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RESUMEN

El diseño de nuevas líneas eléctricas de distribución es una tarea a la que se enfrentan con frecuencia

los ingenieros; este trabajo propone diseñar redes eléctricas de media y baja tensión con la ayuda del

Clustering. Clustering se han utilizado desde la antigüedad para el análisis de datos por su facilidad

de aplicación y la calidad de sus resultados. y la calidad de sus resultados. Existen varios métodos de

clustering, pero se hará una comparación entre los métodos de clustering más utilizados, K-Means y

K-Medoids. Uno de los grandes problemas de de los métodos de clustering es que es imposible determinar

con precisión el número de K clusters que se deben por caso. Aun así, varios principios nos dan una idea de

cuántos clusters pueden generarse; analizaremos varios de estos principios para que nuestro sistema esté

lo más optimizado posible. Con la ayuda MSP, obtendremos la ruta más corta que el conductor tiene que

recorrer a lo largo de toda la red eléctrica proyectada, ahorrando costes y reduciendo costes. toda la red

eléctrica proyectada, ahorrando costes y reduciendo los tiempos de análisis. Finalmente, con los resultados

obtenidos, concluiremos qué método da resultados más óptimos, analizando costes de implementación y

pérdidas a lo largo de la red.

ABSTRACT

The design of new distribution power lines is a task that engineers frequently encounter; this paper

proposes to design medium and low-voltage power networks with the help of Clustering. Clustering

methods have been used since ancient times for data analysis because of their ease of implementation

and quality in delivering results. There are several clustering methods, but a comparison will be made

between the most used clustering methods, K-Means and K-Medoids. One of the big problems of clustering

methods is that it is impossible to precisely determine the number of K clusters that must be generated

per case study. Still, several principles give us an idea of how many clusters can be generated; we will

analyze several of these principles to have our system as optimized as possible. With the help of minimun

spanning tree MSP, we will obtain the shortest route the driver has to travel along the entire projected

electrical network, saving costs and reducing analysis times. Finally, with the results obtained, we will

conclude which method gives more optimal results, analyzing implementation costs and losses along the

network.
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• Custering of electric distribution networks in MV and LV.
• Change of clusters based on the increase in demand over time.
• Analysis of how the cluster acts in case a feeder goes out of service due to failures.
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A B S T R A C T
The design of new distribution power lines is a task that engineers frequently encounter; this paper
proposes to design medium and low-voltage power networks with the help of Clustering. Clustering
methods have been used since ancient times for data analysis because of their ease of implementation
and quality in delivering results. There are several clustering methods, but a comparison will be made
between the most used clustering methods, K-Means and K-Medoids. One of the big problems of
clustering methods is that it is impossible to precisely determine the number of K clusters that must be
generated per case study. Still, several principles give us an idea of how many clusters can be generated;
we will analyze several of these principles to have our system as optimized as possible. With the help
of minimun spanning tree MSP, we will obtain the shortest route the driver has to travel along the
entire projected electrical network, saving costs and reducing analysis times. Finally, with the results
obtained, we will conclude which method gives more optimal results, analyzing implementation costs
and losses along the network.

1. Introduction
The electrical distribution networks systems have an

essential role since they are responsible for transporting
energy from generation to the end user; several mathematical
methods allow modelling these networks faster [1], saving
time and resources; we will focus on the clustering methods
applied to electrical distribution networks. Clustering is one
of the most widely used methodologies for data analysis;
even though it was proposed more than 50 years ago [2], it is
still valid when analyzing databases due to its simplicity and
effectiveness. In electrical engineering, these mathematical
methods can be applied to observe their behaviour when
planning the construction of an electric distribution network
[3] [4] (in MV as well as in LV) as applied in the case study of
Figure 1. There are several ways to cluster data; this article
mainly focuses on partition clustering, which requires the
user to define the number of clusters K [5]. One of the main
problems of clustering methods is to choose the optimal
number of clusters [6] since there is no fixed mathematical
method. To solve this, we propose to analyze several criteria
and compare them to choose the optimal number of clus-
ters. A cost-benefit comparison [7] is proposed to analyze
which clustering method is more efficient when grouping
distribution networks; with this article, the researchers will
be able to consider which clustering method is more suitable
for their study. The proposed cost-benefit comparison will
analyze the following clustering criteria: accuracy, speed of
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execution, complexity, scalability, and robustness. To eval-
uate these criteria, we will use several techniques, such as
the Davies-Bouldin index for accuracy, the time complexity
analysis for speed of execution, the number of parameters for
complexity, the ability to scale for scalability, and the ability
to cope with outliers for robustness. The results of our study
show that partition clustering is the most efficient method
for clustering electrical distribution networks, as it offers
the highest accuracy and speed of execution while being
simple and scalable. Moreover, it is robust enough to cope
with outliers. Therefore, it is the best option for clustering
electrical distribution networks. We suggest the following
criteria to consider when choosing the optimal number of
clusters:

