to variations in power supply factors, which must meet specific reliability criteria [5].

Network Operators submit reports to the Unique Information System (SUI), which are 
used to calculate quality indicators. Service interruptions are recorded in databases of 
power distribution systems, making them a crucial subject of study for identifying failure 
characteristics through algorithmic analysis. The grouping of data sets is particularly 
relevant, as it enables a better understanding of the behavior of a population when only a 
sample of its components is available.

In power distribution systems, three-phase, two-phase, and single-phase connections can 
be found. Most medium-voltage networks are three-phase, although two-phase configurations 
are sometimes present in rural areas. However, at low-voltage levels, various types of 
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connections exist, with most residential loads being single-phase. Another key characteristic 
of these systems is the presence of diverse load types, including residential, commercial, 
industrial, and agro-industrial loads. Each of these has a typical power factor and specific 
behavior influenced by voltage and temperature variations. The most common causes of 
power losses include Joule losses, conductor and distribution transformer winding heating, 
hysteresis losses, eddy currents, and, notably, short-circuit faults [6]. For this reason, this 
study simulated different types of short-circuit faults, including single-phase, two-phase, and 
three-phase faults.

Among the alternatives used to prevent a power outage or blackout is load reduction, which 
involves voluntarily decreasing the supply voltage for a duration ranging from minutes to 
hours. These situations occur when the system is heavily loaded and lacks sufficient reserves 
to meet the energy demand. Such high demands can arise due to an abnormal load increase, 
often triggered by extreme weather conditions or the loss of a critical component, such as a 
transformer or a power line, due to a fault [7].

Techniques used for fault location in distribution systems must consider various 
characteristics, such as radial topology, extensive network branching, the presence of 
intermediate loads, and conductors with different gauges, among others. Traditional methods, 
such as impedance-based approaches, perform measurements at a single terminal. However, 
in highly branched networks, these methods can result in multiple possible fault locations, 
as the equivalent impedance may be the same at different nodes. Consequently, while these 
methods can estimate the distance to the fault, its exact location remains uncertain due to 
identical equivalent impedances in multiple branches. Additionally, these methods require 
highly accurate models of line and load characteristics [8].

An alternative approach to understanding fault behavior is through the development of 
clustering algorithms. Among parametric clustering methods, distribution mixture models 
stand out, as they allow for the modeling of probability density functions of datasets. In model-
based clustering, mixture models with multivariate components are commonly used, often 
refined through probability-maximizing processes, such as the Expectation-Maximization 
(EM) algorithm [9]. With advancements in Monte Carlo sampling techniques, mixture models 
have gained popularity across various fields, including machine learning, biomedicine, and 
pattern recognition, among others [10].

The EM algorithm requires initial variables, which can be obtained from clustering 
algorithms such as k-means and initialized using the values obtained [11]. Among traditional 
clustering algorithms, such as k-means and spectral clustering, prior knowledge of the 
number of clusters is required, which can impact clustering performance [12]. Most clustering 
algorithms rely on assumptions to define the subgroups within a dataset. Consequently, 
the representation of clusters requires validation processes, which must address complex 
challenges such as cluster quality, the optimal number of clusters, and the level at which a 
dataset is established [13]. 

Among the tools used to address these challenges is the Calinski-Harabasz index, 
which helps determine the optimal number of clusters and improves the efficiency of the 
methodology. This cluster validity index is calculated for different data partitions, with the 
optimal partition corresponding to the highest index value [14].

Consequently, this research developed a methodology to determine the most probable 
fault location in a power distribution system by applying the k-means algorithm and the 
Gaussian Mixture Model (GMM) based on the EM algorithm. This approach serves as an 
effective tool, providing an accessible and easily implementable alternative that can help 
formulate strategies aimed at enhancing reliability and reducing restoration times in power 
distribution systems.

II. LITERATURE REVIEW

This section is divided into two parts: the first presents the state of the art on fault location 
methods in power distribution systems, and the second discusses the application of clustering 
algorithms in various fields.
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A. Fault location methods
Among the methods used for fault location are impedance-based methods and other 

approaches based on fundamental frequency components. These methods are employed to 
calculate the fault distance from the primary distribution bus, which is estimated through an 
impedance-dependent method. To apply this approach, voltage and current values measured 
at the line terminals are required [15].

