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Abstract

Power transformers are an integral part of electrical power system infrastructure and play
a vital role in the efficient and reliable transmission of bulk electrical power to distribution
networks. The careful use of these assets enables the optimization of transmission voltages
in power networks, a crucial step for reducing electrical energy losses, enhancing grid
reliability, and ensuring uninterrupted electricity supply to end-users in interconnected
power networks. Operational reliability of power transformers is a critical aspect in
ensuring a continuous power supply. The health index (HI) is a crucial diagnostic tool to
determine their real condition. Historically, HI assessments were based on scoring and
weighting. Lately, however, there has been a significant change in the attitude towards the
use of artificial intelligence (AI) and machine learning (ML) to predict the health of high-
voltage power transformers. Although developments are taking place, the existing studies
on ML-based HI prediction models for power transformers largely rely on an incomplete
dataset containing improper parameters. Moreover, dependency on traditional ML models
is a significant limitation when it comes to achieving a higher degree of predictive accuracy.
This article presents a sophisticated method for determining the overall health condition of
power transformers. A total of twenty of the most appropriate and highly relevant input
parameters were selected to effectively evaluate the transformer condition. The dataset
for these parameters was collected from real-time testing in accordance with international
industry standards (i.e., IEC, IEEE, and ASTM), conducted at 220 kV and 500 kV grid
stations in the Multan and Lahore regions, operated by the National Grid Company
(NGQ) in Pakistan. This comprehensive dataset was fed to five state-of-the-art ML models.
The Categorical Boosting Regression (CatBoost Regressor) model demonstrated superior
performance, achieving the highest accuracy (R? Score) of 97.2% and the lowest mean
absolute error (MAE) of 1.73. The best-performing model was then employed to predict
the health index of the power transformers at the 500 kV grid station, Rahim Yar Khan, and
the 500 kV grid station, Multan, as a practical case study. To demonstrate the economic
importance of the proposed framework, an economic analysis was conducted via an
iterative, parameter-skipping imputation strategy for maintenance cost optimization of
the electrical power grid. The results verify that the omission of four diagnostic tests
(i.e., Dissipation Factor, Capacitance, Insulation Resistance, and Transformer Turn Ratio)
can reduce the economic burden by 46.99%, yielding a cost saving of 259,000 PKR per
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transformer unit. The implementation of this data-driven framework in the national
grid can significantly reduce maintenance costs and facilitate an operational shift from
traditional preventive maintenance to advanced predictive maintenance.

Keywords: power transformer; health index (HI); machine learning (ML); Categorical
Boosting Regression (CatBoost Regressor); R? score; mean absolute error (MAE); economic
analysis; cost optimization

1. Introduction

The power transformer is regarded as the heart of the electrical power system, respon-
sible for contributing to the seamless flow of electrical energy from the point of generation
to the point of utilization. Stepping up voltages at generating stations for transmission and
stepping down voltages at distributing stations for utilization is the power transformer’s
principal work. Along with efficient long-distance electrical power transmission, power
transformers are also liable for sustaining voltage regulation and power quality within
transmission and distribution networks. Thus, power transformers are vital assets within
electrical power systems. Due to their key role, high cost, and long lead times, any power
transformer outage, either planned or unplanned, can result in the complete or partial
collapse of the electrical power grid. The rising demand for electrical energy, coupled with
the increasing complexity of energy infrastructure, calls for a state-of-the-art approach for
monitoring, diagnostics, and predictive maintenance of power transformers [1,2].

Power transformers experience a variety of internal and external stresses during their
operation. These stresses comprise thermal aging and dielectric, mechanical, and chemical
degradation. Mineral oil and cellulose-based paper commonly form the insulating system
of power transformers. These are the most vulnerable components because they directly
influence the dielectric and thermal performance of power transformers. Degradation in
power transformers can manifest through various pathways. Dielectric degradation arises
from electric field stress. Thermal aging is typically noticed following continuous or cyclic
overloading. Moisture infiltration and oxidation can often promote chemical degrada-
tion [3-5]. In addition, mechanical deformation is caused by short-circuit forces [6,7]. These
factors became the reason for the power transformer failure depicted in Figure 1.
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Figure 1. Causes of power transformer failure [8].

