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Abstract: The efficient sizing and characterization of the load curves of distribution trans-
formers are crucial challenges for electric utilities, especially given the increasing variability
of demand, driven by emerging loads such as electric vehicles. This study applies clustering
techniques and predictive models to analyze and predict the behavior of transformer de-
mand, optimize utilization factors, and improve infrastructure planning. Three clustering
algorithms were evaluated, K-shape, DBSCAN, and DTW with K-means, to determine
which one best characterizes the load curves of transformers. The results show that DTW
with K-means provides the best segmentation, with a cross-correlation similarity of 0.9552
and a temporal consistency index of 0.9642. For predictive modeling, supervised algo-
rithms were tested, where Random Forest achieved the highest accuracy in predicting the
corresponding load curve type for each transformer (0.78), and the SVR model provided the
best performance in predicting the maximum load, explaining 90% of the load variability
(R2 = 0.90). The models were applied to 16,696 transformers in the Ecuadorian electrical sec-
tor, validating the load prediction with an accuracy of 98.55%. Additionally, the optimized
assignment of the transformers’ nominal power reduced installed capacity by 39.27%, in-
creasing the transformers’ utilization factor from 31.79% to 52.35%. These findings highlight
the value of data-driven approaches for optimizing electrical distribution systems.

Keywords: machine learning; clustering; transformer load characterization; loadability;
predictive modeling; DTW with K-means; Support Vector Machines; Random Forest

1. Introduction
1.1. Context

Electricity is recognized as one of the main driving forces of economic development [1],
and its proper planning is essential for countries, which must implement efficiency-oriented
policies in this strategic sector. Electricity planning requires anticipating demand, defin-
ing an optimal mix of supply sources, planning operations, developing transmission and
distribution infrastructures, and establishing an environment that facilitates effective im-
plementation. There are two main approaches to planning in the electricity sector. These
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are strategic planning, focused on long-term projections [2], and incremental planning,
oriented to meet immediate and short-term needs [3].

In the global energy field, energy efficiency and renewable energies are pillars of
the transition to a more sustainable energy system. Energy efficiency, recently dubbed
the “invisible energy” for its ability to reduce consumption without negatively impacting
economic growth, is key to this transition [4]. In this context, energy losses represent a
constant challenge; these can be classified into technical losses, which can be mitigated
with technological improvements, and non-technical losses. Regarding technical losses,
distribution transformers are a critical component, since they generate losses in both the
core and the windings, with a significant impact on the performance of the electrical system.
Ref. [5] states that electrical losses in distribution transformers represent approximately
10% of the energy generated. According to estimates, losses in distribution transformers
amounted to 1181 TWh in 2020 and could exceed 1845 TWh in 2040 [6].

The over- or undersizing of distribution transformers has a direct impact on the
efficiency and operating costs of electric utilities [7]. Recent studies have analyzed how
the increasing adoption of loads such as electric vehicles and heat pumps can overload
transformers, reducing their lifetime and affecting service quality [8,9]. For this reason,
accurately determining the peak power load presents itself as a critical challenge [10],
especially in the transformer sizing process. This challenge is accentuated by the stochastic
nature of electrical demand, which is influenced by a variety of factors, such as load type,
climatic conditions, economic constraints, and consumption habits [11,12].

The characterization of distribution transformer load curves using clustering tech-
niques is essential for electric utilities as it facilitates the analysis of consumption patterns,
optimizes resources, and enables proper network planning. In the last decade, advances in
data mining and machine learning have enabled a significant improvement in the classifi-
cation and analysis of load profiles, which optimizes the management and loadability of
distribution transformers.

1.2. State of the Art

In relation to related works, one of the most common approaches to group similar
load profiles is the K-means clustering algorithm. In Ref. [13], this technique was applied
for the optimal sizing of distribution transformers, obtaining a 28.1% reduction in total
owning cost. This finding demonstrates that the characterization of load curves using
clustering techniques represents a powerful tool for the planning and optimization of
electrical infrastructure. Similarly, in Ref. [14], hierarchical clustering was used to identify
load patterns and examine key factors affecting energy losses, such as peak load duration
and load factor.

To address consumption variability and improve characterization accuracy, other stud-
ies have integrated data transforms. For example, in Ref. [15], the wavelet transform was
combined with big data techniques, increasing the efficiency of load pattern classification
in distribution networks. This approach is especially useful in complex networks, allowing
us to capture load patterns that change over time, which is essential for managing smart
grid infrastructures.

Regarding load profile generation, generative models such as GAN and VAE were
compared in Ref. [16], showing that these models preserve temporal correlation in the data
and can generate realistic consumption profiles. This type of model is especially useful in
simulations and future planning scenarios. In addition to traditional clustering techniques,
deep learning models have also been applied in short- and medium-term load demand
prediction. In Ref. [17], a hybrid model combining Closed Recurrent Units (GRUs) and
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Temporal Convolutional Networks (TCNs) was developed, achieving remarkable accuracy
in load prediction, which is crucial for demand response planning.

In Ref. [18], a model combining artificial neural networks (ANN) and clustering was
presented to optimize energy consumption at different levels. This approach improved the
accuracy of household occupancy detection by 30% and was useful for adjusting consump-
tion according to dynamic electricity prices and reducing demand during consumption
peaks. In Ref. [19], a hybrid load forecasting model for smart grids improved training
time by 44% by integrating deep learning (DNN, LSTM) with clustering (k-Medoid),
demonstrating how the combination of these techniques optimizes the time required for
demand prediction.

As technologies such as electric vehicles and distributed generation emerge, new
challenges arise in load characterization. In Ref. [20], it was evidenced that the high
penetration of these technologies increases the peak demand and reduces the lifetime
of transformers, which highlights the need to know the loadability of this equipment
and develop mitigation strategies based on clustering, such as K-means. This finding
is supported by [21], where it is observed that devices such as heat pumps and electric
vehicles have a differential impact on the load profile, generating sporadic peaks in the
case of electric vehicles and a more constant load in heat pumps.

