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Abstract

This study presents an innovative methodology to optimize the operation of distribution
transformers through the estimation of hourly load curves, aimed at minimizing technical
losses due to oversizing, particularly in systems lacking advanced metering infrastructure.
The proposed approach combines clustering techniques, K-Means with DTW, to identify
representative daily consumption patterns and a supervised model based on LightGBM to
estimate hourly load curves for unmetered transformers, using customer characteristics
as input. These estimated curves are integrated into a process that calculates technical
losses, both no-load and load losses, for different transformer sizes, selecting the optimal
rating that minimizes losses without compromising demand. Empirical validation showed
accuracy levels of 95.6%, 95.29%, and 98.14% at an individual transformer, feeder, and a
complete electrical system with 16,864 transformers, respectively. The application of the
methodology to a real distribution system revealed a potential annual energy savings of
3004 MWh, equivalent to an estimated economic reduction of 150,238 USD.

Keywords: distribution transformers; loadability; predictive modeling; DTW with K-
Means; LightGBM

1. Introduction
1.1. Context

Distribution utilities face the challenge of improving operational efficiency, reducing
technical losses, and optimizing infrastructure investment. Growing energy demand
and global sustainability commitments have driven the need for power system overhaul.
Distribution transformers, because of their strategic role in the electricity supply chain,
represent one of the main elements on which to apply energy and economic optimization [1].
Recent studies on the carbon footprint of transformers show that efficient resizing could
contribute significantly to the decarbonization objectives of the electricity sector [2,3]. The
United for Efficiency (U4E) initiative estimates that proper management of this equipment
could avoid the emission of up to 450 million tons of CO, by 2040 [4].

In this context, methodologies are required to enable optimal selection and sizing
of distribution transformers, aiming to minimize energy losses and enhance operational
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efficiency. Recent studies have expanded the traditional focus on electrical design to in-
clude real-world operating conditions, such as the presence of harmonic currents, energy
efficiency standards, and the regulatory and economic implications throughout the trans-
former’s life cycle [4-6]. Additionally, works such as [1,7] propose strategies to reduce
losses by analyzing transformer behavior under varying load conditions.

However, a major limitation in many developing countries is the lack of advanced
metering infrastructure, which restricts access to detailed hourly load data and complicates
accurate transformer sizing. Therefore, it becomes essential to develop a comprehensive
methodology capable of evaluating the current operational status of distribution transform-
ers, estimating their actual load profiles, and guiding optimal sizing decisions minimizing
technical losses and operational costs, while improving the efficiency and reliability of
power distribution systems.

1.2. Related Works

The need for efficient strategies to reduce losses in electrical systems has been widely
documented in the technical literature. In [8], the waste of electrical energy associated with
the use of inefficient appliances and inadequate consumption habits is analyzed. On the
other hand, Ref. [9] studies the sensitivity of losses considering the transformer equivalent
model and the impact of different load levels, which reaffirms the importance of efficient
transformer management to guarantee the quality and continuity of service, minimize
technical losses, and optimize the use of resources in infrastructure planning.

Given the limited availability of advanced metering infrastructure in many distribution
networks, indirect methodologies are required for load profile estimation. In this context,
data clustering, such as the K-Means algorithm with dynamic distance (DTW), has proven
effective in generating representative load curves [10]; a technique based on artificial neural
networks (ANN) for estimating transformer loading from incomplete records is proposed
in [11]. Complementarily, Ref. [12] presents a machine learning model to predict the load
in buildings considering thermal and operational variables.

A particularly relevant contribution is the work of [13], who emphasize that
transformer-level load clustering improves planning decisions by characterizing trans-
former aging and supporting Demand Side Management (DSM). This methodology re-
duces information complexity for utilities and identifies opportunities for flexibility and
efficiency at the low voltage level. Likewise, Ref. [14] proposes a clustering approach based
on wavelet transform and big data processing with Spark, allowing efficient handling
of high-dimensional load data and supporting the implementation of demand response
strategies in industrial contexts.

On the other hand, predictive models based on machine learning algorithms were used
to estimate with high accuracy the hourly load curves corresponding to each transformer.
For example, Ref. [15] applies LightGBM to predict bus power consumption, highlighting its
accuracy and low computational cost. In line with these efforts, Ref. [16] demonstrate that
load clustering not only improves transformer sizing but also minimizes the Total Owning
Cost (TOC), reinforcing the importance of accurate consumption pattern recognition in
transformer investment decisions.

Several studies have evidenced that optimization algorithms, such as exhaustive
search [17] or optimized loadability models like [18], can significantly improve transformer
sizing, reducing both load and no-load losses [1,6,7]. This strategy not only increases the
operational performance of the system but also contributes to minimizing the cumula-
tive environmental impact by considering the entire transformer life cycle [2,3,19]. As
demonstrated by [20], integrating genetic algorithms in transformer sizing allows simulta-
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neous optimization of number, location, and capacity of transformers, achieving significant
reductions in losses and investment costs.

Energy and economic optimization of transformers has been approached from different
perspectives. In [21], for example, a prototype transformer with hybrid core was designed
and fabricated to reduce magnetic losses. In [22], a comparative study between long term
memory (LSTM) and transformer architectures was carried out to improve their sizing
and prevent failures by accurately determining the rated power to be installed. Likewise,
Refs. [4,6] analyzed methods to determine adequate loss capitalization values, essential
for decision making in equipment resizing. In Ref. [23] IEC 60076-7 standard is applied to
estimate the temperature limits of distribution transformers and to identify the optimal
transformer capacity for a distribution substation, based on the critical thresholds and
constraints defined by the standard.