• Elbow method: This method determines the optimal
number of clusters by looking at each cluster’s squared
errors (SSE). The elbow point is the point at which the
rate of decrease of SSE starts to decrease [8].

• Silhouette analysis: This method measures how close
the data points in a cluster are to other points in the
same and other clusters. The optimal number of clus-
ters is determined by the highest average silhouette
score [9].

• Dendrogram: This method builds a hierarchical struc-
ture of clusters by looking at the similarities between
the data points. The optimal number of clusters is
determined by the height at which the dendrogram is
cut [10].

• Gap statistic: This method compares the observed
SSE of a KMN clustering model with a null reference
distribution of SSEs. The optimal number of clusters
is determined by the point at which the difference
between the observed and the null distribution is the
greatest [11].
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Figure 1: Figure Conceptual.

• Calinski-Harabasz Index: This method measures the
ratio between-cluster to within-cluster variance. The
optimal number [12].

2. Related works
Proper planning of the power system and the correct al-

location of transformer stations mainly focus on the growing
demand [13], which is why continuous network optimisation
is necessary. When discussing data analysis, it is known
about the clear distinction between learning problems. This
is a widely used method for data analysis, as it can analyze
large databases quickly, reliably and without user supervi-
sion [14], and can be used in various branches of research
to have a clear and orderly view of the problem to be
analyzed. Several researchers have applied them to optimize
the location of electrical distribution transformers with the
help of heuristic methods in a georeferenced way; with the
help of these methods, it has been possible to locate: users,
candidate sites, possible routes for the conductor along the
network and other parameters that will help us to optimize
the network, minimizing investment and maintenance costs.
To obtain the database of users [15].

Obtaining the user database is a tedious and complicated
task due to the confidentiality that the distribution company
maintains with the user, so to perform all these analyses, it
was decided to create an electrical network in simulation
programs such as CYMDIST and, in this way be able to
perform the respective analyses in an electrical network as
close to reality as possible. There are many variables for
analysing voltage drops along the network, such as the type
of network (rural or urban), the nominal voltage, the transfor-
mation capacity, etc. Researchers have focused on reducing
the voltage drops along the network, with clustering methods

[21] to particular group characteristics of the network and
to be able to sample the losses along the circuit. One of
the most important elements in the electrical distribution
networks is the electrical transformers, so it is important to
determine the useful life of these transformers. To perform
preventive and predictive maintenance, it has been proposed
to analyze the useful life of the distribution transformers
(TDE) with clustering methods by analyzing the daily load
profiles with the KMN method [22]. The purpose of cluster-
ing is to reduce the amount of wire required between S/E and
homes, thereby reducing installation time, costs, and risk of
service interruption [23]. It is tough to perform individual
analysis of each feeder due to its size and complexity, so
sampling can be applied to analyze the losses [24] in such
networks and classify them by clusters [19]. The smart grid
is a growing field that integrates electric grids and other
electronic systems. This integration aims to improve the
reliability and performance of these systems. To achieve this,
many smart meters and smart appliances will be connected
to the grid to provide accurate data about the state of the grid
in real time. However, when many devices are connected
to the grid, it can be difficult to monitor them all. This is
where clustering techniques can be used [25]. Clustering
algorithms divide a given dataset into different clusters.
Each cluster represents a grouping of data that has similar
characteristics. These algorithms identify behaviour patterns
and monitor the devices that make up the grid. Electric
distribution systems are innovating new technologies, facili-
tating data exchange between consumers and the distribution
company. In the case of smart grids, smart meters (AMI)
can be located quickly and accurately by applying clustering
methods [17], streamlining the smart grid planning process.
It is interesting to see how these mathematical methods are
increasingly used in research and field applications. In a