Regarding energy consumption prediction, different supervised learning algorithms,
such as support vector regression (SVR) and artificial neural networks (ANNs), were compared
in [22] to predict the energy consumption of electric water boilers in a residential building. In
Ref. [23], a BE-LSTM framework, which combines feature selection by Backward Elimination
(BE) with LSTM networks for time series prediction, was proposed in order to achieve
significant improvement in the prediction accuracy of electricity consumption in buildings
with non-periodic fluctuations. This approach was shown to be effective, even with small
datasets, highlighting the importance of temporal and environmental variables.

In Ref. [24], an HTFT-CNN model was used to predict energy consumption in resi-
dential areas based on temporal data. This model facilitated the observation of intricate
consumption patterns, demonstrating its usefulness for prediction in complex networks. In
Ref. [9], a framework for predicting overload alarms in distribution transformers based on
machine learning classification was proposed. This improves the reliability and efficiency
of network operations.

In Ref. [12], two neural network techniques, transformers and LSTM, were compared
in terms of sizing distribution transformers. The results showed that the LSTM model
performed well in the training set, although it presented generalization difficulties in the
validation and test sets, suggesting possible overfitting problems. On the other hand,
the transformer-based model showed considerable variability in its performance depend-
ing on the specific transformer, indicating the differential adaptability of the model to
different contexts.

Despite advances in these fields, most studies have focused on characterizing loads at
the user level or analyzing the impact of new loads on distribution networks, approaches
that have a direct application in demand forecasting. However, one of the main needs
of utilities is to optimize the sizing of their distribution transformers, as undersizing can
lead to the inefficient use of resources and additional energy losses, while oversizing can
shorten the equipment’s lifespan and generate unnecessary operational costs. Additionally,
for effective energy planning, it is crucial to understand the load curves of transformers,
as they reflect the variability of electrical demand and how transformers respond to this
load over time. However, there is still a gap in research regarding the prediction of the
maximum load of transformers, especially in relation to the types of customers connected
and the behavior of this load throughout the day. This a crucial aspect of performance given
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that demand varies considerably according to factors such as the type of load, location, and
consumption habits.

To address this problem, this study proposes a data-driven approach to evaluate size
and characterize the load curves of distribution transformers. First, clustering techniques
are applied to analyze patterns in the historical load data of transformers, aiming to identify
and classify the different types of daily load curves based on their shape. Next, predictive
classification models are trained using the clusters obtained to predict the type of curve
associated with each transformer, considering predictor variables such as the quantity
and type of connected customers, geographic location, and other variables detailed in this
article. Finally, regression models are developed to predict the maximum load power of
transformers, using the same predictor variables. The predicted maximum load power,
combined with the selected load curve for each transformer, enables the analysis of the
dynamic behavior of electrical demand throughout the day, facilitating the monitoring
of transformer load status and optimizing sizing, thereby improving utilization. This
methodology not only optimizes grid planning and operation but also contributes to
system sustainability through the more efficient management of energy resources.

This paper is organized as follows: Section 2 describes the materials and methods;
Section 3 presents the results, along with a technical analysis and discussion; and Section 4
presents the conclusions derived from the study and makes recommendations for future work.

2. Materials and Methods
This research was carried out with data from an electrical sector in Ambato city in

Ecuador known as EEASA, located in the north–central region of the country. Figure 1
establishes the general scheme for the sizing and characterization of the load curves of
distribution transformers.
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2.1. Data Acquisition

EEASA, as part of its electrical service quality evaluation processes, carries out mea-
surements in distribution transformers using power quality analyzers. These devices,
obtained from the SONEL brand, are installed on the low-voltage side of the transform-
ers to generate files with extension “.pqm”. These require a proprietary application for
their reading. For the collection and automated processing of these data, a Python 3.11.11
script was developed using Desktop Automation techniques. Through this approach,
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the measurement records of each transformer were extracted and transformed into an
“.xlsx” format, facilitating their integration into an analysis environment based on pandas
Data Frames.

The load profile records cover a period of 7 days, with a time resolution of 10 min
per measurement. Initially, 415 transformers with different power ratings and geographic
locations were analyzed, with measurements since the year 2021. Since the study required
complementary variables, such as the number of connected customers and georeferenced
location, an integration with the GIS database was performed. However, during this
process, it was identified that some transformers were removed due to repowering, grid
upgrades, or operational failures, reducing the sample to 348 transformers.

To improve data quality and ensure the validity of the analysis, a power-based filter
was implemented per client. Outliers were identified using a strategy like the Pareto rule
(80/20), which states that, in many phenomena, approximately 80% of the effects come
from 20% of the causes [25,26]. For this, the lower 20th percentile and the upper 20th
percentile of the power distribution per customer were considered. Transformers in these
extreme ranges were discarded, resulting in a final sample of 208 valid transformers. In
Figure 2, the power distribution per customer before and after filtering is presented, where
a reduction in extreme values is observed, allowing a more representative analysis of the
population of transformers under study.
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Figure 2. Frequency of transformers vs. Power KVA per customer: (a) total transformers; (b) valid
transformers without extreme values.

In Figure 3, boxplot graphs are presented, showing the load distribution (kVA) of the
distribution transformers analyzed at each hour of the day, allowing us to identify the
variability and trends in electricity consumption over time. It is observed that between
00:00 and 06:00 h, public lighting has a greater impact on demand, while from 07:00
to 18:00, a progressive increase in load is evidenced, accompanied by a high level of
dispersion, suggesting the influence of transformers on commercial, industrial, or other
tariff customers. Finally, during night hours, there is a significant increase in demand due
to the predominance of residential consumption, reflecting typical patterns of energy use
in different sectors.
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2.2. Data Preprocessing
2.2.1. Variable Selection

According to Ref. [27], the classification approaches are divided into three main
groups depending on the type of analysis. These include intrinsic clustering, which uses
the internal characteristics of the time series, such as peak power, standard deviation,
and the time of peak demand. It also includes extrinsic clustering, which uses external
characteristics extracted from meteorological or economic variables. In this aspect it is not
guaranteed that these characteristics always correlate well with consumption patterns. It
also includes hybrid clustering, which uses intrinsic and extrinsic characteristics.