From a technical perspective, Ref. [5] introduces a tool for calculating losses caused by
harmonic currents, a phenomenon increasingly common in modern urban networks. In the
same line, Ref. [24] presents an improved algorithm to calculate losses in power transformers
due to harmonics. In parallel, Ref. [25] demonstrates the use of clustering for segmenting feeders
with similar energy loss patterns, facilitating a representative sampling of distribution networks
and enabling targeted efficiency measures even in the absence of detailed measurements.

Regarding energy efficiency, Refs. [2,3] propose an approach based on the carbon
footprint, demonstrating that an adequate selection and operation of the transformer can
generate a positive environmental impact.

Pooling methods have also evolved. For example, Ref. [26] analyzes the efficiency
of clustering techniques for grouping primary feeders with similar energy loss patterns.
In the field of predictive models and artificial intelligence, Ref. [27] proposes the Sparrow
Search Algorithm optimized BP network (SSA-BP) algorithm to predict losses in unbal-
anced networks, while Ref. [28] demonstrates how intelligent monitoring can improve the
efficiency of electrical control in low-voltage networks, reducing both technical losses and
energy theft.

Several papers such as [17-19,29] document the application of mathematical models
and metaheuristic techniques for the economic sizing of transformers.

In this context, it is necessary to establish a methodology for sizing distribution
transformers in locations where smart metering is unavailable. This work presents a
comprehensive methodology for optimizing the operation and sizing of distribution trans-
formers, with the goal of minimizing the technical losses associated with these devices.
The proposed approach is based on the estimation of hourly load curves using historical
records and the characteristics of connected users.

The methodology is structured into three main stages. In the first stage, unsupervised
clustering techniques are applied specifically, the K-Means algorithm combined with the Dynamic
Time Warping (DTW) distance, on historical load data from a sample of distribution transformers,
to identify representative load curves that capture distinct demand behavior patterns.

In the second stage, a supervised model based on LightGBM is trained to assign these
representative curves to the remaining transformers in the system. The model uses input
features such as the type and number of connected users to estimate the individual hourly
load curve for each transformer.

Finally, an optimization process is implemented to evaluate the no-load and load losses
of transformers under different rated capacities. This process uses loss parameters defined
in the NTE INEN 2114 [30] and NTE INEN 2115 [31] technical standards as reference. The
optimal transformer capacity is the one that minimizes total losses while ensuring that the
projected demand is met with a safety margin to accommodate future load growth.
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The proposed methodology enables more accurate planning decisions, reduces energy
losses in transformers, and quantifies the economic benefits associated with more efficient
sizing. It is a replicable tool designed for contexts with limited availability of operational
data. This paper is organized as follows: Section 2 describes the materials and methods;
Section 3 presents the results through technical analysis and discussion; and Section 4
presents the conclusions and future work.

2. Materials and Methods

To address the distribution transformer power optimization problem, a systematic method-
ology, illustrated in Figure 1, was developed and applied to the operating data of Empresa
Eléctrica Ambato Regional Centro Norte S.A., EEASA, located in Ambato of Ecuador.

Figure 1. Methodological framework for optimizing transformer operation using load estimation
with K-Means clustering.

2.1. Data Acquisition

This work uses load records of 208 distribution transformers collected and processed
in [12]. The load measurements have a time stamp every 10 min for a continuous period of
seven days. Variables considered include apparent power in kVA, georeferenced location
of transformers, and the number of customers by user type—residential, commercial,
industrial, street lighting, and others.

In addition, extra data provided by EEASA was used, such as monthly consumption
of consumers, public lighting and traffic lights, as well as transformer ratings and geo-
referencing connected to the electric system of this distribution company. As of March
2025, EEASA had a total of 311,546 customers, of which 86.5% belonged to the residential
segment, followed by 9.8% commercial, 1.9% industrial, and 1.7% corresponding to other
categories, as shown in Figure 2a. These proportions are consistent with the sample of
transformers selected, as illustrated in Figure 2b, which represents the distribution of cus-
tomers connected to the 208 transformers analyzed. In this sample, 89.1% of the customers
are residential, 8.1% commercial, 1.8% industrial, and 1.0% belong to other categories.

Residential

mmm Residential - 86.5%
mmm Commercial - 9.8%
B Industrial - 1.9%
mmm Other - 1.7%

mmm Residential - 89.1%
mmm Commercial - 8.1%
mmm Industrial - 1.8%
mmm Other - 1.0%

Other Residential q‘" S her
Industrial gl |ndustrial

‘ Commercial

Commercial

(@ (b)

Figure 2. Distribution of customers by tariff: (a) distribution of total customers in EEASA;
(b) distribution of customers in sampled transformers.
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2.2. Load Curve Segmentation

From the transformer measurement records, representative load curves were identified
for the distribution transformers. These curves allow characterization of the typical load
behavior under real operating conditions and, consequently, to estimate more accurately
the maximum demand. To perform this segmentation, the methodology proposed in [10]
was applied, which combines the K-Means algorithm with the Dynamic Time Warping
(DTW) metric. This combination has proved to be effective for time series clustering, as it
captures similarities in curve shapes even when temporal shifts are present.

In the referenced comparative study, the authors evaluated this technique against
other methods such as K-Shape and DBSCAN, concluding that the combination of K-Means
with DTW provides superior segmentation. Specifically, they reported a cross-correlation
similarity index of 0.9552 and a temporal consistency index of 0.9642, supporting the
robustness and accuracy of this methodology for load profile classification.

2.3. Load Curve Prediction

Once the representative load curves were segmented, a supervised classification model was
trained to predict which curve each transformer corresponds to. This prediction allows extension
of the load behavior estimation even to transformers that do not have historical records.

For this purpose, the Light Gradient Boosting Machine (LightGBM) algorithm, selected
for its high accuracy and computational efficiency, was used. This algorithm classifies
transformers within previously defined clusters, using as input the available variables
detailed in Table 1. LightGBM is based on decision tree techniques and builds models
as ensembles using the gradient boosting approach. This method iteratively optimizes a
loss function by fitting models through gradient minimization, which allows the efficient
capture of complex nonlinear relationships.