Pablo Robles: Preprint submitted to Elsevier Page 2 of 12
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Figure 2: Scenario.

distributed generation, these methods can be used to cluster
microgrids and have a network as balanced as possible,
opening the way to reconfigure existing power grids [26];
the purpose behind clustering in power grid reconfiguration
is to group similar nodes in a network into clusters and
then reconfigure the network using these clusters instead
of individual nodes. This can improve the efficiency and
stability of the network since nodes within a cluster tend
to have similar characteristics [27]. The results showed a
significant reduction in energy losses and improved network
stability. In addition, it was found that the use of clustering
methods resulted in an optimal solution in terms of cost
and efficiency compared to other reconfiguration techniques
[28]. Renewable energies are the future, and clustering meth-
ods are present to guarantee the accuracy of operating data

by improving the data quality, and detecting anomalies in the
network for respective repairs and maintenance with the help
of a characteristic curve created by KMN [18]. Distributed
generation is an approach to producing electricity locally
rather than relying on centralized power plants. This is
achieved by using small renewable energy sources, such
as solar panels or wind turbines, instead of large power
plants. Clustering can be an effective tool for improving
the efficiency of distributed generation. By grouping small
power sources into clusters, energy management and control
can be optimized, improving efficiency and reducing costs.
In addition, clustering can help maximize energy efficiency
by enabling better integration of renewable energy sources
and the electricity system. Distributed generation with clus-
tering offers numerous advantages, including reduced costs,
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Nazru, 2020 [16] Clustering in electrical distribution system ✠ - ✠ ✠ ✠ - ✠ ✠ ✠

JL. Gallardo, 2021 [17] Clustering in electrical distribution system - ✠ ✠ - ✠ ✠ ✠ ✠ ✠

S Pinzón, 2020 [15] Power system reconfiguration - ✠ ✠ ✠ - ✠ ✠ ✠

L Liu, 2020 [18] Power system reconfiguration ✠ - ✠ - ✠ - ✠ - -
GC Cabrera,2017 [3] Clustering in electrical distribution system ✠ ✠ ✠ - ✠ ✠ ✠ - -
G Cartina, 2009 [19] Power system losses ✠ - - - ✠ - ✠ - -
GC Pamuji, 2020 [20] Comparation of cluster methods ✠ - - - ✠ - ✠ ✠ -
Present work Clustering in electrical distribution system ✠ ✠ ✠ ✠ ✠ ✠ ✠ ✠ ✠

Table 2
Nomenclature & Description

Nomenclature Description
𝑀𝑆𝑇 Minimun Spanning tree
𝐴𝑀𝐼 Advanced Metering Infrastructure
𝑇𝐷𝐸 Electrical distribution transformer
𝐾 Number of clusters
𝑆∕𝐸 Substation
𝑀𝑉 Medium voltage
𝐿𝑉 Low voltage
𝐾𝑀𝑁 K-Mean
𝐾𝑀𝐷 K-Medoid
𝑆𝑆𝐸 Sum of Square Error
𝜇𝑖 Cluster Centorid
𝑆 data set
𝑥𝑗 Real objects
𝑃 vertices belonging to the MST
𝑆 Edges belonging to the MST
𝑉 Vertices in the graph
𝐴 Edges in the graph.
𝑅 Auxiliary variable
𝑥1 Start node
𝑥2 End node
𝐾𝑤ℎ kilowatt hour

improved energy efficiency, and greater resilience in power
system failures. In addition, distributed generation with clus-
tering enables better energy management and control, im-
proving energy security and reducing reliance on centralized
power plants [25].