Considering that this work aims to determine the load curves and establish the maxi-
mum load power of distribution transformers based on their connected customers and the
information available from EEASA, this project will use intrinsic clustering with variables
such as those presented in Table 1. EEASA covers a geographically diverse area, encompass-
ing various provinces with different climatic characteristics and socioeconomic conditions.
Therefore, the expected load curves and the prediction of the maximum transformer load
power must reflect the electrical behavior across all these regions.

Table 1. Variables used for this study.

Variable Description

Power S_max Load curve every 10 min of the day of maximum demand
recorded in the analyzed period in KVA

Hour S_max Hour at which the transformers maximum load
was recorded

Customers by type
Number of customers connected to the transformers by

type: residential, commercial, industrial, other, and
public lighting 1

Province Geographical location of the transformers

Phases Type of transformer: single-phase, two-phase,
or three-phase

1 Public lighting; it refers to the public lighting power connected to the transformer.

To achieve this, the input variables for model training will include the types of loads
or customers connected to the transformers; their geographical location in the different
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provinces, which is related to the climatic and socioeconomic conditions of the consumers;
and the type of transformer, whether single-phase, two-phase, or three-phase. Additionally,
it is considered crucial to know the time of maximum load, as this will help to classify and
characterize the load curves.

To obtain the necessary variables for this study, the load records from the energy
analyzers were first extracted. From this, the dependent variable, Potencia S_max, was
obtained. This corresponds to the load curve of the day with the maximum power recorded
in KVA for the transformers. Subsequently, the independent variables associated with these
transformers were obtained, including the time of peak demand, which was determined
directly from the corresponding load curve. Additional variables, such as the type of phase
(single-phase, two-phase, or three-phase), as well as information about the customers, their
types, and the location of the transformers by province were extracted from the EEASA’s
GIS database.

2.2.2. Data Cleaning and Preprocessing

The data obtained from the load analyzers are preprocessed to ensure their quality
and consistency, eliminating possible outliers and days with incomplete records. Since the
analyzers record the power for each phase of the transformers, the demands of all phases
were added together to obtain the total load of this equipment; additionally, considering
that the load profiles of the transformers presented short duration peaks due to the variable
behavior of the customers’ energy consumption, it was necessary to smooth these peaks. It
was also necessary to convert the time stamp format into hours and minutes to obtain the
daily load curves; finally, the data were filtered to obtain the load profiles corresponding
to the days and time when the maximum demand recorded for each transformer was
presented; this demand serves as a reference to establish the maximum loadability of the
distribution transformers.

2.2.3. Peak Smoothing

For peak smoothing, the exponentially weighted moving average (EWMA) filter was
used. The parameters set were window_size = 7 and min_periods = 3.

2.2.4. Standardization

The load profiles were subsequently normalized to eliminate variability in the con-
sumption and power ranges of the transformers. To normalize the data, the Maximum
Normalization technique was used with Python, applying the numpy library according to
the following equation.

x′i =
xi

max(X)
(1)

In Equation (1) x′i is the normalized value between 0 and 1, xi is the individual value
from the vector, and max(X) is the maximum value of the vector.

2.3. Application of Clustering Algorithms to Characterize Transformer Load Curves

Once the data were prepared, different clustering algorithms were applied, such as
K-shape, Density-Based Spatial Clustering of Applications with Noise (DBSCAN), and
Dynamic Time Warping (DTW) with K-means methods. These methods were selected
as they present good characteristics with which to analyze time series, with the goal of
finding the model that best fits the structure of the data and allows for the characterization
of transformer load curves based on the daily load records of the sampled transformers.

1. K-shape is a clustering method designed specifically for time series. K-shape uses a
similarity measure called Shape-Based Distance (SBD), which compares the shapes
of time series by ignoring time shifts and scales. This makes the method particularly
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well suited for characterizing the load curves of transformers.
The objective function of K-shape is to group n time series into k clusters, so as to
minimize the dissimilarity between the series and their respective centroids. For this
purpose, the following mathematical formulation is applied:

J =
k

∑
i=1

∑
x∈Ci

(1 − NCC(x, µi)) (2)

In Equation (2), Ci is the set of series assigned to the i-th cluster, x is a time series
within the cluster, µi is the centroid based on the shape of the i-th cluster, and NCC(x, µi) is
the normalized cross-correlation coefficient between the series x and the centroid µi, which
measures the similarity between shapes.

2. DBSCAN is a clustering algorithm that defines clusters as densely connected regions,
using the concepts of neighborhood, density, and connectivity. It is particularly
effective for identifying patterns in noisy data or complex distributions, especially
when the number of clusters is not known in advance. This is particularly useful in
the present study, as the load curves of the transformers are unknown. A cluster is
defined as the largest set of points connected by density. This means that for any pair
of points, p and q are within the cluster and p ↔ q.

Cluster C = {p ∈ Datos | A

q ∈ C, p ↔ q } (3)

In Equation (3), the ϵ-neighborhood of a point p is the set of points whose distance to
p is less than or equal to value ϵ; point p is a core point if its ϵ-neighborhood contains at
least MinPts points (including the point p itself); and point q is directly density-reachable
from point p.

3. DTW with K-means. A variant of K-means, DTW replaces Euclidean distance with
Dynamic Time Warping (DTW) as the similarity metric. This is particularly useful
for transformer load curves, as they may have similar shapes but are shifted in time.
DTW allows for the more accurate characterization of transformer load curves by
accounting for these temporal shifts. The objective of the algorithm is to find k clusters
and their centroids such that the total DTW distance within each cluster is minimized.
The objective function is as follows:

J =
k

∑
i=1

∑
Q∈Ci

DTW(Q, µi) (4)

In Equation (4), k is the number of clusters, Ci is the set of sequences assigned to the
i-th cluster, and µi is the centroid of the i-th cluster. This is a representative time series that
minimizes the sum of the DTW distances to all series in the cluster.

Dynamic Time Warping (DTW) is a technique used to measure the similarity between
two sequences, namely, Q = {q1, q2, . . ., qn} and C = {c1, c2, . . ., cm}. It defines the optimal
alignment between these sequences while minimizing the total distortion cost.

