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Abstract: Energy supply interruptions or blackouts caused by faults in power distribution feeders
entail several damages to power utilities and consumer units: financial losses, damage to power
distribution reliability, power quality deterioration, etc. Most studies in the specialized literature
concerning faults in power distribution systems present methodologies for detecting, classifying, and
locating faults after their occurrence. In contrast, the main aim of this study is to prevent faults by
estimating the city regions whose power grid is most vulnerable to them. In this sense, this work
incorporates a geographical-space study via a spatial data analysis using the local variable electrical
discharge density that can increase fault risks. A geographically weighted spatial analysis is applied
to data aggregated by regions to produce thematic maps with the city regions whose feeders are
more vulnerable to failures. The spatial data analysis is implemented in QGIS and R programming
environments. It is applied to the real data of faults in distribution power grid transformers and
electrical discharges in a medium-sized city with approximately 200,000 inhabitants. In this study,
we highlight a moderate positive correlation between electrical discharge density and the percentage
of faults in transformers by regions in the central and western areas of the city under study.

Keywords: power distribution systems (PDS); spatial data analysis (SDA); steady-state fault

1. Introduction

Energy supply interruptions (ESIs) or faults are events associated with the operational
process of power distribution systems (PDSs) [1]. They are classified into two categories:
temporary and permanent. Transient faults occur in a very short time (in the order of
milliseconds). After this, a PDS is automatically restored. On the other hand, there is no
electrical system restoration in the occurrence of a permanent fault. In this case, the PDS
returns to its nominal operating conditions after the fault location and removal [2].

An ESI causes substantial financial losses for power utilities and consumer units (CU)
that share the same distribution power grid. In this sense, electrical discharges represent
a relevant cause of an ESI; furthermore, they are associated with damage to electrical
equipment [3]. With the energy market’s development, an energy supply with good
quality and reliability become a relevant factor for power grid operators [4]. Thus, an ESI
depreciates the PDS indices of quality and reliability [5], where fault events represent 80%
to 90% of the times without energy supply to CUs [6].

In this context, there are several factors associated with ESIs: (i) adverse weather con-
ditions, (ii) fires, (iii) tree vegetation close to the overhead power distribution, (iv) human
failures, and (v) equipment failures (due to manufacturing defect, lack of maintenance, or
obsolescence) [2,7].

The National Electrical System Operator (ONS) presented a statistical report of the
main factors responsible for faults in Brazilian power grids, as shown in Table 1. Adverse

Energies 2023, 16, 7790. https://doi.org/10.3390/en16237790 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en16237790
https://doi.org/10.3390/en16237790
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0003-4785-3142
https://orcid.org/0000-0001-7540-6572
https://doi.org/10.3390/en16237790
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en16237790?type=check_update&version=1


Energies 2023, 16, 7790 2 of 19

weather conditions such as electrical discharges, heavy rains, storms, and wind gusts are
the main ESI causes, with approximately 30% participation [7].

Table 1. Main causes of disturbances in Brazilian power grids.

Fault Reasons
Number of Annual Faults

2020 % 2021 % 2022 %

Adverse Weather Conditions 708 29.75% 704 29.82% 743 35.01%
Fires 587 24.66% 633 26.81% 250 11.80%

Equipment Failures 144 6.05% 167 7.10% 127 6.00%
Tree Vegetation 135 5.67% 87 3.70% 97 4.60%
Human Failures 109 4.58% 141 6.00% 136 6.41%

Additionally, Table 1 shows the reasons associated with ESI, representing an average
among Brazilian cities. In this sense, consider a town on the northeast coast of Brazil, where
wind gusts are the main reason for faults in distribution feeders. Meanwhile, they are not
associated with ESIs for another city in the central region with different weather conditions
such as those of coastal towns. Therefore, various factors cause ESIs in other areas. Thus,
incorporating spatial data analysis (SDA) helps understand which factors are relevant to a
city region becoming more vulnerable to ESIs.

To the best of the authors’ knowledge, most studies in the specialized literature
prioritize fault detection and location after their occurrence. For example, in [8–12], fault
detection and classification were performed considering various fault scenarios. On the
other hand, estimating regions in which the power grid distribution is more vulnerable to
failures provides crucial information for planning measures to avoid inconveniences and
additional costs arising after steady-state faults occur.

Reducing the time of ESIs is essential for improving the power quality in a PDS [13].
In this context, estimating regions vulnerable to failures assists in decision-making and
identifying critical areas that must be prioritized for replacing damaged equipment. Thus,
power supply with more excellent quality and reliability is ensured.