The health index (HI) has become a comprehensive measure to assess power trans-
formers, dealing with multi-factor degradation and its complexity. The current health of an
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asset can be easily stated, and the remaining life of an asset can also be determined by the
HI. For a power transformer, the health index is a tool that has been in use for a considerable
amount of time for determining the condition of the transformer. The HI incorporates
various diagnostic parameters (electrical tests, oil condition, economic considerations, etc.)
in one quantitative score or category that represents the overall health of the transformer.
To get implementable recommendations that are based on the urgency of maintenance, risk
of failure, and service life expectancy of the power transformer, an accurately measured
health index is needed. The HI has helped to move from time-based maintenance to more
effective condition-based maintenance. This transition has resulted in lower operational
costs and less susceptibility to failures [9,10].

Traditionally, the health index is calculated by means of a rule-based weighting and
scoring approach. Different approaches are highly favored by generation, transmission, and
distribution companies alike [11-14]. This is done on the basis of the diagnostic parameters
that are selected, such as breakdown voltage (BDV), dissolved gas analysis (DGA) ratios,
acidity, furan, the dielectric dissipation factor (DDF), etc. These parameters are then given
a health score using international standards such as IEEE C57.104 [15], IEC 60422 [16], and
IEC 60599 [17], which define predetermined ranges of values. For example, a breakdown
voltage (BDV) value of less than 30 kV may score ‘poor’, whereas a value of greater than
70 kV may score ‘excellent’ in the case of a power transformer. Multiplication of these scores
with parameter-specific weights is done, followed by summing these weighted scores to
obtain the final health index. Though the traditional methods of scoring and weighting
have been in use for a long time, they have some drawbacks. First comes the limits or
weights utilized for final scoring. They fail to reflect the complex interactions of parameters
among them. Then, the standards, including those from the IEEE (Institute of Electrical
and Electronics Engineers), IEC (International Electrotechnical Commission), BSI (British
Standards Institution), and ASTM (American Society for Testing and Materials), have
different standard limits for these parameters. In addition to this, expert bias can introduce
subjectivity, and generalization in scoring systems or transformer type may not exist.
Lastly, complete datasets are required for a rule-based health index (HI), while in reality,
data unavailability is very common because of test scheduling, cost, and logistics [18,19].
Figure 2 shows the drawbacks of traditional HI methods.

Data
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subjectivity into scoring. rule-based health index
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Figure 2. Drawbacks of the traditional (rule-based scoring and weighting) HI approach.

Researchers have found a huge potential in machine learning (ML) to overcome such
shortcomings. The predictive capability of machine learning (ML) can easily assess the
overall health condition of power transformers or any other high-voltage power equipment.
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ML algorithms trained on appropriate datasets can be used to evaluate the health index
(HI) of power transformers. Machine learning offers a data-driven path that can easily
model intricate and nonlinear relationships without the need for strict limits on weights
and scores. These models, after learning from datasets, can uncover hidden patterns and
complex interactions among diagnostic parameters and can predict the value of the health
index [20,21]. Many machine learning algorithms have been utilized in this field, including
random forests (RFs), gradient boosting (GB), support vector machines (SVMs), decision
trees (DTs), artificial neural networks (ANNSs), and K-nearest neighbors (KNNs). These ML
models are trained on diagnostic input features like oil parameters, DGA gas concentrations,
visual observations, field data, routine tests, etc.

For a valid approximation of the transformer’s overall health condition, some re-
searchers have only considered entirely approachable testing parameters. The authors
in [22,23] took the oil BDV, DDF, acidity, IFT, DGA, 2-furfural, percentage of economic
lifetime, and aging acceleration factor to evaluate the health index of the transformer. A
detailed overview of both traditional and ML-based approaches for finding the HI was
discussed in [1]. The article presents a couple of experts from the transformer diagnosis
field and includes diagnostic parameters like IFT, DDF, BDV, DGA, color, sediment, water
content, acidity, partial discharge (PD), 2-furfural, and transformer age. The researchers
in [24] employed a fuzzy logic model based on oil parameters and DGA ratios to calculate
the health index. A combined predictive maintenance model based on an ANN was used by
the authors in [25] to determine the health index of the transformer. Another ANN-based
model was also used by [26] for the prediction of furan content by using seven oil parame-
ters. Reference [27] presented a comparison of classification and regression by taking into
account some important parameters related to power transformers. Although machine
learning has been a well-liked path for the prediction of the overall health condition of
power transformers, there are still limitations associated with this discipline. Currently,
researchers have not selected the most relevant and appropriate diagnostic parameters
for calculating the health index, resulting in the utilization of insufficient datasets for this
purpose. Moreover, current research is limited by its continued dependence on tradi-
tional machine learning regression models, such as random forests [28], support vector
machines [29], and decision trees [30], rather than implementing more advanced models.
There remains reasonable scope for enhancing the accuracy of machine learning models.