DTW (Q , C) = min
path P

∑
(i, j)∈ P

dist
(
qi, cj

)
(5)

In Equation (5), P is a valid path in the distance matrix between Q and C and dist(qi, cj)
is a point-to-point distance between qi and cj.

µi = arg min
S∈Ci

∑
Q∈Ci

DTW(Q, S) (6)
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In Equation (6), the centroid µi is a representative time series that minimizes the sum
of the DTW distances to all series in the cluster.

2.4. Application of Models to Determine the Characteritics Load Curves

After defining the representative load curves for the distribution transformers using
clustering techniques, the results are used as labels on the sampled transformers to train
a model that is able to predict the type of curve associated with each transformer based
on the information available in the EEASA l. For this, the dependent and independent
variables indicated in Table 2 are used. On this occasion, machine learning techniques with
a classification approach are used, such as Random Forest with its RandomForestClassi-
fier function, Support Vector Machines with their Classification_report function, Neural
Networks with their MLPClassifier function, and LightGBM with their LGBMClassifier
function. The evaluation of the metrics obtained with each technique will define the best
model selected for use.

Table 2. Variables to determine the transformer load curve.

Variable Type Description

Number of customers by type Independent Customers connected to the transformer by type: residential,
commercial, industrial, public lighting 1, and other

Province Independent Geographical location of the transformers

Phases Independent Type of transformer: single-phase, two-phase, or three-phase

Cluster Dependent Cluster to which the transformer belongs
1 public lighting refers to the public lighting power connected to the transformer.

2.5. Application of Models to Determine the Loadability of Ditribution Tranformers

To determine the loadability of the transformers, the variables listed in Table 3 are used
to train a machine learning model with a regression approach that predicts the maximum
load power based on the predictor variables. The algorithms analyzed include Random
Forest, XGBoost, neural networks, and Support Vector Machines. The evaluation of the
metrics obtained from each technique will allow for the selection of the most suitable model.
This maximum power, along with the load curve selected for each transformer after being
obtained with the model explained in the previous section, will provide insights into the
electrical load behavior throughout the day and the operational status of the transformers,
facilitating decisions regarding optimization in terms of nominal power and improving
their utilization factor.

Table 3. Variables to determine the loadability of transformers.

Variable Type Description

Number of customers by type Independent
Customers connected to the transformer by type:

residential, commercial, industrial, public lighting 1,
and other

Province Independent Geographical location of the transformers

Phases Independent Type of transformer: single-phase, two-phase,
or three-phase

S_max Dependent Maximum load power of the transformer in KVA
1 public lighting refers to the public lighting power connected to the transformer.
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2.6. Criteria for Algorithm Selection
2.6.1. Evaluation Index for Clustering Selection

In order to select the appropriate algorithm for the clustering of distribution trans-
former load curves, preprocessed and normalized time series were used. After that, several
clustering techniques were applied, such as K-shape, DBSCAN, and DTW with K-means,
and the comparison of internal validation metrics, such as those indicated in Table 4, was
performed. These metrics aim to determine the representativeness of the centroids with
respect to the load curves grouped in each cluster as well as the cohesion or similarity in
the shape of the load curves, the stability or temporal consistency of the time series over
time, and the separation between clusters; however, it should be noted that, by themselves,
these metrics are insufficient to validate a model since they are limited to specific appli-
cation scenarios. That is to say, their use depends on the type of data and the objective
of the analysis, as stated by [28]. Therefore, for studies like the analysis of time series to
characterize transformer load curves, the criterion of a person who is knowledgeable about
the behavior of electricity consumption in the area where the project is being evaluated will
always be stipulated.

Table 4. Metrics for selecting the clustering algorithm to characterize load curves.

Index Equation Parameters

Centroid representation
error ERCglobal =

∑k
c=1 Nc ·ERCc

∑k
c=1 Nc

Nc is the number of points in cluster c, kis the total number of clusters, and ERCc
is the centroid representation error for cluster c

Cross-correlation
similarity CCS(x, µ) = max

(
∑T

t=1(xt −x) (µt −µ)√
∑T

t=1(xt−x)2
√

∑T
t=1(ut−u)2

) xt is the value of the time series x at time
t, µt is the value of the time series µ at time t, x is the mean of the time series x, u

is the mean of the time series µ, and T is the total number of time points in the
time series

Temporal consistency TCIglobal =
∑k

c=1 Nc ·TCIc

∑k
c=1 Nc

K is the number of clusters, Nc is the number of elements (data points) in cluster c,
and TCIc is the Temporal Consistency Index for cluster c

Silhouette index S = 1
NC ∑i

{
1
ni

∑
x∈Ci

b(x)−a(x)
max[b(x),a(x)]

} a(x) is the average distance from point x to all other points in the same cluster
(intra-cluster distance), b(x) is the average distance from point x to all points in the
nearest cluster (inter-cluster distance), and NC is the number of points in the dataset

Davies–Bouldin index DB = 1
N ∑N

i=1 maxj ̸=i

(
σi−σj

d
(

ci ,cj
)
) σi is the average distance between each point in cluster i and the centroid of cluster i,

d(ci , cj) is the distance between the centroids of clusters i and j. ci and cj are the
centroids of clusters i and j, and N is the number of clusters.

Calinski–Harabasz index CH =
∑i ni d2(ci ,c)/(NC−1)

∑i ∑x∈ci d2(x,ci)/(n−NC)

ni is the number of points in cluster i, d2(ci , c) is the squared distance between the
centroid of cluster ci, and the global centroid c, d2(x, ci) is the squared distance

between point x and the centroid of cluster ci .
n is the total number of points in the dataset, ci is the centroid of cluster i, c is the

global centroid of the dataset, and NC is the total number of clusters.

2.6.2. Evaluation Index for Curve Type Prediction Algorithm Selection

To select the algorithm that best predicts the transformer load curve as a function of
the predictor variables, the metrics listed in Table 5 were evaluated.

Table 5. Metrics for selecting the clustering algorithm to predict the load curves.

Index Equation Parameters

Accuracy ACC = TP+TN
TP+TN+FP+FN

TP is true positives, TN is true negatives, FP
is false positives, and FN is false negatives.

Recall Recall = TP
TP+FN TP is true positives and FN is false negatives.