In this sense, this study aims to incorporate the analysis of geographic space for
estimating city regions whose utility grid is more vulnerable to failures. It is assumed that
some local factors or variables interfere with the utility grid, making it more vulnerable to
failures. These local factors or variables are shown in Table 1: adverse weather conditions
such as electrical discharges, tree vegetation, and fires.

In this context, geographic information systems (GISs) are essential to an SDA for esti-
mating regions vulnerable to faults. They are used in managing, planning, and controlling
power grids. They comprise geoprocessing tools for collecting, storing, analyzing, and
displaying geographic data. A GIS application enables power grid visualization, which is
affected by local factors that belong to the region where it is located, as well as other power
utility assets, such as substations, transformers, and protection equipment [14,15].

According to [16], the first step in an SDA is to perform an exploratory analysis of
spatial or georeferenced data. An exploratory analysis consists of the graphical representa-
tion of data available on thematic maps or heat maps and the incorporation of descriptive
statistics metrics considering the geographic space.

Thus, this study performs a geographically weighted exploratory analysis (GWEA)
on geographic data from a Brazilian city. Crucial for this study are the georeferenced
data and the weighting matrix. In the former, georeferenced data are those whose geo-
graphical coordinates of the phenomenon under investigation are known. In the latter, the
weighting matrix represents the urban zone’s neighborhood structure because it allows for
characterizing the influence among small regions or census tracts (CTs).

Therefore, the first step of an SDA with aggregated data in small regions or CTs
is performed in this study: GWEA. It is performed based on a local factor or variable
frequently associated with faults in a PDS: electrical discharges. It is determined whether
these local variables become the utility grid in some city regions more vulnerable to failures.
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Therefore, GWEA is applied to data aggregated by small areas or CTs to produce thematic
maps with the city regions whose feeders are more susceptible to failures.

1.1. Literature Review

A fault incidence matrix method was introduced in [4] to evaluate the reliability of a
medium voltage distribution grid. The authors presented a reliability calculation unit called
M-Segment-N-tie-switch (MSNT), which included several distribution grid structures; thus,
the method became applicable for different systems’ operating conditions. Each MSNT was
associated with a matrix of a power supply path obtained by inversing the node branch
incidence matrix. Subsequently, it was used to obtain the fault incidence matrix. The
reliability indices for each system load were calculated, where the fault incidence matrix
and the vectors of fault events’ characteristics were applied. The technique improved the
reliability efficiency, as it avoided some procedures such as the fault events enumeration
and the repetitive search for the fault influence range. Furthermore, the technique is
intuitive and enables a sensitivity analysis and system vulnerability identification.

In [17], a GIS-based tool for spatial analysis in a PDS was presented. The authors
applied spatial analysis techniques such as inverse distance weighting, slope, and contour
maps. The load flow results were the input data for the ArcGIS, where several maps
were produced to analyze the dynamic behavior of the PDS. The results showed that any
disturbances occurring in the PDS were detected and controlled in real-time through the
GIS application.

Chen and Kezunovic [18] proposed a fuzzy logic-based tool for the predictive anal-
ysis of ESIs. The authors highlighted the extreme climate impacts and their risk to the
electrical system’s operation. Fuzzy logic was introduced to process weather informa-
tion. Wind speeds and gusts were input parameters, whereas the fuzzy inference system
provides an alert level as the output. A risk map was produced from the vulnerability
results and processed using GIS. The risk results were shown as power-cut probability
maps. Weather forecasts and operational data belonging to the system improved the
decision-making process.

In [5], a data mining-based tool was proposed to determine fault probabilities. The
technique was based on the Naive Bayes model, incorporating weather information, assets,
and outage history. Feeder sections were classified according to their fault probability
using GIS.

Zhou et al. [1] presented a methodology for assessing and managing fault risks in
PDSs with distributed generation units. An island partitioning strategy was proposed to
improve accuracy and speed in the evaluation process. The best management strategy was
calculated by applying an improved genetic algorithm.

Monte Carlo simulation (MCS) was introduced by Goerdin, Smit, and Mehairjan [19]
for fault risk analysis in PDSs. A decision-making framework based on fault risk was built
from the MCS results to guide asset management processes. The study performed fault
predictions with a focus on medium-voltage cables and failures in cable joints.

Muñoz and García [20] presented a GIS-based tool for analyzing the impacts of floods
on a PDS. The technique applies a flood risk analysis and the calculation of reliability
indices for PDSs.

In [21], a strategy for analyzing the vulnerability of geographically correlated faults
was proposed. The authors introduced a DC power flow and a cascade fault model. The
detection of areas most vulnerable to faults was performed through the application of a
network survival analysis using data obtained via GIS.

A study of impacts on energy supply was presented in [22]. The authors introduced
an analysis of extreme weather events that directly affect Indonesia’s electrical system.
In this sense, electrical discharges represent an essential cause of ESIs in high-voltage
transmission lines.