3. Problem Formulation and Methodology
Clustering is grouping similar items, each with advan-

tages and disadvantages. The two most popular types of

clustering are KMN and KMD clustering; we will discuss
the differences and some of their pros and cons. A cluster
is a group of objects closely connected and separated from
other objects. In other words, all of the objects in a cluster
are similar in some way but different from other objects in
the cluster. To perform clustering, one needs to input data
into an algorithm and then use it to determine similarities
between the objects in the set and organize them, the steps to
follow for this grouping are shown in figure 3. The first data
obtained from the electrical network are the coordinates of
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Figure 3: Flow Diagram.

the poles; with the Manhattan algorithm, we obtain the dis-
tance between them; with the georeferenced system, we can
calculate the distance between nodes used in the electrical
network, see equation 1.

𝑓 (𝑀) = |(𝑥1 − 𝑥2)| + |(𝑦1 − 𝑦2)| (1)
After determining the similarities, the algorithm uses

these values to assign each object to its respective cluster.
Sometimes, there may be more than one grouping method
based on similarity. The clustering algorithm needs to de-
termine which method will best organize the data. The
case study is designed as a georeferenced electrical network
which allows you to create a graph; the topology is defined
by the minimum spanning tree algorithm. The basic idea is to
create a path between two network nodes and keep that path
as short as possible. This is achieved by adding each edge of
the network to the tree one at a time, connecting each node
of the network to the farthest node in the tree and adding
each new edge to the existing tree. This process continues
until the network has no more edges to add, thus having our
optimized electrical network.

• Step 1): Create a tree structure by connecting all nodes
to the furthest node, using the edges from the source to
each destination; for example: if the source is labelled
two and the destinations are labelled 4, 5 and 6, then
the edge from 2 to 4 will be added first, followed by
edges 2 to 5 and 2 to 6.

• Step 2): Add a new edge to each existing tree by
adding the two edge nodes and connecting the new
edge to the appropriate parent at its new location.

The KMN algorithm uses the distance of each observa-
tion from the average of the centroids of other observations
to determine the best cluster. It is simple to implement and
a good choice for smaller datasets; however, it may not
be the best choice for large datasets because finding an
optimal solution can take a long time. It is also possible that
the clusters the algorithm finds will not be well separated,
which can lead to wrong results. These are the steps that are
followed to apply the K-means algorithm:

1. Initialization: K data points are randomly selected as
initial centroids.

2. Assignment of points to clusters: Each data point
is assigned to its nearest centroid using the Euclidean
distance.

3. Centroid update: The centroid of each cluster is
calculated as the average of the data points assigned
to that cluster.

4. Reassignment of points: If the centroids have changed,
each data point is reassigned to its nearest centroid.

5. Iteration: Steps 3 and 4 are repeated until the cen-
troids no longer change or a maximum number of
iterations is reached.

Pablo Robles: Preprint submitted to Elsevier Page 5 of 12
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Algorithm information MST:
P: set of vertices belonging to the MST;
S: set of edges belonging to the MST;
V: set of vertices in the graph;
A: set of edges in the graph;
R: auxiliary variable.

Steps of the algorithm:
Step 0: Initialization of variables
Step 1: Construction of the minimal spanning tree

- Choose a vertex 𝑖 ∈ 𝑉

- 𝑆 ← 𝜙

- 𝑃 ← {𝑖}

- 𝑅 ← 𝑉 − {𝑖}

- While |𝑃 | ≠ |𝑉 |,∀𝑗 ∈ 𝑃 do:
∙ Find the smallest edge (𝑗, 𝑘) ∈ 𝐴 such that
𝑗 ∈ 𝑃 , 𝑘 ∈ 𝑅

∙ 𝑃 ← 𝑃 ∪ {𝑘}
∙ 𝑅 ← 𝑅 − {𝑘}
∙ 𝑆 ← 𝑆 ∪ {(𝑗, 𝑘)}
∙ End (while)

Step 2: END.
The objects to be clustered can be represented by real

vectors 𝑥1, 𝑥2, ..., 𝑥𝑛, which are then placed within each
group 𝑆 = (𝑆1, 𝑆2, ..., 𝑆𝐾 ), referred to as a centroid, for-
mulated as follows. Where 𝑆 is the data set consisting of the
base of 𝑥𝑗 , having 𝐾 groups based on the centroids 𝜇𝑖, see
equation 1.