Precision P = TP
TP+FP TP is true positives and FP is false positives.

f1-score F1 = 2 × Precision × Recall
Precision + Recall

F1 Score combines precision and recall into a
single metric that balances both.

2.6.3. Evaluation Index for Load Prediction Algorithm Selection

To select the algorithm that best predicts transformer loadability as a function of the
predictor variables, the metrics listed in Table 6 were evaluated.
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Table 6. Metrics for evaluating the transformer load prediction.

Index Equation Parameters

Coefficient of determination R2 = 1 − ∑(yi−ŷi)
2

∑(yi−y)2

yi is the real value, ŷi is the predicted value, y is the mean of
the real values, ∑(yi − ŷi)

2 is the sum of squared errors
(residuals), and ∑(yi − y)2 is the total sum of squared

deviations of the actual values from the mean.

Mean absolute error MAE = 1
n ∑n

i=1|yi − ŷi |
yi is the real value, ŷi is the predicted value, and n is the total

number of samples.

Mean squared error MSE = 1
n ∑n

i=1(yi − ŷi)
2 yi is the real value, ŷi is the predicted value, and n is the total

number of samples.

Root mean squared error RMSE =
√

1
n ∑n

i=1(yi − ŷi)
2 yi is the real value, ŷi is the predicted value, and n is the total

number of samples.

Mean absolute percentage error MAPE = 1
n ∑n

i=1

∣∣∣ yi−ŷi
yi

∣∣∣·100
yi is the real value, ŷiis the predicted value, and n is the total

number of samples.

3. Results and Discussions
3.1. Selection of Clustering Algorithms and Characterization of Load Curves

For the characterization of distribution transformer load curves, we applied clustering
algorithms such as K-shape, DBSCAN, and DTW with K-means to evaluate their ability to
efficiently group time series. The selection of the optimal algorithm was based on several
internal validation metrics, allowing us to quantify the cohesion and separation of the
generated clusters and obtain the validation of an expert in electricity consumption in the
study area.

The results of the metric evaluations are presented in Table 7. The results indicate
that the DTW algorithm with K-means offers the best overall performance, standing out in
terms of centroid representation error (0.6177). This suggests that its centroids are the most
representative of the curves within each cluster. In addition, it obtains the highest values
in Cross-Correlation Similarity (0.9552) and Temporal Consistency (0.9642), showing that
the loading patterns within each cluster are homogeneous and stable over time. Likewise,
the Silhouette Index (0.355) and the Calinski–Harabasz Index (179.4344) confirm that the
segmentation generated is compact and well differentiated. In contrast, DBSCAN, although
it achieves a lower Davies–Bouldin index (1.0736) and the highest Temporal Consistency
(0.9759), presents a negative Silhouette Index (−0.2297), which indicates that the clusters
are not well separated and that there is an overlap between them, which could make the
interpretation of the results difficult.

Table 7. Results of metrics for evaluating clustering algorithms.

Index K-Shape DBSCAN DTW with K-Means

Centroid representation error 1.0471 0.8009 0.6177
Cross-correlation similarity 0.8074 0.8460 0.9552

Temporal consistency 0.7783 0.9759 0.9642
Silhouette index 0.2184 −0.2297 0.355

Davies–Bouldin index 1.9458 1.0736 1.5393
Calinski–Harabasz index 25.9657 3.3493 179.4344

Although K-shape presents intermediate values in most metrics, its Davies–Bouldin
index (1.9458) is the highest, indicating a smaller separation between clusters and a less de-
fined group structure. In addition, its lower Cross-Correlation Similarity (0.8074) suggests
that the time series clustered in this model presents a lower degree of cohesion compared
to DTW with K-means.

It is important to note that, although some metrics, such as centroid representation
error, Silhouette Index, and Davies–Bouldin values, do not present optimal values in all
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cases, previous studies suggest that internal metrics alone are not sufficient to validate a
clustering model. According to Ref. [28], we require an expert in electrical aspects, who,
based on their knowledge of the behavior of electricity consumption in the study area, can
interpret the results and validate the quality of the clustering. Under this premise, based
on the analysis of the load curves obtained with the different algorithms, it is concluded
that the results obtained with DTW with K-means are acceptable for the segmentation of
distribution transformer load curves. A detailed explanation of these results, including the
centroids of the obtained clusters, is provided further down in the document.

From the analysis performed, it is concluded that the most suitable algorithm for the
characterization of distribution transformer load curves is DTW with K-means. Figure 4a
presents the results of the elbow method, used to determine the optimal number of clusters.
This method measures distortion, defined as the sum of the distances between the curves
and their centroids, showing that as the number of clusters increases, the inertia decreases
due to the higher specificity in the segmentation. It is observed that using between 4 and
6 clusters could allow us to adequately segment the load curves; however, to validate
this choice, the silhouette index is analyzed in Figure 4b, where it is identified that the
best performance is obtained with 2 or 3 clusters. Since the objective of the study is to
characterize the load curves with more homogeneous groups, it is chosen to use 2 clusters
as the best configuration. However, if there were more transformer load records, new
clusters could be created to represent the electrical behavior based on the different types of
clients connected to the transformers.
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Figure 4. Methods used to determine the number of clusters of DTW with K-means: (a) Elbow
Method; (b) Silhouette Scoring Method.

To visualize the distribution of the curves in a lower-dimensional space, Principal
Component Analysis (PCA) was applied, the results of which are presented in Figure 5. In
this three-dimensional representation, the blue points correspond to the series grouped in
cluster 0, while the orange points represent the series in cluster 1. Partial overlap is observed
between the load curves because both clusters share similar load patterns, meaning that
the series within each cluster follow a common trend but are not identical. Additionally,
the more dispersed points indicate greater variability within each group, reflecting small
differences in the behaviors of the series and highlighting the internal diversity of each
cluster. This behavior reinforces the choice of two clusters as the most appropriate and
representative means of segmenting the data, ruling out the need for more clusters.
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Figure 5. Principal Component Analysis of DTW with K-means.