A method for forecasting vulnerability to faults in PDSs was proposed in [23]. Piping
and cables on the verge of failure were identified. The authors applied geospatial data,
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georeferenced faults clustering, and machine learning. The system components were
classified according to the number of failures attributed to them. In this way, a ranking list
was created where equipment with a high probability of failure occupied the first places.

An automatic system for locating faults in a PDS was presented by Albasri et al. [24].
The technique was based on a smart meter implementation. A GIS was applied to display
the fault location on maps. The voltage sag method was selected to determine the fault
location, where a correlation was found between the fault location and the voltage sag at
the measurement points. This provided a reduction in the search area for a segment of the
feeder with the anomaly.

In [25], an intelligent system for electrical grid monitoring was proposed based on
the Internet of Things (IoT) and GIS. The fault state was determined via sensors whose
objective was to collect current changes in the PDS. The technique combines information
about faults, which is transmitted to the information center using ZigBee technology. A
GIS was applied to obtain the disturbance’s geographic location.

Finally, Chen et al. [26] presented a predictive method for managing interruptions
in a PDS caused by wind gusts and tree vegetation. A GIS-based tool was introduced to
correlate power system data with different climate data layers. Maps with areas vulnerable
to faults caused by wind gusts and tree vegetation were presented.

1.2. Contributions

This study presents a method for estimating regions vulnerable to faults. The high-
lights of the proposed approach are described below.

(1) Incorporation of a geographic space to estimate regions vulnerable to failures in a
PDS. Previous estimations of areas vulnerable to faults are essential information to
aid decision-making and guide preventive actions by the power utilities. Such actions
can avoid all inconveniences and additional costs after faults occur in a PDS.

(2) GWEA by regions is accomplished from local variables associated with faults and
electrical discharges. GWEA allows for separate exploratory analyses of electrical
discharge and faults and the search for local associations between these variables in
each region of the city.

1.3. Paper Structure

This paper continues in Section 2 with the relationship between an ESI and electrical
discharges. Section 3 presents an overview of an exploratory spatial data analysis (ESDA)
(Section 3.1), Spearman’s correlation coefficient (Section 3.1.1), spatial analysis with data
aggregated by regions (Section 3.2), neighborhood structure with data aggregated by
areas (Section 3.2.1), and GWEA (Section 3.2.2). Section 4 presents a case study of the
implementation of GWEA in a Brazilian city. Sections 4.1 and 4.2 present a case study
description. In Section 4.3, an ESDA is performed, where the variables electrical discharge
density (Section 4.3.1) and the percentage of the faults in distribution transformers by
regions (Section 4.3.2) are presented. Section 4.3.3 offers the geographically weighted (GW)
statistical summary considering the neighborhood structure and weighting among areas.
Finally, Section 5 shows the conclusions of this study.

2. Energy Supply Interruptions: Electrical Discharges

Overhead distribution grids are susceptible to ESIs due to adverse weather conditions
such as electrical discharges, rains, storms, and wind gusts. Numerous electrical discharge
protection measures, such as lightning rod installations, have been implemented, improving
insulation levels. However, the ESI caused by electrical discharges is significant according to
operational experience [27]. They contribute significantly to both temporary and permanent
interruptions [28].

Electrical discharges occur directly and indirectly in transmission and distribution
lines. Direct events, which are the most dangerous, happen when an electrical discharge
directly strikes the line. On the other hand, indirect events, whose frequency is higher, are
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classified as occurring in regions where the power grid is close to the ground. These events
are critical for distribution systems since they are characterized by a low critical flashover
voltage [29].

According to Teru and Okabe [30], the faults that occur in Japanese distribution lines
are mainly caused by electrical discharges. They are the leading causes of ESIs in China,
Japan, and Malaysia [28]. In this sense, Figure 1 shows the monthly average number of
disturbances caused by electrical discharges over ten years in Brazil. It is observed that
there are more discharges in the first and fourth quarters of the year because this period is
more humid and rainy [7].
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Figure 1. Disturbances caused by electrical discharges between 2012 and 2022 in Brazil [7].

3. Spatial Data Analysis

An SDA aims to measure properties and relationships considering the phenomenon
of spatial location. In this way, the geographic space is incorporated into the study; thus,
there is a visual perception via the spatial distribution of the problem under analysis [31].

3.1. Exploratory Spatial Data Analysis

An ESDA is a graphical presentation of georeferenced data on thematic maps or heat
maps. An ESDA is a set of techniques to describe and explore spatial or georeferenced
data [32]. In this context, a series of metrics derived from descriptive statistics are in-
corporated; thus, one can identify spatial patterns and formulate hypotheses related to
data distribution in geographical space [31,33]. An ESDA is the first step toward a study
in SDAs.