This article presents a state-of-the-art approach to assessing the overall health condition
of power transformers by analyzing their health index (HI) for predictive maintenance.
Twenty of the most appropriate diagnostic parameters including DGA (hydrogen (Hy),
carbon monoxide (CO), carbon dioxide (CO;), methane (CHy), ethane (C,Hg), ethylene
(CoHy), and acetylene (CpHy)), furan analysis, water content, acidity, breakdown voltage
(BDV), dielectric dissipation factor (DDF), color, interfacial tension (IFT), transformer turn
ratio (TTR), partial discharge (PD), winding resistance (WR), insulation resistance (IR),
capacitance, and dissipation factor (DF) has been selected. The dataset of the former
parameters was collected by real-time testing of 220 kV and 500 kV grid stations of the
Multan region and Lahore region owned by the National Grid Company (NGC) (formerly
known as National Transmission and Despatch Company (NTDC)) in Pakistan. This
carefully gathered dataset was employed on five modern regression models of machine
learning, i.e., natural gradient boosting (NGBoost) regressor, categorical boosting (CatBoost)
regressor, light gradient boosting machine (LightGBM) regressor, histogram-based gradient
boosting (HistGradientBoost) regressor, and extreme gradient boosting (XGBoost) regressor.
The model exhibiting the highest predictive accuracy was then utilized for estimating the
power transformers’ health index of the 500 kV grid station, Rahim Yar Khan, and the
500 kV grid station, Multan, NGC, as a case study. The economic benefits associated with
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the predictive maintenance of power transformers proposed in this research work were
also discussed, regarding maintenance cost optimization of the national grid.

2. Methodology

The methodology began with collecting data for the preparation of the dataset. Real-
time testing of power transformers employed by the National Grid Company (NGC)
(Lahore, Pakistan) (formerly known as National Transmission and Despatch Company
(NTDC)) at 220 kV and 500 kV grid stations of the Multan region and Lahore region was
performed, with adherence to industry standards, such as IEC, IEEE, ASTM, etc. These
included the DGA test, furan analysis test, water content test, acidity test, breakdown
voltage (BDV) test, dielectric dissipation factor (DDF) test, color test, interfacial tension
(IFT) test, transformer turn ratio (TTR) test, partial discharge (PD) test, winding resistance
(WR) test, insulation resistance (IR) test, capacitance test, and dissipation factor (DF) test.
The results of these tests are tabulated systematically for a coherent dataset. The dataset
was trained on the 5 latest ML regression models, i.e., NGBoost, CatBoost, LightGBM,
HistGradientBoost, and XGBoost. The best-performing model was used for the prediction
of the health index of power transformers employed at the 500 kV grid station, Rahim Yar
Khan, and the 500 kV grid station, Multan. The concluding stage of this research work
involved a comprehensive economic analysis to evaluate the financial implications and
benefits of the proposed research. Figure 3 presents the schematic of the methodology.

Testing of Power Transformers at 220 kV and 500 kV Grid Stations @
NGC (Multan Region & Lahore Region)
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Figure 3. Schematic of methodology.

800!

Output
Feature

4

)
i

https://doi.org/10.3390/en19153653


https://doi.org/10.3390/en19153653

Energies 2026, 19, 3653

6 of 23

3. Dataset

The collection of data was one of the key steps of this research. NGC has four (4)
500 kV grid stations (NEW MULTAN, MUZAFARGARH, RAHIM YAR KHAN, and DERA
GHAZI KHAN) and seven (7) 220 kV grid stations in the Multan region. NGC also has six
(6) 500 kV grid stations (SHEIKHUPURA, GATTI FAISALABAD, NOKHAR, SAHIWAL
(YOUSAFWALA), NEW LAHORE (SOUTH), and FAISALABAD WEST) and twenty (20)
220 kV grid stations in the Lahore region. Fourteen most-suitable tests, including the DGA
test, furan analysis test, water content test, acidity test, breakdown voltage (BDV) test,
dielectric dissipation factor (DDF) test, color test, interfacial tension (IFT) test, transformer
turn ratio (TTR) test, partial discharge (PD) test, winding resistance (WR) test, insulation
resistance (IR) test, capacitance test, and dissipation factor (DF) test, were performed on
the power transformers of the above-mentioned grid stations for collecting the real-time
dataset according to IEC, IEEE, ASTM, etc., industrial standards. The dataset contained
a total of 372 entries with a varying range of HIs. This also means that the ML models
were employed on a dataset that is based on international industrial standards (i.e., IEC,
IEEE, and ASTM). Each test had its importance in evaluating the overall health index, as
explained in the next section.