𝑚𝑖𝑛𝐸(𝜇𝑖) = 𝑚𝑖𝑛
𝐾
∑

𝑖=1

∑

𝑥𝑗∈𝑆𝑖

||𝑥𝑗 − 𝜇𝑖||
2 (2)

K-medoids is a clustering algorithm that divides objects
into k groups based on similarity. This algorithm is similar
to K-means, but instead of using the mean data points as
centroids, it uses specific data points as medoids. The basic
pseudocode of the K-medoids algorithm is as follows:

1. Select k random medoids from the data set.
2. Assign each data point to the nearest medoid.
3. Calculate the sum of the distances of the data points

to their assigned medoids.
4. For each medoid, swap its position with a data point

and calculate the sum of the distances to its assigned
data points. If the sum decreases, keep the swap. If
not, undo the swap.

5. Repeat steps 3 and 4 until no more change in the total
sum of distances.

6. Return the k medoids and the assignment of each data
point to a medoid.

The algorithm continues to iterate until the total sum of
the distances of the data points to their assigned medoids
no longer changes or until a specified number of iterations
is reached. The final result is k medoids and the assign-
ment of each data point to a particular medoid. But being
unsupervised clustering methods, the user is in charge of
imposing the number of clusters K in which the database
will be divided, as mentioned above; several criteria help
the end user to choose this constant K. One of the most used
criteria is the elbow method, is based on the idea that the
optimal number of clusters is one in which increasing the
number of clusters no longer provides a significant reduction
in the sum of the intra-cluster distances. It is important to
note that the elbow method does not guarantee finding the
optimal number of clusters in all situations. In some cases,
it may be necessary to try different techniques and consider
other factors, such as the interpretability of the results, to
determine the optimal number of clusters. In this case study,
the weight of the cluster will be changed to perform the
analysis of how many low-voltage transformers have to be
installed per feeder; for this analysis, it is considered that the
installed load is between 61 < 𝐾𝑤ℎ <= 110, with this data
we will have a better result of how many transformers will go
per feeder, depending on the load. Clustering in distribution
power networks refers to grouping similar elements; this ap-
proach improves network operation, maintenance efficiency,
and effectiveness. There are different applications of clus-
tering in distribution power networks, including grouping
of transformers in terms of characteristics, such as load,
geographical location and power consumption; improving
power supply planning and control; Segmentation of trans-
mission lines into different groups based on criteria such as
transmission capacity, distance and cost; Grouping of similar
consumers in terms of power consumption, consumption
schedule and geographical location, to improve efficiency
in power delivery and demand management. This paper, 3
case studies are performed to see how the clustering groups
a projected electrical network. In the first case study, the
cluster is applied twice; the first clustering results in the
22KVA medium voltage network, and the second results
in the 220V low voltage network, KMN and KMD will be
used to observe how the distribution networks are clustered
under normal conditions. For the second case study, the
load is modified over 10 years, to observe how the number
of LV transformers varies as the demand increases over
time, considering an annual growth in demand of 4.6 % as
considered by [29]. For the third case study, it is assumed
that one of the feeders goes out of service due to a failure in
one of its components. This causes the residential area fed
by that feeder to be without a power supply. In this situation,
the decision is made to reconnect the load to another feeder
of the same substation to restore the power supply in the

Pablo Robles: Preprint submitted to Elsevier Page 6 of 12
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Table 3
Optimal number of K-cluster MV.

K-Means K-Medoids
Item Method Clusters Method Clusters

1 Elbow method 3 Elbow method 2
2 Silhouette method 3 silhouette method 3
3 Gap stat Method 1 Gap stat Method 2
4 kl Method 4 kl Method 8
5 ch Method 9 ch Method 7
6 Hartigan Method 3 Hartigan Method 4
7 Scott Method 3 Scott Method 5
8 Trcovw Method 4 Trcovw Method 3
9 Hubert Method 3 Hubert Method 5
10 Dindex Method 4 Dindex Method 2

Optimum number of 30 methods 3 Optimum number of 30 methods 2

0 5 10 15 20 25 30
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K-Means

K-Medoids

Figure 4: Optimal number of K-cluster MV.

affected area. With this failure, it will be analyzed how the
power flow changes at the substation level. The intention is to
see how the system reacts in case of failures, interconnecting
one feeder with another and see if the voltage drops are
optimal throughout the reconnected substation.