3.1.1. Spearman’s Correlation Coefficient

Spearman’s global correlation coefficient in (1) estimates whether two variables are
associated; additionally, they do not need to be linearly associated [31].

The coefficient rs is obtained by arranging the values of two variables in ascending
(or descending) order, replacing each original value with a positive integer that represents
the ordinal position of the original value in the data series. This correlation coefficient is
calculated via (1):

rs = 1− 6 ∑ d2

n(n + 1)(n− 1)
(1)

where n is the number of CTs; d2 is the square of the difference between the ordinal position
of two variables in the same CT.

This coefficient varies in the range [−1, 1], where a positive correlation coefficient im-
plies a directly proportional relationship between the variables, while a negative coefficient
implies an inversely proportional relationship.
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Additionally, Spearman’s coefficient is not sensitive to asymmetries in the data distribution
or outliers. It indicates the degree of dependence between two variables and is an important
tool for formulating hypotheses about spatial dependence and cause-and-effect relationships.

Finally, it is worth mentioning that Spearman’s coefficient is a global metric whose
influence on the neighborhood is not considered. In contrast, the next section presents local
metrics, where the influence of neighboring CTs is represented by a spatial weighting matrix.

3.2. Spatial Analysis with Data Aggregated by Regions

This study is associated with an SDA using data aggregated by regions. It consists of
methods that allow for the analysis of georeferenced data whose location is associated with
areas delimited by polygons. It is applied to address events aggregated by municipalities,
neighborhoods, or CTs, where the exact location of events is unavailable; however, an
aggregated value by area is available. The visualization of data aggregated by regions is
usually performed through thematic maps with the spatial pattern phenomenon under
study [16,34,35].

With data aggregated by areas, an SDA allows for the use of public information by
the Brazilian Institute of Geography and Statistics (IBGE). The IBGE does not disclose the
private data of the individuals interviewed for confidentiality reasons. These data are
grouped into small areas or polygons called CTs, whose area is a function of population
density: CTs with a higher population density have a smaller area and vice versa.

3.2.1. Weighting Matrix

Studies in the specialized literature that apply SDA techniques commonly belong to
epidemiology, botany, criminology, and mineral resources’ prospecting. In these fields of
study, there is a typical neighborhood structure based on spatial proximity or Euclidean
distance among the centroids of areas; closer areas have more significant influence than
more distant areas [36]. This neighborhood structure based on spatial proximity among
areas is also applied in our study. Numerous other neighborhood structures are based on
spatial proximity among areas evaluated in [37].

In this context, a spatial weighting matrix (SWM) W(n×n) is formed using weights
wij, where the degree of spatial relationship or spatial dependence between the variables
observed in the areas i and j is estimated. An SWM is an essential tool for GW modeling.
Three key elements must be considered for SWM building: distance type, kernel function,
and bandwidth [38,39].

The SWM W(n×n) is a symmetric matrix built for a set of n areas {A1, . . . , An}, where,
from each element wij, the spatial relationship or spatial dependence between the variables
observed in Ai and Aj areas are estimated.

Figure 2 shows an illustrative example of obtaining a weighting matrix W(n×n). In
Figure 2a, there is a city with five CTs (A, B, C, D, and E); on the other hand, in Figure 2b,
there is a weighting matrix W(5×5) for a city with n = 5 CTs and whose obtaining rule is
according to (2). The CT A has borders in common with two other CTs: B and E. Therefore,
the total number of borders of CTs for A is equal to two. Thus, the weighting matrix
elements, w12 (weighting between A and B) and w15 (weighting between A and E), are
equal to 1/2 according to (2). Other CTs do not have borders in common with A (C and D
for example); therefore, they have zero weighting: w13 = 0 and w14 = 0.

wij =

{
1

Number o f Borders CTs , i f i and j are borders CTs
0, otherwise

(2)

3.2.2. Geographically Weighted Statistics Metrics

Geographically weighted models (GWMs) are techniques belonging to non-stationary
spatial statistics, which incorporate local spatial relationships into their structure intuitively
and explicitly [38,40]. Their application is suitable for situations where the spatial data need
to be better described using a local model since they enable the estimation and mapping
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of each location in the geographical space under study. GWMs’ outputs are commonly
mapped to provide a helpful tool that usually precedes a more sophisticated statistical
analysis [38].
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Spatial weighting functions are crucial elements in GW modeling, whose objective is
quantifying the spatial relationship or spatial dependence between the observed variables
via SWM [38].