In [16], mathematical models were utilized to determine impedance values up to the fault 
point, enabling the estimation of fault distance for any distribution line. To validate this 
approach, a 132/33 kV secondary transmission substation was implemented in Nigeria, 
equipped with two 132/33 kVA, 60 MVA power transformers. Fault currents were extracted, 
and the maximum trip time required for protection devices was defined, facilitating the 
selection of the optimal relay and circuit breaker to ensure effective system operation before 
faults occur.

Using MATLAB software, the researchers in [17] simulated an 11-node feeder, analyzing 
the susceptibility of the method to different types of faults based on fault distance, resistance, 
and fault inception angles. The authors proposed an impedance-based alternative for locating 
faults in power distribution networks in the presence of distributed photovoltaic generation 
resources. Voltage and current measurements at the feeder and distributed generation 
terminals, combined with the Pi line model, were utilized to improve accuracy.

In [18], alternatives were presented for locating single-phase faults in power distribution 
systems with distributed generation by applying impedance-based methods. The study 
analyzed the influence of parameters such as the magnitude of distributed generation, fault 
impedance, and its relative position. In [19], reactance graphs were used for fault location 
in distribution systems. These graphs are defined by calculating a distance that depends on 
voltage and current values during fault and pre-fault conditions. This method requires the 
series impedance of the line in each section, as well as the fundamental component of voltage 
and current.

The authors in [20] implemented a fault location method based on impedance estimation, 
considering the effects of distributed generation and variations in load current according 
to voltage and current measurements from generation centers. The approach was tested 
using fault resistances ranging from 0 to 40 ohms and a distributed generation contribution 
of 5%–50%, simulating different types of single-phase, two-phase, and three-phase faults. 
Other methods include knowledge-based approaches, classified into three groups: artificial 
intelligence and statistical data analysis methods, distributed device-based methods, and 
hybrid methods.

In [21], an algorithm was developed in MATLAB for fault detection and classification due 
to short circuits, implemented in a modified IEEE 34-bus system simulated in ATPDraw. 
The simulations were conducted considering three scenarios, with and without distributed 
generation units. Additionally, the study considered factors such as fault type, incidence 
angle, and fault resistance. This method consists of two stages: detection and classification. 
In the detection stage, three-phase currents were analyzed, extracting their characteristics 
using the discrete wavelet transform with maximum overlap. During classification, the faulty 
phases were identified using three fuzzy inference systems (FIS). The results showed that 
the algorithm was highly effective, achieving a fault detection accuracy of over 94.9% and a 
classification accuracy of 100%.

In [22], the k-means algorithm was implemented in MATLAB/Simulink to detect, classify, 
and locate faults in the power system of the IEEE 14-bus test network. A matrix was used 
to record data under normal operation, in the presence of faults, and for testing. These 
datasets were compared, and the k-means algorithm was applied for classification. When 
a fault occurred, the algorithm identified the most similar row in the training data matrix, 
determining the type and location of the fault based on the known faults for each bus. If 
no fault was detected in the input row, the classifier operated normally, with the first row 
representing a fault-free state.

In [23], the authors used the discrete wavelet transform (DWT) combined with artificial 
neural networks (ANNs) to propose a method for determining the fault section and its location 
in power distribution systems. The tests were conducted using an IEEE 34-bus test feeder. 
The DWT was applied to analyze and extract the characteristics of transient signals observed 



Castillo-Acosta, Robles-Algarín & Camargo-Ariza / INGE CUC, vol 21 no. 1, pp. 115-130. Janury- June, 
2025

119

in the fault from the three-phase line current measurement at a single point. Artificial neural 
networks were employed to classify and predict the fault section and location, using entropy 
indices obtained from the decomposition of the discrete wavelet transform as input features.

Finally, in [24], the authors presented a solution to the problem of service continuity by 
applying knowledge-based methods using the k-means algorithm and the finite mixture 
technique. A mathematical model was developed based on the magnitude of voltage sags 
occurring during faults in a 25 kV power distribution system. By defining characteristic 
groups, the information was optimized, ensuring greater accuracy in the model. 

This literature review highlights the significance of the problem addressed in this research 
regarding fault detection in power distribution systems. It demonstrates the interest of 
various researchers in proposing solutions based on different techniques, with clustering 
algorithms standing out among them. 

B. Data characterization by clustering
Clustering is a data reduction process in which individuals are grouped, in contrast to 

principal component analysis or canonical analysis, where reduction consists of variable 
combinations. Therefore, clustering can be defined as the generation of a classification or 
typology of elements [25]. The applications of the k-means algorithm range from astronomy 
to bioinformatics, bibliometrics, and pattern recognition. In [26], text mining techniques and 
the k-means algorithm were used to generate groups of similar news article headlines. The 
extraction of news headlines and links from different sources was performed using an XML 
file.