3.1. Diagnostic Parameters

Power transformer condition assessment involves diagnostic test results. In this
research work, twenty relevant input parameters were selected, and each of them represents
a specific property of the transformer or its insulating medium. All these parameters are
not random. That is, they are known in both the power industry and academia as good
markers of the health of a transformer. Some of them relate to the chemical ageing of the
insulating oil, and others provide information about moisture content, degradation of the
insulating oil, internal discharges, or mechanical faults. They provide a complete visual
picture of the condition of the transformer. The collection and selection of these parameters
serve the most fundamental purpose of this work, that is, predicting the overall health of
the transformer. The HI, by converting these diagnostic data into a single score that can
be readily interpreted, greatly facilitates direct access to well-informed asset management.
Figure 4 shows the diagnostic parameters taken into account in this research work.

3.1.1. Dissolved Gas Analysis (DGA)

During long-term operation and fault stresses, such as overheating, arcing, or partial
discharge, the insulation materials degrade, and then many kinds of gases are formed.
These gases are dissolved in the insulating oil, and their kind and content can indirectly
indicate the types and severity of faults. Important gases include hydrogen (H,), carbon
monoxide (CO), carbon dioxide (CO,), methane (CHy), ethane (CyHg), ethylene (CoHy),
and acetylene (CoHy). DGA detects issues that are not identified on standard tests, allowing
for proactive maintenance. It also allows a time trend analysis to evaluate whether the
situation is stable or deteriorating [31].

3.1.2. Furan Analysis

The degradation of cellulose paper in power transformers is assessed using furan
analysis. Unlike oil, the solid, cellulose-based insulation in a transformer cannot easily be
renewed or replaced. As this paper ages under thermal stress, it degrades and releases fu-
ranic compounds and, in particular, 2-furfuraldehyde (2-FAL) into the oil. Those substances,
however, are HDL-apolipoproteins, and they can be quantitatively determined by high-
performance liquid chromatography (HPLC). The appearance of high furan levels mostly
indicates the final stage in the aging cycle and, hence, is likely to cause a breakdown [32].
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Figure 4. Diagnostic parameters of the transformer.

3.1.3. Water Content

Changes in the content of water in the transformer oil are decisive for the insulation
performance and overall health of the transformer. If external sources, such as leakage,
faulty seals, or the surrounding atmosphere, are infiltrated, the system can become moist.
Mostly, old and poorly maintained units, where the issue of moisture is more common, can
be the source of the problem. It can also be generated inside the transformer by the ageing
and decomposition of cellulose insulation. These measurements are typically made in parts
per million (ppm) by Karl Fischer titration or by a method similar to this [33].

3.1.4. Acidity

As oil ages, it combines with the air’s oxygen and produces acids that cause corrosion
and promote the formation of sludge. These acidic species can cause the destruction of
metal parts, intensify the reduction in cellulose insulation, and impede the oil’s insulating
properties. In particular, colloidal deposits can pack cooling airways, restricting airflow
and thus reducing the cooling effect, and this can lead to overheating. The degree of acidity
is typically measured in milligrams of potassium hydroxide (KOH) required to neutralize
the acids in one gram of oil [34].
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3.1.5. Breakdown Voltage (BDV)

Breakdown voltage (BDV) is an important electrical transformer oil property that
shows its capability to withstand electrical stress. The test is performed by applying
increasing voltage to a sample of oil until the electric breakdown happens, i.e., the oil no
longer has insulating properties. A high BDV value indicates a good insulating capacity,
and low BDV is an indication of moisture contamination, particles, or aging by-products
contamination in the oil [35].

3.1.6. Dielectric Dissipation Factor (DDF)

Dielectric dissipation factor (DDF) is also called tan delta (tan §) and is a means to
measure the dielectric loss in the component of an insulating material as a result of applying
an alternating electric field. It is key to know the quality of the insulating oil and solid
insulating materials. A DDF with a low value shows that the quality of the insulation is
good, whereas higher values are due to pollution by water, aging of the material, and other
contaminants [36].