In this context, in our study, SWM elements wij are obtained via a Gaussian kernel
application in (3) and shown in Figure 3. It is a monotonic decreasing function of the
distance among centroids of areas Ai and Aj. These functions have a b parameter for the
bandwidth, which controls their decay rate [34,38].
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For example, Figure 3 shows the most conventional kernel function or weighting
function from Gollini et al. [38]: the Gaussian kernel. It is obtained using (3) with an
arbitrary bandwidth b = 1000.

wij = exp

(
−1

2

(dij

b

)2
)

(3)
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where dij represents the distance between the centroids of areas Ai and Aj, and b is the
bandwidth parameter.

It is worth pointing out that kernel the function selection is performed empirically. The
Gaussian kernel is chosen because it follows Tobler’s first law, where the weighting between
nearby CTs is greater than for distant CTs [36]. Furthermore, as shown in Figure 3, the
Gaussian kernel is a continuous function with a smooth decay. Additionally, the decay rate
is regulated through a bandwidth parameter b. Other kernel functions with characteristics
analogous to the Gaussian kernel could be applied.

A GW local summary statistic can be obtained from a spatial data set. Therefore, from
the attributes zi and yi at any point i, the following metrics can be obtained through (4)–(7):
mean GW, standard deviation GW, Pearson’s correlation coefficient GW, and covarianceGW,
respectively [38,41].

m(zi) =
∑n

j=1 wijzj

∑n
j=1 wij

(4)

s(zi) =

√√√√ ∑n
j=1 wij

(
zj −m(zi)

)2

∑n
j=1 wij

(5)

ρ(zi, yi) =
c (zi, yi)

s(zi)s(yi)
(6)

c(zi, yi) =
∑n

j=1 wij
(
zj −m(zi

)
)
(
yj −m(yi

)
)

∑n
j=1 wij

(7)

where wij is an element of SWM W(n×n).

4. Results and Discussion

In this study, the spatial regression terminology is applied where there is a dependent
or study variable whose distribution in geographic space is partially explained through a
set of independent or explanatory variables. In our study, the dependent variable consists
of a percentage of damaged distribution transformers that resulted in steady-state failures.

According to [42], the power utility of Paraná State, Brazil (COPEL), presented an
annual failure rate of 1.2% in distribution transformers, where electric discharges caused
30% of these occurrences.

In this sense, the independent or explanatory variable analyzed is the surface density
of electric discharges per km2. They are associated with faults in distribution feeders. It is
worth pointing out that all transformers and all-electric discharges in the city under study
were georeferenced; their geographic coordinates were known, making it possible to apply
an SDA.

4.1. Case Study in A Brazilian City

This work performs an exploratory spatial data analysis to evaluate how electric
discharges influence some city regions more vulnerable to steady-state faults. In this sense,
Figure 4 shows an overview of the main steps of our study: the (1) acquisition of georefer-
enced data (damaged distribution transformers and electric discharges), (2) exploratory
analysis of spatial data, and (3) display of the results in thematic maps.

The power utility applied in the simulations had a real feeder located in São Paulo
State, Brazil. The simulations used QGIS version 3.30 and R software version 4.1.2 [37].
QGIS is a GIS that allows for the visualization, editing, and analysis of spatial data. QGIS
allows for the checking, processing, previewing, updating, and presentation of spatial data.
Different types of data can be displayed through maps, where it is possible to understand
patterns, trends, and relationships [15].

On the other hand, R is a programming language and free statistical and graphical
computing software. It contains many libraries or packages for numerical analysis, such as
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the GWmodel version 2.3.1 applied in this study. Unlike QGIS, R was not initially created
as a GIS; however, it can perform functions like a GIS.

All simulations in this study were performed on a computer with a Windows operating
system; an Intel Core i7 processor, 1.8–2.3 GHz, 64-bit; and 16 GB of RAM.
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4.2. Database Description

In this section, the variables electrical discharge density (EDD) and the percentage
of permanent faults in distribution transformers by regions (NFT) are evaluated because
electrical discharges can make some city regions more vulnerable to faults. NFT and DED
are variables obtained in small areas called CTs. CTs show the public demographic census
data produced by IBGE because individual data are confidential.

Consider a CTi of the city under analysis with i = 1, · · · , NCT, where NCT corre-
sponds to the number of CTs. The dependent or study variable NFTi is shown in (8). It
is obtained from the ratio between the number of permanent faults per CTi that caused
faults in power distribution transformers Fi and the total number of transformers in CTi
represented by Ti. NFT represents the probability of faults in the transformer per CT. Thus,
the number of failures in transformers of CTi is approximately proportional to its total
number of transformers. It is noteworthy that the faults in our study are associated with
transformers because they are georeferenced:

NFTi =
Fi
Ti

with i = 1, · · · , NCT (8)

The surface density of electrical discharges (EDD) is an independent or explanatory
variable, and it is expressed in (9). It is the ratio between the number of electrical discharges
Li and the CTi of area Si per km2. The EDD variable obtained is more effective than the
total number of electrical discharges by CTs because the number of electrical discharges
that reach a CT is approximately proportional to its area.