Table 1. Variables used for transformer load curve estimation with LightGBM.

Variable Type Description
Number of customers Independent Customers connected to the transformer by type: Residential,
by type p Commercial, Industrial, Public Lighting !, and Other
Province Independent Geographical location of the transformers
Phases Independent Type of transformer: Single-phase, Two-phase, or Three-phases
Cluster Dependent Cluster to which the transformer belongs

! Public lighting; this refers to the public lighting power connected to the transformer.

The selection of LightGBM is supported by comparative studies in the energy domain,
such as the one presented in [15], where various algorithms including Linear Regression,
Random Forest, and Support Vector Machines were evaluated. In this study, LightGBM
achieved the highest prediction accuracy, with a coefficient of determination R? of 0.995, a
mean absolute percentage error (MAPE) of 3.92%, and a root mean squared error (RMSE)
of 1.398 kWh on an independent test set. These results support Light GBM’s capability and
reliability for energy consumption prediction tasks.

2.4. Estimation of Maximum Load Power in Distribution Transformers

Using the projected daily load curve and the recorded monthly energy consumption
of the loads connected to each transformer, the maximum operating power of each unit is
estimated with Equation (1). This formula establishes a relationship between the monthly
energy consumed by the users connected to a transformer and the corresponding nor-
malized daily load curve. The monthly electricity consumption data were obtained from
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EEASA’s Commercial System, while the consumption associated with public lighting and
traffic signals was integrated using the georeferenced ArcGIS database.

KWh
P _ connected_load 1
max At-t-z Pi ( )

In Equation (1) Pmax is the estimated maximum load power of the transformer;
KWheonnected 1oad is the monthly energy consumption of the customers connected to the
transformer, including public lighting and traffic lights; At is the time interval between
each point on the normalized load curve (10 min = 1/6 h); ¢ is the number of days in the
analyzed month; and }_P; is the sum of the instantaneous values of the normalized daily
load curve assigned to the transformer.

This approach enables the estimation of peak demand by scaling the normalized
load curve to align with the total measured energy consumption, providing a realistic
approximation of the transformer’s maximum operating power.

The resulting load power estimates make it possible to identify oversized or under-
utilized transformers, supporting more accurate technical planning. This information is
essential for reducing technical losses, optimizing existing infrastructure, and enhancing
the operational efficiency of the distribution system.

2.5. Transformer Losses Calculation
2.5.1. Technical Losses in Distribution Transformers

Transformer losses consist of core losses, also known as no-load losses, which are
constant and independent of the load, and are primarily caused by hysteresis and eddy
currents in the transformer core and copper losses, also referred to as load losses, which
vary with the square of the current flowing through the windings.

Manufacturers typically provide no-load and load loss values at the rated power
of the transformer. In this study, the maximum allowable losses were used, calculated
according to Equations (2)—(9), as specified in the Ecuadorian Technical Standards: NTE
INEN 2114:2004 [30] for single-phase transformers and NTE INEN 2115:2004 [31] for
three-phase transformers.

Single-phase transformers between 3 and 167 kVA.

Pr, = 9.8033:5,,07141 2)

Pc,, = 0.000063-S,,> — 0.02695-S,,% + 10.657-S,, + 38.267 3)

Three-phase transformers from 15 kVA up to 150 kVA
Pp, = 10.514-5,,0748¢ 4)

Pcy, = —0.0103-5,,2 4 13.892-5,, + 106.65 (5)

Three-phase transformers greater than 150 kVA up to 800 kVA
Pp, = 13.27-5,%79% 6)

Pcy = 10.465-S, + 537 (7)

Three-phase transformers greater than 800 kVA up to 2000 kVA
Pr, =1.227-S,, + 554.59 (8)

Pey = 9.2632-S,, + 1875.2 9)
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In Equations (2)—(9) Pre are the no-load losses, P, are the load losses, and S# is the
rated power of the transformer.

Figure 3 illustrates the evolution of allowable losses as a function of the rated trans-
former power. Figure 3a depicts the no-load losses, which constitute a continuous source
of energy losses and are particularly significant in oversized transformers. Conversely,
Figure 3b shows the load losses, which increase substantially with transformer power since
they depend on the square of the current flowing through the windings. This behavior
underscores the importance of selecting the appropriate transformer rated capacity to
minimize technical losses and optimize the performance of the electrical distribution sys-
tem. It is worth noting that, in the case of two-phase transformers, the losses are assumed
to be of the same magnitude as those of three-phase transformers, since the Ecuado-
rian technical standards do not specify maximum allowable loss values for two-phase
trans-former configurations.

Connection Type

Single-phase 10,000 Single-phase
Two-phase Two-phase
Three-phase s 8000 Three-phase
Y
2 6000
Q
—
g 4000
(=]
-
2000
P
o &
0 200 400 600 800 1000

200

400 600 d b
Transformer Capacity (KVA) Transformer Capacity (KVA)

(@) (b)

Figure 3. Power losses in distribution transformers classified by the number of phases [W]: (a) no-load
losses; (b) load losses at rated power.

800 1000

The total losses for a given load level are calculated by Equation (10), which considers
the transformer load rating:

AP7pta1 = Pre + Pcy-C? (10)

In Equation (10) APy, are the total losses in the transformer, Pr, are the no-load
losses, and Pc,, are the load losses at rated power; C is the load rating of the transformer.