3.1.7. Color

The yellowish hue of transformer oil might look like a triviality at first. However, it
is a very useful visual signal of oil quality and aging. A bright yellow or goldish color
appears to be natural for a new oil, while a deeper color can indicate the oil’s diminished
quality. Moreover, the color shifts can be an earlier sign that additional laboratory testing is
required to detect chemical or moisture-related issues [37].

3.1.8. Interfacial Tension (IFT)

Interfacial Tension (IFT) is the attraction force measurement between the oil of the
transformer and the water at their interface. As the oil gets old and gathers polar contami-
nants like acids, sludge, and oxidation products, its IFT value drops. A minimal value of IFT
usually comes from the degradation of the oil that leads to a reduction in the performance
of its insulating properties [38].

3.1.9. Transformer Turn Ratio (TTR)

The transformer turn ratio test (TTR) was performed to verify the right ratio between
primary and secondary windings of a power transformer. This is probably the most
straightforward and reliable way of finding shorted or open winding issues, wound tears,
and inter-turn insulation faults. A transformer with a bad turns ratio feature can make use
of incorrect voltage levels for the connected equipment. The deviation from the nominal
turn ratio may be a confirmation that winding damage on the transformer has taken place
due to electrical or mechanical stress, especially in the occurrence of flashover incidents or
the physical shocks experienced during the process of transportation [39].

3.1.10. Partial Discharge (PD)

Partial discharge (PD) is the local ionization and vaporization that occurs in the
insulation of a transformer without a complete short-circuit of the insulation. They are
very often due to the formation of cavities, cracks, humidity, or foreign bodies within the
insulation, and are the initial indicators of insulation breakdown. The PD process can attack
not only chemicals but also the physical appearance of insulation, due to wear and tear,
hence shortening the life of the equipment [40].

3.1.11. Winding Resistance (WR)

Winding resistance (WR) testing is a procedure that diagnoses the transformer’s
resistance by using a small direct current. Such a test is practiced to spot loose connections,
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shorted turns, or bad contacts at tap changers. Each of these may lead to local hot spots,
voltage imbalance, or reduced energy efficiency in operation. Therefore, it is the most
important activity to be performed after repair, movement, or large-scale operation, or for
newly installed transformers [41].

3.1.12. Insulation Resistance (IR)

The insulation resistance (IR) of a transformer is a measurement of how well the
insulation can keep the transformer from having any leakage current. If the IR value is low,
there is a possibility of water flooding, insulation degeneration, or pollution of the surface.
IR testing is a simple, non-time-consuming, and genuine approach to identifying the
general state of the insulation. Moreover, it is a standard practice during commissioning,
regular maintenance, and in case of any suspicions about the wet environment of the
transformer [42].

3.1.13. Capacitance (C)

Capacitance in transformers refers to their ability to store an electrical charge in
their insulation system. This property is responsible for the transient performance of
the transformer. Maintaining the designated capacitance is of much importance as it
helps ensure equal voltage distribution across the windings, thus protecting them from
any potential damage. Any change in capacitance can lead to serious problems like
resonance [43].

3.1.14. Dissipation Factor (DF)

The dissipation factor (DF) test measures the dielectric losses in a power transformer’s
insulation system. It determines the quality of the insulation by comparing the resistive
current to the capacitive current when an alternating current (AC) voltage is applied.
The dissipation factor is actually the tangent of the angle between the ideal capacitive
current and the actual total current. A low value of DF suggests good insulation, while a
growing trend can signify concerns like moisture ingress, contamination, or aging, leading
to transformer failure [43].

3.2. Output Parameter

The only output parameter of this research is the health index (HI). The HI is a
macroscopic indicator that tells us how healthy and safely operable the power transformer
is. It unifies the data received from different diagnostic methods and transforms it into
a number or class/grade that can directly display the situation of a power transformer
regarding the possibility of failure or the necessity of maintenance. The HI can be in the
form of a percentage, a plain scale from 0 to 100, or in the form of health classes (e.g.,
“Excellent”, “Good”, “Fair”, “Poor”, and “Critical”). It is the HI’s mission to provide the
decision-makers with a clear and objective picture of the condition of the asset. As it
extracts a single output from multiple complex measurements, the HI feature supports
condition-based maintenance, the prioritization of assets, and strategies for life extension.
The HI was also predicted for power transformers of the 500 kV grid station, Rahim Yar
Khan, and the 500 kV grid station, Multan, based on twenty input features using ML as a
case study of this research work.