EDDi =
Li
Si

with i = 1, · · · , NCT (9)

Figure 5 shows the main reasons that caused 9266 ESIs in more than one minute in
a Brazilian city over four years. According to Figures 1 and 5, weather conditions are
the leading causes of interruptions in the utility grid. Figure 5 shows that meteorological
conditions such as wind gusts and electrical discharges accounted for 21.9% of ESIs.

However, it is worth noting that Figure 5 shows numerical values from the power
utility database without a refined treatment. Thus, technicians in the field identified the
percentages associated with the factors responsible for ESIs without further investigation.
For example, the leading causes of ESIs were “equipment failures”, with an occurrence
of 44.7%. However, this is a “black box” because equipment failures can be caused by
numerous factors such as equipment obsolescence, adverse weather conditions (rains, wind
gusts, electrical discharges), overload, clandestine connections, or human failures. In this
sense, the overview of the numerous factors responsible for ESIs is more important than
the numerical values shown in Figure 5.
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Figure 5. Main factors that caused permanent faults in a Brazilian city.

4.3. Exploratory Spatial Data Analysis
4.3.1. Electrical Discharges

Electrical discharges occasionally reach the utility grid; consequently, they cause
disturbances and ESIs. Figure 6 shows a monthly distribution of 2036 electrical discharges
that occurred in the city under study over four years. Table 2 shows some descriptive
statistics metrics by CTs. From Table 2, each CT experiences between one and two electrical
discharges by year on average. However, a single CT was the target of 40 electrical
discharges in 2011.
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Figure 7a–d show the heat maps obtained using the Gaussian kernel density consider-
ing the electrical discharge distribution for the years 2009, 2010, 2011, and 2012, respectively.
The Gaussian kernel is based on electrical discharge clustering based on a predefined
distance called bandwidth. Therefore, CTs with high concentrations of electrical discharges
(indicated by red regions) have high Gaussian kernel values. The maximum Gaussian
kernel value in 2010 corresponds to approximately half of the value observed in other years,
for example. Therefore, this variation indicates a heterogeneous distribution of electrical
discharges over the years.
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The EDD variable considers the total area of each CT in km2. In many cases, the
number of electrical discharges in a CT is proportional to its area. Figure 8a–d show
thematic maps for EDD over the years 2009, 2010, 2011, and 2012, respectively. The
numbers in parentheses indicate the CTs whose EDD is in the designated range. For
example, in Figure 8a, which corresponds to the EDD in 2009, it is observed that 41 CTs
have an EDD with a value between 2 and 6 electrical discharges per km2. Most of these
CTs belong to the city’s periphery and are represented in light green.

According to Figure 8, the EDD has a similar pattern for all years analyzed. CTs
with a high EDD belong to the central regions and move toward the center-southeast and
center-northwest of the city. There is an exception in Figure 8b. According to Table 2, 2010
is an atypical year (outlier) with few rains and electrical discharges. The regions with a
high EDD (central, northwest, and southeast) are more densely urbanized and have many
elevated structures such as buildings, antennas, and tree vegetation that attract electrical
discharges. Overhead lines also attract electrical discharges; thus, they have protective
equipment to deal with them. On the other hand, CTs located on the city’s periphery and,
therefore, close to rural areas show a reduced EDD. These CTs contain extensive flat areas
with open fields.
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4.3.2. Number of Faults in Transformers by Regions

The number of faults in transformers is the dependent or study variable. This work
covers 3794 interruptions caused by distribution-transformer failures. This approach is
adopted because transformers are georeferenced, and this is a condition for using SDA
techniques.

Table 3 shows metrics of descriptive statistics applied to the annual number of interrup-
tions by CTs caused by faults in power distribution transformers from 2009 to 2012. There
were three yearly interruptions by CT on average. However, there were 42 interruptions in
a single CT caused by transformer failures in 2009.

Table 3. Statistical summary of the number of interruptions in transformers by census tracts.