4. Analysis of results
To cluster an electrical distribution network, there is an

unsupervised algorithm, and there is no specific method to
find K, but there are several criteria that give us an idea
of how many groups can cluster in the network; in Table
3, it can see some of the criteria applied for the analysis,
However, to obtain more precise data, we compare between
30 criteria and calculate the mode to find the optimal number
of K, in Figure 4 it is observed that on the abscissa axis is the
number of criteria, while on the ordinate axis the number of
K proposed by each criterion. On the one hand, K-Means
proposes that the electrical system divides into 2 clusters
for the medium voltage network, figure 5a. In contrast, K-
medoids proposes dividing the system into 3 clusters, figure
5b. Each of these clusters represents an electrical feeder;

see table 5, defining the clusters necessary to perform an
MST to obtain the optimal topology from each of the pro-
posed feeders to the farthest node of the same. For the low
voltage network, a similar methodology is used, with the
main difference that in the clustering methods, the weight
variable change; instead of calculating the distance between
nodes by Manhattan and finding the optimal number of
K, the demand of each node use considering an area with
residential load, with this change expect to have a better
distribution of transformers, see figure 6a, calculating the
average of the data obtained between the 3 proposed criteria:
Silhouette method, Caliski Harabasz method and Davies
Boulding method, for each feeder by both K-Means and K-
medoids, this procedure also apply with constant demand
growth of 4.8% in 10 years, see figure 6b. It is essential to
consider the energy expected to be consumed by the low-
voltage clusters to find the appropriate transformer power
based on the low-voltage cluster load. In the proposed case
studies, the power consumed is stable by analyzing the
demand of the area where the transformers are to install;
it is necessary to determine the cluster’s power factor (PF).
The PF is a measure of efficiency that indicates how much of
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(a) (b)

Figure 5: a) k-Means Cluster MV. (b) K-medoids cluster MV.
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Figure 6: a) Optimal number of K LV. (b) Optimal number of K LV after 10 years.

the supplied energy is used to perform practical work; a PF
of 1 means that all the supplied energy is used to perform
practical work, while a PF of 0.8 indicates that only 80%
of the supplied energy use to perform practical work, and
20% is lost as heat and other forms of non-useful energy.
Finally, the transformer input and output voltage level and
efficiency must be considered to determine the transformer
power rating needed to power the cluster. CYMDIST allows
simulation of the electrical distribution system’s behaviour;
the feeders’ topology is maintained with clustering through
K-means and K-medoids, Table 4, with the main difference
in the number of transformers. The third case study considers
a fault in one of the distribution feeders; common causes of
electrical feeder failures include short circuits, overheating,
connection problems, and component failures. Each of these
causes can have different effects. Still, in general, all of them
can cause interruptions in the power supply to the end user,
as well as damage to electrical and electronic equipment
connected to the network. To ensure reliability, the network

reconnects the load through its protections, shunting it from
the feeder that fails to another feeder in the same substation
see figure 7. In the network proposed by K-Means, figure
7a observes that one of the three feeders fails, so it goes
out of service. The load is transferred to the nearest feeder,
resulting in two feeders in this new network; on the other
hand, the network proposed by K-Medoids, figure 7b, feeder
2 fails, which means that only one feeder remains in service
in this substation, being this the one that feeds the entire load
affected by the failure. The results of the losses obtained by
this reconfiguration of feeders are in table 4; it is possible
to observe that there is a slight variation in the voltage drop
in the feeders when the load reconnect when the load derive
from one feeder to another, a temporary overload can occur
in the system, which can cause a voltage drop in the affected
feeder. This voltage drop may be small, but it can still affect
the operation of equipment connected to the network. It is
essential to carry out preventive measures and monitor the
electrical system to prevent this situation. These include
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Table 4
Summary of electrical network