4. Machine Learning (ML) Implementation

Machine learning (ML) is a branch of artificial intelligence (Al) that creates algorithms
that learn patterns from data and uses them for prediction or to make decisions. In recent
years, ML has become more popular in different areas of industry as it can analyze large
amounts of data and discover hidden trends very efficiently. It has been successfully
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applied in engineering domains, especially in health assessment and condition monitoring,
in order to enhance the operational reliability and minimize downtime [44]. For power
transformers, ML methods were found to be capable of diagnosing failures, forecasting
aging, and evaluating the health index by using historical data [45]. Regression is one of
the most widely used techniques for prediction purposes in machine learning. Figure 5
shows a simple classification of machine learning.

[ Machine Learning j

v v

( Supervised Learning ] ( Unsupervised Learning )

I
v v

( Regression ) [ Classification )

[Datatype (Continuous)] ( Datatype (Discrete) ]

Figure 5. Classification of machine learning.

4.1. Regression

Regression is one of the fundamental methods of supervised learning, which is em-
ployed to predict continuous values (numbers) based on a labeled input dataset. It is
important as it allows us to measure relationships between different diagnostic variables to
detect trends. Regression in machine learning is more than just determining the line of best
fit. It learns the intricate and nonlinear relationships of input parameters and their effects
on the output parameter. Based on these complex patterns, regression makes accurate
predictions. The boosting regression algorithms have gained much popularity in recent
years because they combine multiple simple “weak” models sequentially to create a highly
accurate “strong” model, increasing their prediction accuracy. Instead of building one
massive model, boosting models focus on learning from previous mistakes in a step-by-
step manner to minimize prediction errors. This research work employed state-of-the-art
boosting regression models, including NGBoost, Catboost, LightGBM, HistGradientBoost,
and XGBoost, using Python 3.14 on the Google Colab Environment.

4.1.1. NGBoost

Natural gradient boosting regression (NGBoost Regressor) is a novel algorithm that
does probabilistic regression by learning a full joint distribution instead of a specific point
value, using natural gradients to maximize the expected health index and its uncertainty in
the parameters. By using NGBoost in this research, the grid operator can use prediction
intervals that quantify the statistical confidence of the transformers” health assessment,
which can help in making more risk-aware predictive maintenance decisions [46].

4.1.2. CatBoost

Categorical boosting regression (CatBoost Regressor) is an advanced gradient boosting
algorithm that can automatically process categorical features without prior preprocessing
and has a special focus on minimizing overfitting and training time by using the Cat-
Boost symmetric decision tree. By incorporating CatBoost into this research, the model
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can automatically identify nonlinear relationships in complex diagnostic information and
avoid losing important data by manual coding, thereby optimizing the health index assess-
ment. This will help in making quick and economical maintenance decisions in the power
infrastructure with the help of high-fidelity predictive mapping by the grid operators [47].

4.1.3. LightGBM

Light gradient boosting machine regression (LightGBM Regressor) is an extremely
memory-efficient and fast gradient boosting framework to grow decision trees leaf-wise
instead of level-wise, using histogram-based algorithms. The inclusion of LightGBM in
this research helps process multi-dimensional diagnostic vectors faster and without com-
promising the accuracy for the diagnostics of the transformer condition. This is especially
useful for large-scale grid datasets and enables utility operators to carry out real-time,
cost-optimized asset condition assessments [48].

4.1.4. HistGradientBoost

Histogram-based gradient boosting regression (HistGradientBoost Regressor) is an
optimized gradient boosting algorithm that discretizes all numerical features into bins of
integers, thus reducing the number of split points that the decision trees have to check
when training. Using HistGradientBoost in this research offers an extremely efficient and
memory-saving system for forecasting the health index of the transformer from large, dense
diagnostic datasets. This allows for quick asset condition assessments and can schedule
maintenance to optimize costs while maintaining the accuracy of the prediction needed for
the critical grid infrastructure [49].

4.1.5. XGBoost

Extreme gradient boosting regression (XGBoost Regressor) is an ensemble of weak
decision trees trained sequentially by gradient boosting, which is scalable and parallelized
with advanced regularization, and optimizes the loss function via second-order Taylor
expansion. The use of XGBoost in this research offers an extremely powerful baseline
to predict the power transformer health index, while simultaneously allowing for the
management of missing diagnostic data, as it is sparsity-aware when performing split
finding. The techno-economic framework is accurate, making feature elimination more
accurate to minimize the maintenance costs of the national grid [50].