Figure 6a shows a boxplot of cross-correlation similarities, where an average close to
95% is observed, confirming the high cohesion of the curves within each cluster. On the
other hand, Figure 6b presents the results of the temporal consistency index, with values
above 90% seen in both clusters, validating the stability of the loading patterns over time.
These indicators support the choice of the model and demonstrate that the segmentation
achieved effectively captures the structure of the distribution transformer load curves.
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The DTW with a K-means algorithm allowed us to classify the load curves of the
distribution transformers for the day of maximum demand, identifying two main types of
behavior, as shown in Figure 7. In this visualization, the centroids and curves associated
with each cluster are presented. However, there are peaks at the red centroids that do not
allow for the adequate characterization of the load curves. To attenuate these peaks and
achieve a more representative characterization of consumption patterns, the median was
calculated at each point in the time series. The result of this transformation is observed in
Figure 8, where median-based centroids provide a more robust view of overall load trends.
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Figure 7. Load curves classified in each cluster, with centroids in red—DTW with K-means: (a) load
curve cluster 0; (b) load curve cluster 1.
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The first group of curves, shown in Figure 8a, corresponds to transformers with a higher
proportion of commercial and industrial customers. These curves show an increase in load from
08:00 to 18:00, reflecting the operating hours of these types of users. Subsequently, demand
decreases progressively in the evening hours. On the other hand, the second group of curves,
shown in Figure 8b, characterizes predominantly residential transformers, whose consumption
peaks occur after 18:00, coinciding with the switching on of public lighting and the increase in
residential demand. This behavior is also evident in the reduction in consumption after 06:00,
when public lighting is turned off, thus consolidating the relationship between residential
consumption patterns and nighttime electricity demand.

Figure 9 shows the curves determined by DBSCAN, the gray lines are the data from the
transformers and the red line is the centroid of each cluster. This algorithm does not require
prior knowledge of the number of clusters; on the contrary, the algorithm automatically
detects clusters thanks to its ability to identify groups of densely connected points in a
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dataset, which allows it to identify those curves that do not belong to any clusters as
atypical or unique. As such, it is not ideal for curve characterization, which is the objective
of this study. The unique curves shown in Figure 9 can be attributed to the limited number
of transformer samples. If we measured a greater number of transformers with similar
connected loads, it would be possible to reduce unique curves and form new groups that
reflect the curves based on the different types and quantities of connected customers. This
would allow for more accurate representation of electrical behavior at a global level.

Figure 9. Load curve centroids—DBSCAN.

Based on the results obtained from the centroids with DTW and K-means, the curves
were normalized to generate a per-unit curve, shown in Figure 10, allowing the characteri-
zation of the load curves of distribution transformers by multiplying the maximum load by
each point of the characterized curve. It is important to note that the obtained load signal
patterns not only facilitate the characterization of the load behavior of distribution trans-
formers but also serve as a key tool for the management and planning of the distribution
system’s operation.

The analysis of these load curves can be used to identify potential overloads or
imminent failures in the equipment, facilitating the analysis of their technical condition. By
integrating these load patterns into the operational planning of the distribution system, the
maximum power demands in different areas can be anticipated more accurately, allowing
for the more efficient adjustment of the electrical infrastructure to meet these needs.

Additionally, these patterns can contribute to dynamic load management, enabling
analysis with load profiles in electrical networks to more effectively assess energy losses
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or the integration of distributed generation sources. These sources, which exhibit variable
behavior over time, have a dynamic impact on distribution networks, with effects that are
not static but rather vary depending on the different times of the day.
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3.2. Transformer Curve Type Prediction Algorithm Selectrion

With the types of curves labeled on the distribution transformers using the clustering
methodology, the dataset was divided, using 80% for training and 20% for testing. The
objective was to develop a prediction model capable of estimating the transformer load
curve as a function of the independent variables established in Table 2.

To select the most suitable algorithm, the Random Forest, Support Vector Machine
(SVM), neural network, and LightGBM (Light Gradient Boosting Machine) models were
evaluated. The key metrics used for the comparison are presented in Table 8. The results
show that Random Forest achieved the best overall performance, standing out with an
accuracy of 0.78. It also demonstrated a consistent performance across the metrics for both
Cluster 0 and Cluster 1. In particular, the precision (0.67/0.83) and recall (0.60/0.86) are
fairly balanced between the two clusters and show superior to the results of the other algo-
rithms, suggesting that the model is not only capable of performing accurate classification
but also maintains a good level of generalization. This means it can identify patterns and
make accurate predictions about new samples not seen during training. The F1-score of
0.63/0.84 demonstrates a good balance between precision and recall, indicating that the
model is able to correctly identify both common and less frequent cases, such as those
in Cluster 0, without losing performance in either category. These results highlight that
Random Forest has excellent generalization capabilities, adapting well to different types of
data and avoiding overfitting, which is crucial for effectively predicting transformer load
curves in various scenarios.

Table 8. Comparison of metrics used for selection of algorithms for transformer curve prediction.

Index Random Forest
Cluster 0/Cluster 1

Vector Support Machines
Cluster 0/Cluster 1

Neural Networks
Cluster 0/Cluster 1

LightGBM
Cluster 0/Cluster 1

Accuracy 0.78 0.75 0.72 0.66
Recall 0.60/0.86 0.40/0.91 0.30/0.91 0.60/0.68

Precision 0.67/0.83 0.67/0.77 0.60/0.74 0.46/0.79
F1 score 0.63/0.84 0.50/0.83 0.40/0.82 0.52/0.73

Due to its superior performance, Random Forest was selected and adjusted with the
optimal parameters in Table 9 for the prediction of distribution transformer load curves. In
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Figure 11a, the difference between the actual values and the model predictions is shown,
evidencing high accuracy in most cases. Additionally, Figure 11b presents the confusion
matrix, where it is observed that, out of a total of 208 transformers, the model correctly
predicts 200, while 8 are misclassified, yielding an accuracy of 96%.

Table 9. Parameters in the Random Forest algorithm.

Parameter Description Value

n_estimators Number of trees in the forest 200
min_samples_split Minimum number of samples required to split a node into two 2
min_samples_leaf Minimum number of samples required in a terminal leaf of a tree 1

Max_depth Maximum depth of each tree in the forest 10
class_weight Class weights balanced
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Figure 11. Shows the precision in predicting the type of curve: (a) difference in actual and predicted
values of transformer curve type [Cluster DTW_KMeans—Cluster Predicted]; (b) donfusion matrix
of transformer curve type predictions.