The authors in [27] applied multicriteria decision-making methods along with clustering 
algorithms for financial risk analysis, using clustering validity indices on credit risk and 
bankruptcy information sets. Multi-objective discrete particle swarm optimization methods 
have also been implemented to address the network clustering problem by adopting a 
decomposition mechanism and introducing a population initialization algorithm. In this 
regard, researchers in [28] implemented clustering algorithms for high-dimensional data, 
employing k-d random forests and the priority search k-means tree, as well as an algorithm 
for matching binary features through the search of multiple hierarchical clustering trees.

The researchers in [29] developed a statistical model to estimate the proportions of genomic 
choices in a diverse population by applying the EM algorithm and next-generation sequencing 
data. Their objective was to better understand mutation distributions and the behavior of 
subpopulations within bacterial populations. This approach allowed the authors to assess the 
progression of antibiotic resistance and the alteration of resistance genes within populations.

Another application of the EM algorithm is in the field of oncology, as demonstrated in 
the study conducted in [30], where classical survival estimators were determined, and the 
relationship between COVID-19 and cancer-related deaths was analyzed. The researchers 
developed an algorithmic method that incorporates COVID-19-related deaths into the observed 
data. Additionally, the k-means and Gaussian Mixture Model-Expectation Maximization 
algorithms have been used to segment brain lesion areas in magnetic resonance imaging, 
utilizing lesion segmentation data from ischemic stroke patients [31]. These studies highlight 
the significance of clustering algorithms and their application across various fields of 
knowledge.

III. METHODOLOGY

In the first phase, the database was generated with short-circuit current values at different 
percentage distances from the fault point using a simulation tool, in this case, Neplan version 
5.5 [32], which was used to design the distribution system. Various simulations of single-
phase, two-phase, and three-phase short circuits were executed, and the information from 
each was extracted. 

In the second phase, the number of clusters was determined using the Calinski-Harabasz 
index, with support from the Python programming language to obtain optimal data. This 
index evaluates the degree of dispersion between clusters, being directly proportional to the 
covariance between clusters and inversely proportional to the intra-cluster covariance, as 
defined in equations 1, 2, and 3.
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 (1)

 (2)

 (3)

Where:
ci: number of clusters
α: average distance of sample i to other samples in the group
A(k): covariance between clusters
D(k): intra-cluster covariance
CH: Calinski-Harabasz index
N: number of samples

The higher A(k), the greater the dispersion between groups, and the smaller D(k), the 
stronger the relationship between clusters. The higher this ratio, the greater the value of the 
Calinski-Harabasz index.

In the third phase, characteristic zones and homogeneity relationships of short-circuit 
currents were generated based on voltage drops, short-circuit currents, and selected distances 
in the tests using the k-means algorithm, considering the following: 

Given an initial set of centroids c1
(1), …, ck

(1), the algorithm is represented in two stages:
Assignment: Each data point is assigned to the group with the closest mean, as defined in 

Equation 4.

 (4)

Where:
Gi = Group i
xp = Set of observations
ci = Number of centroids i.
Update: Calculation of the new centroids, as defined in Equation 5.

 (5)

In the fourth phase, the GMM algorithm was implemented based on the EM algorithm 
to estimate parameters such as the mean and covariance of the generated groups, with the 
support of the Python programming language.

In the final phase, an approximation of the probability density function of each cluster 
was established to determine the most probable fault zone, resulting in the probability of 
belonging to each one. These algorithms consider the following:

 (6)

Where:
P = probability of an object belonging to each cluster
μ = mean of the objects in the cluster
σ = standard deviation
π = probability of belonging to a cluster
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The goal is to determine the probability of belonging to a cluster, defined by Equation 6.

 (7)

Where P(C|π) is a constant value: P(c=│π1 ), (P(c=2│π2 )… P(c=k│πK). Thus, Equations 6 
and 7 are simplified into Equation 8.

 (8)

Applying the probability density function of a normal distribution, the summation of the 
probabilities of an object belonging to a cluster is expressed by Equations 9 and 10.

 (9)

 (10)

Representing Equation 11, the highest probability of belonging to a cluster.

 (11)

Knowing the parameters of the distributions and the probability π of belonging to a cluster, 
each object is assigned to the one with the highest probability of membership.

 (12)

Finally, the parameters μ, π, and σ are calculated according to equations 13, 14, and 15.