The load rating C is defined as the ratio of the actual load power to the rated power
of the transformer. Substituting this definition into Equation (10), the total losses can be
expressed as follows:

Sp

2
BPrn = Pro+ e (5 ) an
n

In Equation (11) APy, are the total losses in the transformer, Pr, are the no-load
losses, and Pc;, are the load losses at rated power; Sy is the load power of the transformer
and Sy, is the rated power of the transformer.

This quadratic dependence of copper losses on load current arises from the physical
principle that resistive losses vary with the square of the current (I?R). The values of P,
and P, are determined in accordance with the maximum permissible limits specified in
the Ecuadorian Technical Standards, NTE INEN 2114:2004 and NTE INEN 2115:2004, for
single-phase and three-phase distribution transformers, respectively

Figure 4 presents the behavior of the losses under different load levels. For this
purpose, Equation (11) was applied to different transformer power ratings, considering load
levels of 25%, 50%, 75%, and 100%. Since the no-load losses remain constant, depending
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mainly on the core design and the applied voltage, it is observed that the increase in total
losses is directly related to the increase in load.

Connection Type & Load Level

12,000 Connection_Type
Two-Phase
10,000 Single-Phase
Three-Phase
s Load_Level (%)
= 8000
- —— 25
@ === 50
S 6000 e 75
I_g === 100
F 4000
2000
0
0 200 400 600 800 1000

Transformer Capacity (KVA)
Figure 4. Sensitivity of total losses in distribution transformers as a function of the load percentage.

2.5.2. Transformer No-Load Loss Energy

The annual no-load energy losses of transformers are calculated using Equation (12),
which results from multiplying the no-load losses by the time t = 8760 h per year:

ELoss_Fe = PFe't (12)

In Equation (12) E} 455 _re represents the transformer no-load loss energy in kWh, Pr,
are the transformer no-load losses in kW, and t is the time in hours.

2.5.3. Transformer Load Loss Energy

The annual energy losses associated with transformer load losses are estimated using
Equation (13). This calculation is based on the daily load curve, which is divided into
144 intervals representing 10 min periods. At each time step 7, the load index Ci is computed
in per unit and multiplied by the transformer’s rated load losses Pc,, provided by the
manufacturer in kW.

Assuming that load losses vary with the square of the load index, the instantaneous
loss at each interval is evaluated as P, -Ci?. These losses are then integrated over the day by
summing across all intervals and multiplying by the time step duration At (10 min = 1/6 h)
to obtain the daily load energy loss. Finally, this daily value is scaled to an annual estimate
by multiplying by 365 days:

144
ELoss_Cu = 365-At- Z PCu’Ci2 (13)
i=1

In Equation (13), Ey oss_cy represents the annual energy losses with load, expressed in
kWh; P, refers to the load losses of the transformers in kW, as specified by the manufac-
turer; C; is the load index at each instant of time i from the load curve; At = 1/6 is the time
interval in hours, each 10 min; 144 is the number of intervals per day.

2.5.4. Total Annual Energy Losses

The total annual energy losses are obtained by summing the no-load and load losses,
as expressed in Equation (14):

ELoss_Tot = ELoss_Pe + ELosstu (14)
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In Equation (14) Ejoss_1or represents the total annual energy losses, Epogs r. is the
no-load energy loss in kWh, Ej o5 ¢y is the annual load energy loss in kWh.

2.6. Selection of the Optimal Transformer

The selection of the optimal transformer is based on minimizing the total technical
energy losses, which include both no-load losses (PFe) and load losses (PCu), considering a
projected maximum load that incorporates an additional 40% margin to account for future
demand growth.

As illustrated in Figure 5, the process begins with the identification of the transformer’s
actual kVA rating, the projected peak load, and a list of standardized kVA ratings that com-
ply with the technical loss limits established by the Ecuadorian Technical Standards, NTE
INEN 2114:2004 (for single-phase) and NTE INEN 2115:2004 (for three-phase) distribution
transformers. These standardized ratings form the pool of candidates for the optimization.

S

v

e Transformer Actual KVA rating

e Projected maximum transformer load.

e Transformer standarized KVA rating list (Technical Standards
NTE INEN 2114/2115)

v

Filter candidate transformers from standarized kVA rating list complying with
NTE INEN 2114/2115 loss limits where
Transformer Standarized KVA rating < Transformer Actual KVA rating
and
Transformer Standarize KV A rating > Projected maximum transformer load

y

Compute Energy Losses from filtered
candidate transfomers standarized
KVA rating list

v

Select transformer with minimun
energy losses calculated
(Optimal Transformer)

v

o

Figure 5. Process for transformer optimization.

Candidate transformers are filtered from this list based on two criteria: (i) the stan-
dardized kVA rating must be less than or equal to the transformer’s actual kVA rating, and
(if) it must be greater than or equal to the projected peak load.

For each filtered candidate, total energy losses are computed using Equation (14),
which integrates the instantaneous power losses calculated with Equation (11) at each point
in the estimated daily load curve for each transformer. The transformer with the lowest
total energy losses is selected as the optimal one, ensuring both compliance with technical
standards and efficient operational performance.
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2.7. Economic Assessment of Energy Losses

To quantify the economic savings resulting from transformer power optimization, a
comparative analysis is conducted between current energy losses and those that would
occur with transformers of optimal capacity. This comparison enables the estimation of
potential energy and economic savings on an annual basis. For this purpose, Equation
(15) is used, which calculates the annual cost associated with energy losses by multiplying
the annual energy lost obtained from Equation (14) by the unit cost of electrical energy.
The energy cost considered corresponds to the tariff set by the regulatory authority of
the electricity sector in Ecuador, which is 0.05 USD per kWh. This value includes both
generation and transmission costs. The application of this methodology allows for the
evaluation of the economic impact of loss reduction, thereby supporting decision making
aimed at improving operational efficiency and sustainability.