3.3. Transformer Load Prediction Algorithm Selectrion

To determine the best algorithm for distribution transformer loadability prediction,
the dataset was divided into 80% training and 20% test groups to train a distribution
transformer load curve prediction model as a function of the independent variables set out
in Table 3.

For the prediction of transformer loadability, four machine learning algorithms were
evaluated: Random Forest, XGBoost, neural networks, and Support Vector Machine (SVR).
Table 10 presents the results obtained using the different evaluation metrics, where it is
evident that the SVR model obtained the best performance, reaching an R2 of 0.90, which
indicates that it is capable of explaining 90% of the variability in the data. In addition,
it registered the lowest Mean Absolute Error (MAE) at 2.28, the lowest Mean Squared
Error (MSE) at 11.20, and an RMSE of 3.35, demonstrating greater accuracy and stability
in its predictions compared to the other models. On the other hand, the neural networks
algorithm shows the lowest performance with an R2 of 0.77, which can be attributed to the
limited amount of training data available. Although neural networks are robust models for
learning complex patterns, they require large volumes of data to avoid overfitting. Without
enough data, the model may lose its ability to generalize, as evidenced by the high MAPE
of 185.28%.
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Table 10. Comparison of metrics for load prediction algorithms.

Index Random
Forest XGBOOST Neural

Networks
Vector Support

Machines

R2 0.82 0.85 0.77 0.90
MAE 2.91 2.90 3.86 2.28
MSE 19.48 16.65 25.24 11.20

RMSE 4.41 4.08 5.02 3.35
MAPE 36.22% 32.54% 185.28% 25.94%

In order to assess the impact of hyperparameters on the model results, the parameters
of the models with the best scores, specifically XGBOOST and SVR, were adjusted. Table 11
presents the modified hyperparameters, while Table 12 shows the results obtained when
predicting the load of the transformers. The results indicate a decrease in model accuracy,
although SVR remains the most accurate algorithm for load prediction.

Table 11. Parameters configured for sensitivity analysis.

Parameter XGBOOST Vector Support Machines

colsample_bytree 1 -
n_estimators 180 -
learning_rate 0.05 -

epsilon - 0.01
C - 1000

kernel - rbf

Table 12. Comparison of metrics for load prediction algorithms’ changing hyperparameters.

Index XGBOOST Vector Support Machines

R2 0.79 0.88
MAE 3.25 2.48
MSE 22.37 13.02

RMSE 4.73 3.61
MAPE 28.20% 25.68%

The Support Vector Machine (SVR) algorithm was selected for its superior perfor-
mance in the evaluation metrics, showing better prediction capability compared to the
other models tested. To optimize its performance, the parameters detailed in Table 13 were
configured, adjusting the hyperparameter C to control the error penalty and epsilon to de-
fine the prediction tolerance. These adjustments allowed us to improve the accuracy of the
estimations, ensuring a balance between bias and variance in the prediction of distribution
transformer loads. In Figure 12, the graphical comparison between the real values and
the power values predicted by the SVR model is presented, while Figure 13 illustrates the
projection of real versus predicted loads as a function of their associated customers.

Table 13. Best parameters configured in the Support Vector Machine (SVR) algorithm.

Parameter Description Value

C Controls the penalty of errors. 50
epsilon Defines the tolerable margin of error. 0.001

kernel Function for transforming the data into a
higher-dimensional space. linear
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Figure 13. Scatter plot of real and predicted values of transformer loading.

To validate model training to predict the transformer load, Figure 14a presents a
residual plot where the blue points do not show any evident pattern around the red
horizontal line, indicating that the model is capturing the relationships between variables
correctly without systematic errors. This random behavior of the residuals suggests the
good performance of the selected algorithm. On the other hand, Figure 14b shows a
comparison between the distribution of real and predicted values, and a high similarity
between both curves can be observed. This reinforces the validity of the model and
demonstrates that the predictions made by the algorithm are consistent with the observed
data, supporting its effectiveness in predicting transformer loads.
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3.4. Model Evaluation

The load prediction model developed was applied to the 16,696 transformers of
EEASA in operation during the year 2024. Their actual coincident power at 19:20 was
127,428.21 kVA. It is important to note that this demand only corresponds to transformers
with customers metered at low voltages, and excludes those associated with private cus-
tomers metered at medium voltages. This segmentation was performed with the purpose of
evaluating the accuracy of the model, which predicts transformer loads based on customers,
who are classified by tariff type (residential, commercial, industrial, and other) and public
lighting power using data obtained from the GIS database.

The model estimated the maximum load power of each transformer and, by applying
the normalized load curves found in this study, calculated the total power coincident at
19:20, obtaining a value of 129,275.67 kVA. When comparing this result with the demand
registered in 2024 (127,428.21 kVA), the model was validated with an accuracy of 98.55%,
which shows its high adjustment capacity and reliability in the representation of the real
behavior of the demand in the distribution network.

In terms of installed capacity, the total power in transformers with customers in
EEASA’s GIS database in the year 2024 amounted to 400,831 kVA, which represents an
average loadability of these transformers of 31.79% (127,428.21/400,831). Applying the
model to guarantee the correct distribution of infrastructure with the growth of future
demand, a load increase of 40% was considered in addition to the demand projected by
the model, allowing the transformers to be sized efficiently. Through this adjustment, the
closest commercially available power for each transformer was determined, resulting in
a 39.27% reduction in installed power, from 400,831 kVA to 243,437.50 kVA, with a new
average loadability of 52.35%.