 (13)

 (14)

 (15)

IV. RESULTS

In Fig 1, the medium-voltage distribution system operating at 34.5 kV and 0.44 kV, which 
was implemented in this research, is shown. This system consists of a source or network 
equivalent (F-17) with a capacity of 477.03 MVA and two three-winding transformers rated 
at 34.5/0.44 kV. From the secondary windings of these transformers, two lines extend from 
each, with a total of 15 connected loads.
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Fig 1. Single-line diagram of the 34.5 kV power distribution system. Source: Authors

Table 1 presents the parameters of line L719, including apparent, active, and reactive 
power, as well as current and power factor.

TABLE 1. ELECTRICAL PARAMETERS OF THE LOADS ON LINE L719

Load Apparent Power 
(KVA)

Active Power 
(KW)

Reactive Power 
(kVAr)

Current 
(kA) Power Factor

8 0.049 0.037 0.032 0.062 0.75
9 0.111 0.083 0.073 0.141 0.75

10 0.011 0.009 0.008 0.015 0.75
11 0.122 0.091 0.081 0.156 0.75

Source: Authors

Table 2 records the parameters of line L418, including apparent, active, and reactive power, 
as well as current and power factor.

TABLE 2. ELECTRICAL PARAMETERS OF THE LOADS ON LINE L418

Load
Apparent 

Power
(KVA)

Active Power 
(KW)

Reactive 
Power (kVAr) Current (kA) Power 

Factor

12 0.022 0.017 0.015 0.028 0.75
13 0.076 0.057 0.050 0.097 0.75
14 0.046 0.034 0.030 0.058 0.75
15 0.046 0.034 0.030 0.058 0.75

Source: Authors

The faults were executed on lines L1, L229, L357, L419, and L719, which were subjected 
to simulations to obtain the short-circuit fault current at different distance percentages. The 
distances ranged from 2% to 98% since the software does not allow simulations from 0% to 
100%. The short-circuit mode was used to simulate single-phase, two-phase, and three-phase 
faults, selecting the fault type as shown in Fig 2. It is worth mentioning that the calculation 
method used was IEC60909:2001.
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Fig 2. Fault type selection. Source: Authors

When extracting the results from each simulation, the nominal voltage, line-to-ground 
fault voltage, line-to-ground fault voltage angle, short-circuit current (Ik”), and short-circuit 
current angle for each line were obtained. However, only the percentage distance and short-
circuit current were used in this study, as the other variables did not exhibit variations 
significant enough to describe the behavior of the lines under fault conditions for clustering 
modeling. Once this database was extracted, it was subjected to the generation of random 
values based on its characteristics for subsequent processing and clustering formation. 

Table 3 presents the single-phase fault short-circuit currents obtained from the simulations. 
The complete database and Python codes are available in the GitLab repository at the following 
link: https://gitlab.com/daniela-castillo/extraccion-de-bd-de-fallas-por-cortocircuito. 

TABLE 3. SAMPLE OF SINGLE-PHASE FAULT SHORT-CIRCUIT CURRENTS
Distance (%) Ik” (kA)

2 50.9
2 33.5
4 50.5
4 32.4
4 32.0
6 50.1
6 31.4

Source: Authors

Table 4 presents some of the short-circuit current values for two-phase faults extracted from 
the simulations. The complete dataset is available in the previously mentioned repository, 
along with the results of the three-phase fault simulations.

TABLE 4. SHORT-CIRCUIT CURRENTS FOR TWO-PHASE FAULTS
Distance (%) Ik” (kA)

2 43.0
2 43.0
2 32.8
4 42.7
4 42.7
4 32.1
6 42.5
6 42.5
6 31.5

Source: Authors

https://gitlab.com/daniela-castillo/extraccion-de-bd-de-fallas-por-cortocircuito
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These data were uploaded to a Google Colab notebook [33], and the reading process was 
performed using Python. After extracting the data, the optimal number of clusters was 
determined using the Calinski-Harabasz criterion to optimize the classification algorithm, as 
the k-means algorithm requires this value to be specified, either through visual inspection or 
based on the analyst’s decision. Fig 3 shows the result of applying this criterion to the data 
extracted from single-phase faults, indicating that two clusters should be selected. The same 
result was obtained for two-phase and three-phase faults.