4.2. Evaluation Metric

Evaluation metrics are used to measure the performance of machine learning models.
These metrics help gauge the effectiveness of the models’ performance in capturing the
complicated relationships of data and in predicting the data. Metrics that give a detailed
evaluation of regression models are the R? score and MAE.

4.2.1. R% Score

The R? score, or coefficient of determination, is a statistical measure that quantifies
the amount of variance in the dependent variable that is explained by the independent
variables. In terms of practical use, it measures the accuracy of the regression model
predictions in comparison with a simple baseline average. The most important use of the
R? score is to assess the model’s performance (usually in the range of 0 to 1). The greater the
score, the more accurate and vice versa. The R? score is calculated using Equation (1) [51].

YN | (PredictedValue; — ActualValue;)?

R®Score =1 — N 5
Y.iiq (ActualValue; — AverageTargetValue;)

(1)
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4.2.2. Mean Absolute Error (MAE)

The mean absolute error (MAE) is a statistical measure of the average absolute value
errors in a series of predictions, regardless of direction. From a practical perspective, it is a
measure of the average magnitude of the difference between the model’s predicted values
and the actual values. The main value of the MAE is that it is an intuitive measure of the
accuracy in the same units as the target variable, with a smaller value representing a better
model. The MAE value is calculated by Equation (2) [52].

N ActualValue; — PredictedValue;

1
MAE = —
Nl.; ActualValue;

()

5. Results
5.1. R? Score

Figure 6 represents a comparative performance evaluation of five advanced machine
learning regression models based on their coefficient of determination (R? score) for health
index prediction of high-voltage power transformers. Categorical boosting regression
(CatBoost Regressor) showed the highest prediction accuracy of 97.2%, with an R? score of
0.972. CatBoost’s superior performance is based on its symmetric tree structures, optimized
handling of categorical features, and robust regularization techniques, which enable it to
prevent overfitting during data training and effectively minimize gradient bias. This shows
that CatBoost Regressor captured the complex and nonlinear relationships between the
diagnostic input parameters and the targeted output parameter successfully. The NGBoost,
XGBoost, and HistGradientBoost also showed good results, having R? scores of 0.969, 0.968,
and 0.96, respectively. LightGBM attained the lowest R? score of 0.958. The highest accuracy
of the CatBoost Regressor confirms that its deployment in the national grid guarantees
reliable condition monitoring and health assessment of the power transformer. It will also
help in precise predictive maintenance scheduling, optimizing asset maintenance costs,
and ultimately minimizing catastrophic failures.

R? Score Comparison
0.975
0.972
0.97 0.969 0.968
@ 0.965
(=3
@
~ 0.96
S 0.958
0.955
.95
- NGBoost CatBoost LightGBM HistGradientBoost XGBoost
Series1 0.969 0.972 0.958 0.96 0.968
ML Models

Figure 6. Comparison of R? scores across machine learning regression models for the prediction
accuracy of HL.

5.2. MAE

Figure 7 illustrates a comparative performance evaluation of five state-of-the-art ma-
chine learning regression models based on the value of mean absolute error (MAE) for
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health index prediction of the high voltage power transformers. Categorical boosting
regression (CatBoost Regressor) showed the lowest prediction error, with an MAE value of
1.73. CatBoost’s optimal performance was due to its symmetric tree growth and innovative
ordered boosting mechanism, which significantly handles nonlinear, complex parameter
interactions with minimal empirical loss and suppresses prediction shift. This is an indi-
cation that CatBoost Regressor recognized the intricate relationships between input and
output parameters efficiently. XGBoost, NGBoost, and HistGradientBoost also showed
good results, having MAE values of 1.82, 1.88, and 2.3, respectively. LightGBM had the
highest MAE of 2.32. The superior performance of CatBoost is a testament to the fact that
all assets are on the condition assessment platform reliably across the national grid. This
model can, therefore, accurately predict maintenance timing and directly optimize the
investment of grid assets, thereby significantly reducing the risk of transformer failure.

MAE Comparison
2.5 2.32 2.3
A A
1.88
2 - 1.82
A 1.73 A
X
1.5
=
<
=
1
0.5
0 NGBoost CatBoost LightGBM HistGradientBoost XGBoost
& Series1 1.88 1.73 2.32 23 1.82
ML Models

Figure 7. Comparison of MAE values across machine learning regression models for error assessment
in HI prediction.