In Figure 15, the power distribution of real transformers (blue) compared to the sug-
gested transformers (orange) is shown. A significant increase is observed in transformers
of 5 kVA and 15 kVA, which indicates a reduction in the installation of equipment of 10,
25, and 37.5 kVA, as well as equipment with higher capacities. This resizing allows for
greater efficiency in the use of the electrical infrastructure, optimizing the operation without
compromising the reliability of the system.
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transformer load curves. In the initial phase of the analysis, the segmentation of time
series using clustering algorithms allowed the identification of distinct patterns of power
consumption. The comparison of internal validation metrics shows that the DTW method
with K-means offers a superior clustering structure, standing out for its low centroid repre-
sentation error (0.6177) and high Temporal Consistency (0.9642), which reflects adequate
coherence in the temporal behavior of the data. In contrast, although DBSCAN showed
good performance in detecting single curves, its low compactness and high Davies–Bouldin
index (1.0736) indicate that it is not the most suitable method for the generalized segmenta-
tion of load curves. Furthermore, the analysis of other metrics, such as the Silhouette Index
(0.355) and the Calinski–Harabasz Index (179.4344), for DTW with K-means reinforces
the ability of this approach to generate more compact and well-defined groupings. These
results underscore the importance of complementing quantitative metrics with the expert
validation of the electrical domain, which allows for the accurate interpretation of the
relevance of each clustering in electrical infrastructure planning.

From the point of view of predictive modeling, the results highlight that algorithm
selection depends on the nature of the problem. In the classification of load curves, Random
Forest showed the best performance, reaching an accuracy of 78%, and maintained a good
balance between recall and accuracy, making it a suitable choice for this task. Regarding
the prediction of the power demanded by the transformers, Support Vector Machine (SVR)
proved to be superior, with an R2 of 0.90, the lowest MAE (2.28), and the lowest RMSE
(3.35). These results are consistent with previous studies, such as that of Ref. [22], which
used SVR to predict the energy consumption of electric boilers with an R2 of 0.84. In
contrast, other approaches, such as Multilayer Perceptron (MLP) artificial neural networks
(ANNs), did not perform well, suggesting that these techniques have limitations in this
context. In research such as Ref. [12], overfitting problems were found in LSTM models,
which reinforces the advantage of simpler and more efficient models such as SVR. In
turn, the transformer model, although promising, showed considerable variability in its
performance depending on the specific transformer, indicating that this type of model may
require a more adaptive approach in dynamic scenarios. Compared to the hybrid approach
proposed in Ref. [17], which combined GRUs and TCNs, the SVR algorithm used in this
study achieved comparable results, but with a more simplified model.

On the other hand, the neural networks applied in this study did not perform well,
especially in terms of MAPE (185.28%) and R2 (0.77), suggesting that this model does
not adequately fit the data in this task. In summary, SVR stands out as the most robust
model; these findings reinforce the idea that, in regression problems applied to electrical
infrastructure, models based on convex optimization techniques, such as SVR, can be more
effective than deep learning approaches, which often require finer hyperparameter tuning
to achieve stability.

Finally, the application of the prediction model to EEASA’s 16,696 transformers al-
lowed us to estimate a projected coincident power of 129,275.67 kVA, validating the model
with an accuracy of 98.55%. This suggests that the model has high reliability and can be used
with confidence for decision making. In addition, the optimization in transformer allocation
resulted in a 39.27% reduction in installed power, from 400,831 kVA to 243,437.50 kVA,
with an improvement in average loadability, which increased from 31.79% to 52.35%. These
results underscore the positive impact of machine learning on energy management, allow-
ing for the more efficient sizing of electrical infrastructure and more sustainable planning.
However, although the results of the study are favorable, it is recommended to include a
larger number of transformer samples to further improve the training of the model and
cover all possible combinations of consumers connected to this equipment.
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4. Conclusions
This study addresses a critical challenge facing electric utilities, the optimization of the

sizing of distribution transformers, which is key in improving operational efficiency and
reducing costs. Through the analysis of historical load data from transformers, an approach
based on machine learning techniques is proposed to characterize load curves and predict
the maximum load of transformers. The innovation of our work lies in the integration of
clustering techniques and predictive models, which allows us to classify the load curves
and precisely predict the maximum load of transformers based on variables such as the
type and quantity of connected customers, geographic location, and other relevant factors.

This study highlights the importance of applying advanced data science techniques to
demand optimization and load curve characterization in distribution transformers. The
implementation of unsupervised algorithms such as K-shape, DBSCAN, and DTW with
K-means, along with internal validation metrics such as Silhouette, Davies–Bouldin, and
Calinski–Harabasz, allowed for evaluating the segmentation quality. However, it was
observed that these metrics, although useful, are not sufficient on their own, requiring the
intervention of experts in the electrical domain to validate the results.

In addition, predictive models, based on supervised algorithms such as Random Forest,
LightGBM, Support Vector Machines, and neural networks, were employed. This allowed
us to compare their ability to classify curve types and predict transformer loading. It was
found that Random Forest achieved a good balance between accuracy and recall, facilitating
more equitable prediction between categories. On the other hand, the SVR model stood
out in regression, reaching an R2 of 0.90 and the lowest absolute error, positioning it as the
best option for predicting transformer loadability. It provides a balance between accuracy,
stability, and generalization capacity—key factors for decision making in the planning and
optimization of electrical infrastructure. However, the results highlight that the choice
of model should be based on overall accuracy and its ability to handle unbalanced data
distributions and outliers.

The results obtained show that this approach optimizes the utilization factor of trans-
formers, reducing the installed capacity without compromising operational efficiency. This
not only improves grid planning and operation but also contributes significantly to the
sustainability of the system through the more efficient management of energy resources.
Moreover, the proposed methodology provides a dynamic and more accurate way to size
transformers, considering the variability of electrical demand throughout the day—an
aspect that has been scarcely explored in the existing literature. This key innovation allows
electric utilities to optimize infrastructure in a way that is more closely aligned with real
consumption needs and demand variability.

In future work, we plan to explore the inclusion of deep learning models, such as Long
Short-Term Memory (LSTM) networks, to further investigate their potential in transformer
load prediction. Additionally, we aim to explore dimensionality reduction techniques like
Principal Component Analysis (PCA) and t-Distributed Stochastic Neighbor Embedding
(t-SNE) to enhance cluster analysis for load curve characterization. Furthermore, acquiring
a larger dataset of load records would enable the more precise modeling of electrical
consumption patterns, which would ultimately improve the accuracy and generalization of
the prediction models.
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