Costrosses$ = ELoss_Tot* COSt_energy (15)

In Equation (15) Costy ogses $ are the cost of energy losses, Eyoss Tt are the total energy
losses in transformers, Cost_energy is the cost of energy per kWh.

3. Results and Discussion
3.1. Characteristic Load Curves

Based on the load curves recorded during the day of highest demand for the
208 transformers sampled, the average value at each hourly instant was calculated to
determine the load behavior, resulting in the curve shown in Figure 6. This curve shows
a characteristic pattern of the residential sector, with a progressive increase in demand
starting in the early morning, stabilizing during the afternoon, and a pronounced peak
between 19:00 and 21:00 h, corresponding to the time of greatest domestic activity. It
is worth mentioning that, although the average profile reflects a clear predominance of
residential behavior since most of the transformers are associated with this type of load,
the result is actually a superposition of individual curves that also include transformers
with commercial, industrial, and mixed customers.

Average Load (kVA)

Figure 6. Average daily load curve of the 208 sampled distribution transformers, expressed in kVA.

By applying the K-Means clustering in combination with Dynamic Time Warping
(DTW), representative patterns of load behavior were identified based on the hourly records
of a sample of distribution transformers. Using the elbow method to determine the optimal
number of clusters, eight characteristic load curves were established and are presented
in Figure 7. These curves capture distinct consumption profiles and serve as the basis for
assigning typical load curves to the remaining system transformers.
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—— Individual normalized load curves of transformers in each cluster =~ —— Centroid curve: hourly average of all load curves of transformers in the cluster

Normalized Load

Normalized Load

Cluster 1 (26 transformers) Cluster 2 (18 transformers) Cluster 3 (9 transformers)

Figure 7. Characteristic daily load curves obtained using K-Means clustering with DTW metric.

Each subgraph in Figure 7 corresponds to a cluster grouping of transformers with
similar consumption patterns. The individual load curves within each cluster, shown in
blue, were normalized to facilitate visual comparison. The centroidal curve, shown in red,
represents the average hourly profile of the cluster and characterizes the typical behavior
of the group.

A variety of load patterns were identified, reflecting the diversity of electricity usage
within the distribution network. Clusters 0, 1, and 5 exhibit increasing demand toward
the end of the day, with peaks between 18:00 and 22:00, characteristic of residential usage
with heightened evening activity. On the other hand, clusters 2 and 4 display higher
daytime loads, indicative of commercial, institutional, or administrative consumption,
with secondary peaks after 18:00, likely associated with residential use and public lighting.
Cluster 6 shows a unique daytime load increase between 14:00 and 18:00, followed by
a sharp decline, suggesting industrial or manufacturing operations with defined work
shifts. In contrast, cluster 3 presents a more distributed load, potentially corresponding to a
mixed-use consumption profile.

Table 2 shows the number and percentage of transformers assigned to each cluster.
This quantification highlights the relative prevalence of each characteristic load pattern
within the sample, supporting the representativeness of the identified clusters.

Table 2. Distribution of transformers per cluster and percentage representation.

Cluster ID Number of Transformers Percentage of Transformers %
Cluster 0 53 25.5
Cluster 1 26 12.5
Cluster 2 18 8.7
Cluster 3 9 4.3
Cluster 4 8 3.8
Cluster 5 52 25.0
Cluster 6 14 6.7
Cluster 7 28 13.5

The hourly load centroids obtained through clustering were expressed in normalized
units relative to their maximum daily value, as shown in Figure 8. This normalization
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1.0

0.8

—— Centroid Cluster 0

allows for the comparison of load consumption patterns regardless of absolute magnitude,
thereby facilitating the identification and classification of typical profiles. These normalized
representative profiles are subsequently used to estimate the load power and daily energy
consumption of unmetered transformers by assigning each transformer to the most similar
characteristic pattern.
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Figure 8. Normalized hourly load curves for distribution transformers.

3.2. Transformer Load Curve Prediction

The normalized hourly load curves obtained through K-Means clustering combined
with Dynamic Time Warping (DTW) were used to estimate the loadability of unmetered dis-
tribution transformers. The assignment of a representative load curve to each transformer
was based on the number and type of customers connected to the equipment.

To automate this assignment process, the LightGBM classification algorithm was
employed. For this purpose, the model was trained using the cluster labels corresponding
to the previously identified characteristic curves as the target variable. The dataset was
split into 90% for training and 10% for validation. The objective was to develop a predictive
model capable of estimating the most appropriate load curve for each transformer based
on the independent variables listed in Table 1. The performance of the LightGBM model
was optimized using the hyperparameters detailed in Table 3.

Table 3. Parameters in the LightGBM algorithm.

Parameter Description Value
n_estimators Number of trees 10
learning_rate Learning rate 0.1
num_leaves Maximum number of leaves per tree 10

To determine the optimal hyperparameter configuration, a grid search was per-
formed in combination with 5-fold cross validation. The parameters evaluated included
n_estimators, learning_rate, and num_leaves, using classification accuracy as the evaluation
metric. The best-performing combination, shown in Table 3, was then used to train the final
model applied to the test set.
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3.3. Transformer Peak Load Determination and Metodology Validation

Using the normalized load curve assigned to each transformer, the maximum load
power of each unit was estimated by applying Equation (1), which relates the energy
consumption of connected customers along with public lighting and traffic light loads
obtained from the commercial system to the transformer’s load profile.

To validate the accuracy of this methodology, the load curve classification performed
using the LightGBM algorithm, transformer No. 1615 (rated at 112.5 kVA) was selected as
a test case. This transformer was not included in the model training process, and the actual
load measurements were recorded between 4 April and 9 April 2025. The methodology
estimated a maximum load power of 30.98 kW, while the measured peak demand yielded
an average value of 32.41 kW at 20:00, corresponding to an accuracy of 95.6%.