Once the number of clusters for each fault type was determined, the centroids were 
initialized at random points. The distance of each point to the centroid was calculated, 
and the points were grouped with the nearest centroid. Subsequently, the centroids were 
recalculated iteratively until they stabilized as the centers of each cluster. Fig 4 shows the 
result of applying the k-means algorithm, where two fault zones are defined. These zones 
exhibit low data dispersion until reaching a certain distance.

For all three types of faults, the formation of two potential fault zones was observed. Upon 
reviewing the single-line diagram, it was identified that lines L1, L229, L719, and L418 are 
located below a node positioned after the transformers. According to Kirchhoff’s circuit law, the 
current passing through this node splits into two paths, reducing its magnitude compared to 
the current flowing through line L357. In the same figure, point (2;34) is plotted, representing 
data from a fault occurring in line L357. When applying the clustering algorithm, the highest 
probability of belonging is assigned to zone one, validating the accuracy of the algorithm.

Fig 3. Calinski-Harabasz index applied to single-phase short-circuit faults. Source: Authors

Fig 4. Application of the k-means algorithm to the extracted data from single-phase faults. Source: Authors
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Once the k-means algorithm was implemented, the GMM algorithm based on the EM 
algorithm was implemented to obtain the covariance and mean values for each centroid. 
These are key parameters in mixture models and the estimation of the probability density 
function for cluster membership. As a final result, the probability of belonging to each cluster 
was generated.

Table 5 presents the results of applying these algorithms, where the means or centroids 
are located at coordinates (18.600; 28.919) and (68.149; 25.109). This means that data points 
closer to one of these centroids will belong to that cluster. Based on the covariance values, 
the variability range for the first cluster in terms of distance percentages (represented by x) 
extends from 159.29 to 33.66, while for the second cluster, it ranges from 33.66 to 84.08.

Regarding short-circuit currents, the range for the first cluster is from 285.07 to -2.96, 
while for the second, it extends from -2.96 to 87.21. In terms of probabilities, the second 
cluster exhibits a higher probability, indicating that, based on the extracted data, faults are 
more likely to occur in zone two. However, the probability difference between both zones is 
minimal, with only a 0.994847% difference. This is expected since the current values used in 
the simulation do not vary significantly from one zone to another due to the system’s voltage 
level.

TABLE 5. RESULTS OF THE GMM-EM ALGORITHM IMPLEMENTATION
Cluster 1 Cluster 2

Centroids (18.60035532; 28.91901509) (68.1491318; 25.10959859)
Probabilities 0.45025765 0.54974235

      Covariance
Distance (%) 159.2908293 33.66178475 33.66178475 84.08520891

Ik” (kA) 285.0738741 -2.96782379 -2.96782379 87.2189548
Source: Authors

In Fig 5, the graphical representation of the application of the GMM algorithm based on 
EM is shown. It can be observed that the largest volume of data is in zone two, represented 
by the yellow color, where both zones are delimited by distance ranges. In a test conducted by 
locating a point based on a fault occurring on line L357, it was correctly placed in zone one.

Fig 5. Graphical representation of the application of the GMM-EM algorithm. Source: Authors

A validation of the algorithms was performed using the data extracted from the initial 
simulations, and different points were located using the same dataset from the development. 
A sample of this validation is presented in Table 6 for single-phase faults occurring in zone 
one, with four test cases.
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TABLE 6. SAMPLE OF SHORT-CIRCUIT CURRENTS IN SINGLE-PHASE FAULTS
Coordinates Results
(30; 45.367) Located in Zone 1
(44; 42.852) Located in Zone 1
(54; 41.168) Dispersion identified, assigned to Zone 2
(88; 36.117) Located in Zone 2

Source: Authors

In Fig 6, the results of the tests performed on single-phase short-circuit faults are shown. 
In Fig 6(a), the fault is correctly located at point (30; 45.367), meaning it is closer to the 
centroid of Zone 1. Similarly, in Fig 6(b), the fault is also correctly positioned at point (44; 
42.852), which is closer to the centroid of Zone 1. Finally, in cases where the fault approaches 
the distance ranges belonging to the other zone, these faults are incorrectly assigned, as 
observed in Fig 6(c) and Fig 6(d) at points (54; 41.168) and (88; 36.117). This misclassification 
is due to the voltage levels used and the limitations in implementing greater variations in 
current between zones.

Fig 6. Results for single-phase short-circuit faults. Source: Authors

In [34], a methodology was developed to determine fault zones using a statistical model 
based on voltage sag databases. The authors used a database containing different short-
circuit fault cases by varying the fault resistance between 0 and 50Ω. They grouped the 
maximum sag values in the phases of a three-phase system using the k-means algorithm. 
The classification process involved several steps: first, identifying the faulty phase; second, 
determining the fault resistance value, which allowed for the creation of scenarios grouping 
resistance values into specific ranges; and third, locating the fault by applying a mixture 
model and comparing them.