Parameters
Evaluated Years

2009 2010 2011 2012

Maximum 42 21 27 13

Minimum 0 0 0 0

Average 3.14 3.55 3.83 2.08

Standard deviation 4.08 3.63 4.28 2.35

Total number 946 1069 1153 626

Figure 9a–d show the heat maps where the interruptions in distribution transformers
that occurred in 2009, 2010, 2011, and 2012 are represented. The main objective is to visualize
the high concentration of interruptions in transformers in some city areas. The heat maps
for all years have a similar pattern with a high fault concentration in the city’s central region.
This region has a high population density and, therefore, has many transformers. Figure 9c



Energies 2023, 16, 7790 13 of 19

shows the heat map for the year 2011, with warm areas in the center-southeast direction.
Finally, Figure 9d shows the heat map for the year 2012, where there is a significant cluster
of distribution transformer faults in the western, center, and southeast regions.
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In this sense, Figure 10a–d show thematic maps for the NFT dependent variable for the
years 2009, 2010, 2011, and 2012, respectively. The maps visually represent interruptions,
considering the total number of transformers installed in each CT. There is a contrast
between Figures 9 and 10. Figure 9 shows a fault distribution pattern with a significant
concentration in the central region. On the other hand, Figure 10 shows a variation in
trends over the years studied.

It is noteworthy that Figure 10 shows information in parentheses with the total number
of CTs whose NFT is within the indicated range. For example, Figure 10a shows 86 CTs
with NFT ∈ ]20, 40], where most of the CTs have NFT in that range for all years evaluated.

In Figure 10a, there are 64 CTs with a high NFT > 60. Most are in the southeast, west,
and north regions. In Figure 10b, there are 80 CTs with a high NFT. The southeast and west
regions contain some CTs with a high NFT, and other CTs appear in the northwest region.
Figure 10c has the largest number of CTs with a high NFT, being 93 CTs. The southeast,
west, and northwest regions contain many CTs with a high NFT, and other CTs appear
in the northeast and central regions. Lastly, Figure 10d has the smallest number of CTs
with a high NFT: there are 41 CTs, and the majority are in the east, west, and northwest
regions. Certainly, in 2012, the distributor performed the maintenance or replacement of
many damaged transformers located in CTs with many faults.

According to Figure 10, there are some CTs with a high NFT located in peripheral
city regions. On the other hand, these regions have a low EDD in Figure 8. Therefore, a
preliminary assessment indicates that there are possibly other local variables that influence
the high NFT in these regions.
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In this context, peripheral regions close to rural regions are fire targets. However, we
cannot conclude that the NFT is high in peripheral regions of the city due to fires. Further
studies should confirm or refute that hypothesis.
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4.3.3. Geographically Weighted Summary Statistics

Spearman’s correlation global coefficient between the EDD and NFT is shown in
Table 4 for the years 2009 to 2012 according to (1). The NFT and EDD have a moderate
positive global correlation for all years analyzed. Thus, a cause-and-effect relationship may
exist between these variables; therefore, an increase in the EDD causes an increase in the
NFT. Additional investigations must be performed to confirm or refute this hypothesis.

Table 4. Spearman’s correlation coefficient between EDD and NFT.

Evaluated Years

2009 2010 2011 2012

0.4407 0.6553 0.5073 0.5432

In contrast to local metrics, global metrics do not consider the influence of neighboring
CTs, whose influence is represented by SWM. Thus, the correlation absence at the global
level does not imply the correlation absence at the local level [31,37]. Therefore, global and
local correlations can present different results because the correlation coefficient at a global
level represents all CTs with a single numerical value.

Therefore, for a more detailed analysis, a GW local exploratory analysis is performed
considering the influence of neighboring CTs. In this sense, this section presents thematic
maps as the result of applying the GW metrics in (4)–(7). The neighborhood structure
among the nth CTs influences these GW metrics. The neighborhood structure is represented
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by the weighting matrix W(n×n) which is constructed from the Gaussian kernel in (3) and
represented in Figure 3.

The neighborhood structure in this study follows Tobler’s notion of spatial dependence,
which states the first law of geography where all things are similar; however, things closer
look more than distant things [36].

In this sense, the weighting assigned by the Gaussian kernel is inversely proportional
to the Euclidean distance between the CT centroids. Thus, as the distance between CTs i
and j is reduced, the weighting wij between them increases. The elements wij belong to the
weighting matrix Wn×n, and it represents the neighborhood structure in an urban area of a
Brazilian city with n = 301 CTs.

Therefore, if a CT has a high number of electrical discharges, it is likely that nearby
CTs will show this same characteristic. On the other hand, if a CT has feeders with many
ESIs, nearby CTs are expected to have this same problem because they share the same
power grid. Therefore, the neighborhood structure based on Euclidean distance among
CTs is suitable for estimating areas vulnerable to faults.

Figure 11a–d show the GW standard deviation for the independent variable EDD for
the years 2009, 2010, 2011, and 2012, respectively. Figure 11a,c show high local variability
for the central and southeastern regions. Figure 11b shows high local variability for the
central-east region. Finally, Figure 11d shows high local variability for the central-eastern
region. A high local variability indicates that there are nearby CTs that present very different
EDD values. As shown in Figure 11, it is worth highlighting the high local variability
in regions around the central area. It contains buildings and tree vegetation that attract
electrical discharges.
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level represents all CTs with a single numerical value. 