Figure 9 presents a comparison between the estimated load curve assigned via Light-
GBM and corresponding to Cluster 0 and the actual measured curve, averaged over the
observation period. The high degree of similarity between the curves confirms the va-
lidity and robustness of the proposed approach for peak load estimation in unmetered
distribution transformers.
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Figure 9. Comparison of actual and projected load curve for transformer 1615 (112.5 kVA).

3.3.1. Evaluation on a Complete Feeder

The proposed methodology was applied to a total of 634 distribution transformers
connected to the 13.8 kV primary feeder identified as 0100140T05, operated by EEASA. To
validate the load estimation, the results were compared with actual power measurements
recorded at the feeder on the peak demand day, which occurred on 22 April 2025. On
that date, the recorded coincident demand was 1972.14 kW at 19:00, while the projected
demand, obtained by aggregating the estimated load curves of the transformers, reached
1879.21 kW, resulting in an accuracy of 95.29%.

Figure 10 presents a comparison between the measured and estimated load curves
for the entire feeder. As shown, both curves closely match during peak demand hours,
18:00 to 24:00, where the model accurately replicates the actual behavior. However, a slight
underestimation is observed over the rest of the day. This deviation may be associated
with the use of standardized load profiles, which do not fully capture time-dependent
consumption patterns such as those found in schools, offices, or industrial facilities that
operate primarily during daytime hours.

Despite this partial deviation, the overall shape of the estimated curve remains very
similar to the actual curve, reinforcing the model’s ability to accurately represent the
aggregate demand dynamics at the feeder level. These results confirm the robustness of the
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methodology even in mid-scale applications and support its usefulness as a practical tool

for energy planning and transformer sizing optimization in distribution networks lacking
advanced metering infrastructure.
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Figure 10. Comparison between actual and estimated load curve at feeder level (Feeder 0100140T05
with 634 transformers).

3.3.2. Generalization, Evaluation on a Complete Electrical System

To assess the applicability and generalization capability of the proposed methodology,
it was applied to a complete electrical system comprising a total of 16,864 distribution
transformers with customers registered at the low-voltage level.

Using this methodology, the overall system load curve was generated, as shown
in Figure 11. This figure illustrates the disaggregation of the total load curve into its

components, where each component represents the aggregated contribution of transformers
belonging to a specific cluster.

—— Cluster 0 .
e AY
120,000 Cluster_1 I A=Y
—— Cluster_2 L1 ! 1
~ Estimated Total System Load Curve I Y
—— Cluster 3 h \
100,000 —— Cluster_ 4 1 \‘
—— Cluster_5 ,' \\
Cluster_6 1 \
—— Cluster 7 ! ~
= 80,000 N ~
=z —= Total Curve (sum of clusters) 2 7
= o a A Y AN
5 vnmmmer T -’
g 1 P s
8 60,000 [Pl
°
g Components of the Estimated Total System Load Curve
=

40.000

20.000

s
$
Figure 11. Disaggregation of the estimated system load curve with 16,864 transformers.

These clusters were identified through K-Means clustering, and each characteristic
load curve labeled as Cluster 0, Cluster 1, Cluster 2, and so forth corresponds to the typical
load pattern of all transformers assigned to that cluster. Therefore, the total load curve is
the weighted sum of these representative curves, reflecting the diversity of consumption
patterns within the system.

Figure 12 presents a comparison between the actual measured system load curve and the
projected load curve. The estimated coincident demand obtained through this approach was
118.99 MW, yielding an accuracy of 98.14% compared to the actual demand of 121.25 MW
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recorded on 22 April 2025, at 19:00. It is important to note that this demand corresponds only
to transformers serving customers metered at low voltage, excluding those associated with
medium-voltage private customers. This limitation is due to the methodology relying on
energy consumption data from loads connected to the distribution transformers.

—— Measured System Load Curve (kW) 121,246.47 kW

120,000 Estimated System Load Curve (kW) \

110,000 |

Accuracy: 98.14%
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=)
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S

90,000

80,000

Total Load Power (KW'

70,000

60,000

Figure 12. Comparison between the actual and estimated load curve of the total electrical system
with 16,864 transformers.

This level of accuracy demonstrates the model’s effectiveness in capturing the overall
system behavior. Although the methodology performs with high precision during peak
demand hours from 18:00 to 23:00, where the estimated and measured load curves align
closely, a slight underestimation is observed between 07:00 and 18:00. This deviation may be
attributed to the use of standardized daily load profiles and aggregated consumption patterns
for residential, commercial, and industrial users, which may not fully reflect specific variations
in demand behavior during medium load periods. Some transformers may supply loads with
intermittent or time dependent usage patterns such as schools, offices, or industrial facilities
that are active primarily during this time window, thus affecting the shape of the actual
measured load curve. Nevertheless, the system level accuracy remains high, confirming the
robustness and practical applicability of the proposed methodology for large scale applications.

Overall, the results obtained at the three validation levels—individual transformer, feeder,
and complete system—demonstrate the robustness, scalability, and practical applicability
of the proposed methodology. The accuracy achieved at each level shows slight variations
attributable to the aggregation effect and the diversity of consumption patterns present at each
scale. At the transformer level, the model is more sensitive to the specific load characteristics of
each user, so small discrepancies in the estimated profiles have a proportionally greater impact.
In contrast, at aggregated levels such as the feeder or the complete system, these variations
tend to offset each other, increasing overall accuracy due to the averaging effect. Nonetheless,
patterns of underestimation were identified during medium demand periods, associated with
the use of standardized profiles that do not capture specific hourly consumption behaviors
in sufficient detail. This analysis highlights both the overall effectiveness of the model and
the identified opportunities for improvement, proposing as future work the incorporation of
additional variables and advanced techniques to enhance the granularity and adaptability of
the approach for more complex and dynamic systems.