In [35], the system was divided into zones, first by branch and then into smaller sub-zones. 
Data acquisition incorporated both real and simulated fault histories, extracting descriptors 
from the RMS values of phase voltages and currents, with labels assigned according to the 
corresponding zone. Support vector machines were applied, initially analyzing behavior with 
four zones and gradually increasing to ten. The process continued with further subdivisions 
until results no longer aligned with previous iterations. Unlike the approach in this work, no 
comparison was made between different zone configurations; instead, the number of zones 
was determined using the Calinski-Harabasz index. Additionally, fault location relied on 

(a) (b)

(c) (d)
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support vector machines, as no probability density assumptions were required. In contrast, 
the present study determines fault location based on the probability of belonging to each 
zone.

In [36], a methodology was developed using variations in the root mean square values of 
current, voltage, apparent power, and reactance before and during the fault as input data, 
considering fault resistances ranging from 0.5 to 40Ω. The Chu-Beasley genetic algorithm 
was applied to select the optimal parameterization during the configuration of the K-NN-
based classifier. A class was assigned to each training data point according to the zone, which 
was generated using the Matlab and ATP simulation tools. The authors implemented the 
classification algorithm to identify the fault zone, and once determined, they selected an 
equivalent branch to estimate the distance to the fault. With this information, the fault 
location was obtained by analyzing the responses of example-based learning methods and 
fault reactance estimation.

Later, in [37], a methodology was developed for fault location in distribution systems, 
but instead of using distances to the fault zone, it considered variations in loads, substation 
voltages, and line lengths. However, it shared the approach of defining zones and node 
distances for database construction. The same clustering algorithm used in the previous 
work was implemented to estimate the fault occurrence distance. Additionally, the “Boosting” 
classification method was implemented to determine the fault zone. Unlike the methodology 
presented in this work, zone classification was performed using an unsupervised learning 
algorithm such as k-means, along with a Gaussian mixture model based on the expectation-
maximization algorithm to establish the probability of zone membership.

In [38], a methodology was proposed for fault location in a distribution system based on 
evaluating the phases followed by the maintenance operator handling the event and proposing 
solutions. During the identification or segmentation process, current and voltage values were 
used to determine fault states by comparing them with events exhibiting specific waveform 
patterns. A metaheuristic optimization method was applied to compare calculated values 
with those obtained from industrial distribution system simulations. Finally, the causes of 
faults were characterized to classify them.

Unlike the previously mentioned methodologies, in this work, the number of zones is 
determined using the Calinski-Harabasz index, ensuring an optimal number of fault zones. No 
comparisons are made by varying the number of zones or directly modifying fault resistances. 
However, like other works, this study involves extracting variables that enable zone labeling 
based on their characteristics. In some cases, supervised learning classification algorithms 
were used, but zone estimations were performed through data analysis.

V. CONCLUSIONS

With the application of the k-means and GMM algorithms, it is possible to identify potential 
fault zones based on the data extracted from the tests. Although a single fault zone is not 
explicitly determined, since the algorithms perform estimations based on the processed data, 
these tools still support decision-making based on the obtained estimations. The variation in 
the distance percentages to the fault line helps identify possible fault zones. However, greater 
accuracy could be achieved if the software allowed for the variation of additional parameters 
to model a larger number of clusters with more precise characteristics.

The implementation of the Calinski-Harabasz algorithm allowed for determining a 
different number of groups than initially estimated through visual inspection. However, 
after its implementation, it became clear why this number was chosen, considering that 
only short-circuit distance and current values were used, with no significant variations 
between zones. The proposed methodology achieved its main objective: detecting potential 
fault-affected zones in a medium-voltage power distribution system. By applying machine 
learning techniques, it was possible to identify fault zones and infer that this approach could 
be extended to higher-voltage distribution systems. However, the grouping and behavior of 
the lines in such systems could result in a greater number of fault zones.

As future work, it is proposed to simulate a higher voltage substation (115 kV), which is 
expected to provide a wider range of short-circuit fault currents for testing and comparison. 
The applied methodology successfully identified the zone with the highest probability of 
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failure based on current and distance percentage. However, further studies could focus on 
predictive algorithms applicable to this case, enabling fault zone prediction using only current 
measurements.
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