Therefore, for a more detailed analysis, a GW local exploratory analysis is performed 
considering the influence of neighboring CTs. In this sense, this section presents thematic 
maps as the result of applying the GW metrics in (4)–(7). The neighborhood structure among 
the nth CTs influences these GW metrics. The neighborhood structure is represented by the 
weighting matrix 𝑾( × ) which is constructed from the Gaussian kernel in (3) and repre-
sented in Figure 3. 

The neighborhood structure in this study follows Tobler’s notion of spatial depend-
ence, which states the first law of geography where all things are similar; however, things 
closer look more than distant things [36]. 

In this sense, the weighting assigned by the Gaussian kernel is inversely proportional 
to the Euclidean distance between the CT centroids. Thus, as the distance between CTs 𝑖 
and 𝑗 is reduced, the weighting 𝑤  between them increases. The elements 𝑤  belong to 
the weighting matrix 𝑾 × , and it represents the neighborhood structure in an urban area 
of a Brazilian city with 𝑛 = 301 CTs. 

Therefore, if a CT has a high number of electrical discharges, it is likely that nearby CTs 
will show this same characteristic. On the other hand, if a CT has feeders with many ESIs, 
nearby CTs are expected to have this same problem because they share the same power grid. 
Therefore, the neighborhood structure based on Euclidean distance among CTs is suitable 
for estimating areas vulnerable to faults. 

Figure 11a–d show the GW standard deviation for the independent variable 𝐸𝐷𝐷 for 
the years 2009, 2010, 2011, and 2012, respectively. Figure 11a,c show high local variability 
for the central and southeastern regions. Figure 11b shows high local variability for the cen-
tral-east region. Finally, Figure 11d shows high local variability for the central-eastern re-
gion. A high local variability indicates that there are nearby CTs that present very different 𝐸𝐷𝐷 values. As shown in Figure 11, it is worth highlighting the high local variability in 
regions around the central area. It contains buildings and tree vegetation that attract electri-
cal discharges. 
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On the other hand, Figure 12a–d show the GW standard deviation for the dependent
variable NFT for the years 2009, 2010, 2011, and 2012, respectively. Figure 12a shows high
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local variability for the northern regions. Figure 12b shows high local variability for the
southeast region, and finally, Figure 12c,d show high local variability for the southeast and
northwest regions. It is worth highlighting that there is a change in regions with greater
local variability that is more pronounced for the NFT than the EDD over the years. Field
teams work continuously to maintain and replace damaged transformers; therefore, there
is greater variation in the NFT than the EDD by CTs over the years.
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Lastly, Figure 13a–d show a local correlation GW between the dependent variable NFT
and the independent variable EDD for 2009 to 2012, respectively. There is a non-stationary
relationship between the NFT and EDD variables with a moderate GW local correlation in
the central (Figure 13a,d) and west (Figure 13b,c) regions.

The positive correlation means that, in these regions, the NFT and EDD are directly
proportional variables. Therefore, there is first a numerical indication that electrical dis-
charges are associated with ESIs in power grid transformers in these regions.

The non-stationary relationship between the NFT and EDD indicates that a global
spatial regression model would not be suitable for estimating regions vulnerable to faults;
on the other hand, a local regression model would be better suited to represent non-
stationarity at the local level.

It is worth highlighting that GWEA is performed with an adaptive bandwidth where
the influence of the 45 closest CTs is considered for the analysis of each CT. This closest CT
value corresponds to 15% of the total CTs in the city under study [38].
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5. Conclusions

In this study, a crucial step was performed that preceded the estimating of census
tracts (CTs) vulnerable to faults: the geographically weighted (GW) exploratory spatial
data analysis (ESDA). Essential for this analysis was the availability of georeferenced
real data: the dependent variable, number of faults in distribution transformers (NFT)
by census tracts (CTs) and the independent or explanatory variable, electrical discharges
density (EDD).

An ESDA was performed using metrics of GW statistics with a visual presentation of
variables in the city’s geographical space. The GW statistics summarily demonstrated the
spatial variability between the NFT and EDD variables.

The GW correlation showed a moderate positive correlation between the EDD and
NFT in the central (in 2009 and 2012) and in the west (in 2010 and 2011) regions. Therefore,
electrical discharges are associated with the power grid faults in these regions.

It is worth mentioning a limitation of this study: only faults in power distribution
transformers were considered, which was because the geographical coordinates of the
equipment were known.

The ESDA performed in this study is vital for implementing more sophisticated
mathematical models in future studies to estimate regions vulnerable to faults. Furthermore,
incorporating other variables, such as tree vegetation, will provide greater robustness to
future analysis.
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