3.4. Determination of Optimal Transformer Power

Once the methodology for estimating the load curves and transformer demand was
validated, the optimal power rating selection process described in Figure 5 was applied
to the 16,864 distribution transformers owned by EEASA. As a result, a total reduction
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of 274.34 MW in installed capacity was achieved, representing a 32.27% decrease com-
pared to the current installed capacity of 405.05 MW. Additionally, 7476 transformers—
corresponding to 44.3% of the total—were identified as being oversized relative to the
actual demand. Therefore, it is recommended that these units be resized in order to reduce
energy losses and enhance the operational efficiency of the distribution system.

Figure 13 shows the comparison of the probability distribution of transformer nominal
power ratings in the current state and after the application of the optimization model.
The blue curve represents the actual power currently installed, while the orange curve
corresponds to the optimal selected power, determined by minimizing technical losses. It
can be observed that the current distribution has its maximum around 11 kVA, while the
optimized curve shifts the peak towards 5 kVA, suggesting that a significant number of
transformers are in these actual and optimized power ranges.
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Figure 13. Kernel Density Estimation (KDE) of the probability distribution of installed power vs.
optimal power for distribution transformers.

Figure 14 presents a boxplot diagram summarizing the distribution of the differences
between the installed power and the selected optimal power. The median power reduction
is 7 kVA, indicating that at least 50% of the optimized transformers are oversized by this
amount or more. Additionally, 75% of the transformers exhibit a derating of 15 kVA or less,
while the minimum observed derating, represented by the lower whisker limit, is 2 kVA. This
behavior indicates that most transformers exhibit moderate oversizing, making it feasible to
optimize their capacity without compromising service quality. Furthermore, the significant
number of cases with capacity reductions between 2 and 15 kVA highlights the importance of
implementing sizing criteria that are aligned with actual and projected future demand.

o® o o o® o0 o0 o 000000 o o o o

Lower: 2.00
Median: 7.00
Q3:15/00
Upper: 30.00

10 20 30 40 50 60 70 80
KVA Difference (Projected - Selected)

Figure 14. Boxplot of power reduction in distribution transformers.
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3.5. Evaluation of No-Load and Load Losses in Distribution Transformers
3.5.1. Results of the Evaluation of No-Load Losses in Distribution Transformers

Figure 15 shows a boxplot illustrating how no-load losses vary between the three-
phase, two-phase, and single-phase transformers installed in EEASA’s distribution net-
works, applying Equations (2), (4), (6), and (8). Average losses close to 0.25 kW are observed
in the three-phase transformers, with losses that can exceed 1.75 kW in the larger capacity
transformers. On the other hand, the single-phase transformers present the lowest losses,
with an average of 0.06 kW and a maximum of 0.35 kW.
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Figure 15. Distribution of no-load losses in distribution transformers at different power ratings,

classified by the number of phases (kW).

Figure 16a shows the distribution of no-load losses in terms of annual energy. Three-
phase transformers generate no-load losses of about 2.21 MWh per year each, while single-
phase transformers generate about 0.57 MWh per year each on average. However, due
to the larger number of single-phase transformers installed, they contribute to the largest
cumulative losses in the power system.
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Figure 16. Unloaded losses by transformer type: (a) average annual losses by transformer;
(b) cumulative annual losses of all EEASA transformers.

Figure 16b shows that the annual accumulated no-load losses of all single-phase trans-
formers reach 8087.5 MWh, while the losses of three-phase transformers total 5655.4 MWh
and those of two-phase transformers amount to 79.4 MWh per year in the entire power
system analyzed.
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3.5.2. Results of the Evaluation of Load Losses in Distribution Transformers

Figure 17 presents an analysis of the current losses with load, generated by the
16,864 distribution transformers, considering their annual operation according to the load
curves determined in this study. Figure 17a shows the average losses per transformer
according to the type of connection, showing that three-phase transformers have the
highest losses, with an average value of 0.51 MWh per year, followed by two-phase
transformers 0.22 MWh per year and single-phase transformers 0.11 MWh per year. In
contrast, Figure 17b shows the cumulative annual sum of load losses for each type of
connection. In this case, single-phase transformers accumulate the highest total losses,
reaching 1604.3 MWh per year, followed by three-phase transformers with 1299.5 MWh
per year, while two-phase transformers present a marginal impact of only 13.8 MWh per
year. This distribution is strongly influenced by the predominant number of single-phase
transformers in the network, which highlights their significant contribution to total losses,
despite their lower individual losses.
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Figure 17. Load losses by transformer type: (a) average annual losses by transformer; (b) cumulative
annual losses of all EEASA transformers.

3.5.3. Evaluation of Total Energy Losses in Existing and Optimized Distribution Transformers

The energy losses estimated using Equation (14) are presented in Figure 18a, where
the current annual losses without load and with load are broken down for the distribution
transformers of the electric system analyzed. It is observed that single-phase transformers
generate the highest total losses, reaching 9691.81 MWh per year, followed by three-phase
transformers with 6954.84 MWh, while two-phase transformers present a marginal contri-
bution of only 93.23 MWh per year.

In all cases, it should be noted that the largest proportion of losses corresponds to
no-load losses, since these remain constant over time, as opposed to loaded losses, which
depend directly on the load level. This condition is related to the system load curve
Figure 12, which shows a predominantly residential profile, with consumption peaks at
night and low utilization during the rest of the day. This indicates that many transformers
operate at reduced load levels for much of the time, which reduces their contribution to
load losses and accentuates the effect of no-load losses.