Total energy production Total loads Total losses

kW kVAR KVA kW kVAR KVA kW kVAR KVA

KMN-SE 1.416,28 1.043,36 1.759,10 1.392,47 1.044,22 1.740,51 23,80 45,70 51,53
KMDI-SE 1.164,51 1.083,03 1.590,29 1.139,99 1.082,97 1.572,38 24,52 47,02 53,03
KMNS-SE Reconnected 1.416,31 1.043,16 1.759,79 1.392,47 1.044,22 1.740,51 23,84 45,98 51,80
KMDI-SE Reconnected 1.164,70 1.083,67 1.590,87 1.139,99 1.082,97 1.572,38 24,71 47,75 53,76
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Figure 7: a) K-Means reconnected by feeder failure 3. (b) K-Medoids reconnected by feeder failure 2.

the installation of voltage and current measuring equipment
on feeders, the implementation of protection and control
devices, and the early identification of system problems.

5. Discussion
Figure 8a shows how K-Means divides the medium and

low-voltage electrical network. Once the optimal number of
K is analyzed independently, K-Means is faster and more
scalable for data analysis. Still, it is sensitive to the initializa-
tion of the centroids and outliers in the database; on the other
hand, K-Medoids is more robust and tolerant to outliers,
being slower in its convergence; this does not prevent it from
optimally clustering the electrical distribution networks. It is
essential to analyze the importance of the weight at the time
of clustering a database; for the medium voltage network,
the cluster performs considering as weight of the distance

between nodes; being the network less prone to large voltage
drops, it is possible to calculate the collections without sig-
nificant difficulty, for the low voltage network, it is necessary
to change the weight to consumption demand per node using
a residential load, this ensures an improvement in the algo-
rithm at the time of clustering, giving a consistent number of
transformers to distribute the electrical energy to the loads.
With the growth of the 10-year demand, the installed power
increases, requiring transformers with a higher power or, in
turn, more transformer units since the existing power grid
would become saturated at a certain point; this behaviour
can to seen in Figure 6b, where it sees that the number of
transformers increases according to the criteria for finding K.
In the case in which one of the feeders fails for both K-Means
and K-Medoids, it observed how the voltage drops increase
due to the load increase, which makes its technical losses
for energy transport also increase, as can be seen in Table
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Table 5
System characteristics in normal state

S/E Capacity 5 MVA

Total Load

Real Power 3.686 MW
Reactive Power 2.325 MVAR
Apparent Power 4.358 MVA

Load Used

Real Power 3.614 MW
Reactive Power 1,534 MVAR
Apparent Power 3,926 MVA

Total losses 0,823 MVA
Max. ΔV 2,85 %
Length 15899 m
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Figure 8: a) k-Means Cluster LV. (b) K-medoids cluster LV.

4; this situation ensures that the system remains reliable
to supply electricity continuously and with the minimum
possible interruptions.

6. Conclusions
This article mainly aims to analyse cauterisation meth-

ods in electrical distribution networks. To cover this pur-
pose, the analysis of three case studies with different types
of problems that involve a degree of difficulty to analyse
the behaviour of the clustering algorithm so that it can have
a reliable, safe and balanced power grid; it observes that
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clustering methods have proven to be highly efficient to
create projected power grids, achieving favourable results
in meeting standards. It is essential to note that this type
of algorithm frequently use to model distribution power
grids [4] quickly and efficiently; the choice of one method
or another depends on the specific characteristics of each
data set, and the objectives of the analysis, cauterisation of
distribution power grids can be helpful to identify patterns of
consumption, power generation and loss assessment to seg-
ment customers or network users into homogeneous groups
[19]. This can help researchers make informed decisions
about grid management and maintenance and analyse fair
and efficient pricing and tariff policies. Finally, it is essential
to note that clustering is one tool within the broad field of
data analysis; other techniques and methods can be helpful to
analyse and better understand energy consumption and gen-
eration patterns. Therefore, combining data analysis tools
and methods are recommended to obtain a more complete
and accurate network view. In conclusion, the comparative
study of K-Means and K-Medoids clustering methods in
electrical distribution networks is essential to data analysis in
electrical distribution. The results indicate that both methods
are helpful and have specific strengths and weaknesses that
should be considered depending on the data set’s character-
istics and the analysis’s objectives.
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