Figure 18b shows the estimated annual losses after transformer power rating opti-
mization, revealing a significant reduction in total losses. In this scenario, single-phase
transformer losses decrease to 8138.99 MWHh per year, three-phase to 5523.51 MWh, and
two-phase to 72.61 MWh per year. This improvement is evidence that the resizing of trans-
formers based on the projected load allows for a substantial reduction in losses, especially
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no-load losses, which once again confirms the effectiveness of the proposed methodology
to improve the energy efficiency of the distribution system.
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Figure 18. Total energy losses by transformer type: (a) total annual energy losses in existing trans-
formers; (b) total annual energy losses in optimized transformers.

Figure 19 shows the annual energy losses associated with existing transformers, which
amount to 16,739 MWh. With the implementation of optimized transformers, these losses
would be reduced to 13,735 MWh, which would represent an annual energy savings of
3004 MWh.
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Figure 19. Total losses and annual energy savings for the entire EEASA system.

3.6. Economic Evaluation of Energy Losses

The economic evaluation of energy losses was carried out using Equation (15), the cost
of energy for generation and transmission, established at 0.05 USD/kWh for the electric
company under analysis. Figure 20a presents a comparison between the annual cost associ-
ated with energy losses in the current scenario and the cost after applying the transformer
power rating optimization, highlighting the resulting economic savings. The analysis shows
that the total annual cost of losses in the current scenario amounts to 836,949.69 USD, while
after applying the optimization model this value is reduced to 686,756.44 USD, generating
an annual economic saving of 150,238.25 USD. This result demonstrates the impact that
can be achieved through adequate capacity planning, improving technical efficiency, and
reducing operating costs for the electric company.
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Figure 20. Total cost losses for the entire electrical system: (a) total annual cost and savings; (b) total
annual cost and savings, categorized by transformer type.

In addition, Figure 20b breaks down these results by type of transformer connection.
Single-phase transformers represent the highest annual cost of losses in the current scenario
with 484,591 USD, followed by three-phase transformers with 347,742 USD, and two-
phase transformers with only 4662 USD. With the application of the optimization, these
costs decrease to 406,951 USD for single-phase transformers, 276,176 USD for three-phase
transformers, and 3630 USD for two-phase transformers, respectively. This translates into
annual savings of 77,640 USD for single-phase transformers, 71,567 USD for three-phase
transformers and 1031 USD for two-phase transformers. The breakdown identifies that,
although single-phase transformers have lower unit losses, their large number in the
network contributes predominantly to the total cost.

Sensitivity Analysis of Economic Savings to Energy Price Variations

Figure 21 illustrates the sensitivity analysis of economic savings generated by the
transformer power optimization model, considering variations in the energy tariff between
0.04 and 0.08 USD/kWh. The analysis shows a clear positive correlation between electricity
price and total annual savings. For example, at the base tariff of 0.05 USD/kWh representa-
tive of a fixed rate energy cost in Ecuador, savings reach approximately 150,238.71 USD per
year. When the tariff increases to 0.08 USD/kWh, savings rise to 240,381.93 USD annually.
Conversely, a reduction to 0.04 USD/kWh results in savings of 120,190.97 USD. These
results demonstrate that the optimization method remains economically beneficial across a
range of energy prices.
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Figure 21. Impact of electricity price changes on annual economic savings.

In some countries, such as Ecuador, energy tariffs are fixed and do not vary with
hourly demand, unlike in other regions where variable pricing is common. The fixed tariff
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considered includes generation and transmission costs, although actual rates may vary
depending on the country’s energy resource mix and market structure. The corresponding
sensitivity analysis graph clearly visualizes these savings variations, highlighting the
increasing economic benefit as the energy tariff rises.

4. Conclusions

The proposed methodology proves to be an effective tool for optimizing the operation
of distribution transformers through the estimation of hourly load curves, based on clus-
tering techniques, K-Means with Dynamic Time Warping, DTW, and supervised learning,
LightGBM. It is specifically designed for power distribution networks lacking advanced
metering infrastructure, enabling the characterization of transformer level demand based
on customer attributes. These estimated profiles are then used to assess technical losses
and to select transformer ratings that minimize energy losses. In this study, this strategy
resulted in a significant reduction in losses, achieving annual energy savings of 3004 MWh
and an estimated economic reduction of 150,238 USD.

The validation of the methodology for optimizing transformer operation showed
high levels of accuracy when comparing the estimated and actual peak loads: 95.6% for
an individual transformer, 95.29% for a feeder with 634 units, and 98.14% at the system
level with 16,864 transformers. Furthermore, the estimated system-wide hourly load curve
aggregated from the predicted profiles of each transformer closely replicated the actual
system load curve, confirming the robustness, scalability, and practical applicability of
the approach.

Although the model demonstrated high accuracy during peak demand hours (18:00
to 23:00), a slight underestimation was observed during mid-load periods (07:00 to 18:00),
which was attributed to the use of standardized profiles that may not capture the specific
temporal consumption behaviors of certain users, like schools, offices or public institutions.
Moreover, the assumption that customer type, like residential, commercial, industrial,
public lighting, and others, is a representative predictor of load profiles, while valid in
many cases, may be increasingly challenged by the growing penetration of distributed
energy resources, DER, photovoltaic systems, and electric vehicles (EVs), which introduce
greater heterogeneity within each customer category. This highlights the need to incorpo-
rate greater granularity and additional variables to better reflect the diversity of modern
consumption patterns.

For future research, it is recommended to integrate contextual variables such as
ambient temperature, seasonality, and sociodemographic characteristics to enhance load
curve estimation. Additionally, incorporating data on DER and EV adoption at the user
level as well as exploring the application of probabilistic models to quantify demand
uncertainty are encouraged. Ensemble learning techniques, such as stacking, that combine
base models like LightGBM, neural networks, and Bayesian approaches could further
strengthen the generalization and adaptability of the proposed model in more complex and
dynamic distribution systems, overcoming the current limitations observed during periods
of average load.
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