5.3. Regression Plot

To highlight the predictive ability of the best-performing model (CatBoost Regressor),
the regression plot is displayed in Figure 8. The scatter plot for the predicted health index is
plotted along the y-axis, and along the x-axis, the actual health index is plotted. The dashed
red line is the ideal prediction line. The data points are gathered in a linear and tight manner
along the ideal prediction line, showcasing CatBoost’s outstanding evaluation metrics. The
central concentration in the regression plot indicates that the CatBoost Regressor has an
almost ideal prediction of the health index. This exact alignment indicates that a data-
driven framework can correspond the nonlinear and complex transformer degradation
parameters to the actual health state of the transformer’s operation, with only a small
variation. This ensures that insulation degradation can be identified in the early stages
effectively. This comprehensive ML framework can be employed by utilities and asset
managers for predictive maintenance of power transformers, which will enable further
steps towards cost-effective grid maintenance.

5.4. Correlation Matrix Heat Map

The Pearson correlation matrix heatmap in Figure 9 depicts the linear correlation
between the input and output parameters. The color-coded matrix reveals the important
multicollinear and independent feature relationships. The heatmap uses an inverted color
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scale (cool to warm) to show the relationship between different diagnostic parameters
and the health index (HI) by highlighting the correlation coefficient that ranges between
—1.0 and +1.0. The range of statistically strong to moderate direct linear relationships
ranges from dark red to light orange (+1.00 to +0.20). Pale pink to light grey shades,
however, refer to between +0.20 and —0.20, indicating weak to negligible linear correlation.
Moderate to strong inverse relationships are shown by a range of light blue to dark blue
shading, representing coefficients of —0.20 to —1.00. It was found that there were strong
negative correlations between the health index and degradation parameters, such as water
content (—0.84), furan analysis (—0.83), and acidity (—0.73), which can be interpreted as
moisture ingress, aging of insulation, and oxidation of the oil, respectively. This pattern
means that, as these parameters increase, the power transformer, as a whole unit, can
quickly enter an alarming condition that could lead to catastrophic failure of the system.
Interfacial tension (0.79) and breakdown voltage (0.77) show a strong positive correlation.
The result shows that, for the power transformer, the higher the value of these parameters,
the closer it is to the optimized operation zone, which guarantees its long-lasting safe
operation and reliability. This all-round statistical mapping confirms the feature selection
process and guarantees that the data-driven framework is focused on the most physically
meaningful parameters so as to reach optimal predictive maintenance profiling of Pakistan’s
national grid.

Regression Plot: CatBoost (Top Performer)

R?Score: 0.972 | MAE: 1.73
Ideal Prediction —
’/ il
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0"‘ ¢
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Figure 8. Regression plot of the top-performing model (CatBoost Regressor).
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Figure 9. Heatmap of the correlation matrix illustrating dependencies among the diagnostic input
parameters and the targeted output parameter (HI).

6. Case Study

Five state-of-the-art machine learning regression models were systematically evaluated
in this research article using the twenty diagnostic parameters to predict the health index of
the power transformer. CatBoost Regressor had the best performance and R? score of 0.972,
with an MAE value of 1.73, among all the models. A practical case study was conducted
using CatBoost Regressor to predict the health index of the power transformers at the
500 kV grid station, Rahim Yar Khan, and the 500 kV grid station, Multan, based on its
remarkable performance.

6.1. Case Study I: 500 kV Grid Station, Rahim Yar Khan

The electrical power substation consists of five different power transformer assets,
consisting of a total of 10 high voltage power transformer units, as indicated in Table 1.
The substation comprises two 525/231/23 kV auto transformer banks (ATBs) comprising
physically isolated single-phase auto transformers and a spare unit to be used in an emer-
gency. The other units come with two 220/132/11 kV power transformers, and one unit of
132/11.5 kV, creating an integrated and varied electric power system infrastructure.
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Table 1. Details of power transformers at 500 kV grid station, Rahim Yar Khan.

Sr. No. Transformer Name Technical Details
1 (RED), 525/231/23 kV, 200 MVA, (TBEA China)
2 ATB2 (Yellow), 525/231/23 kV, 200 MVA, (TBEA China)
3 (Blue), 525/231/23 kV, 200 MVA, (TBEA China)
4 (RED), 525/231/23 kV, 200 MVA, (TBEA China)
5 ATB3 (Yellow), 525/231/23 kV, 200 MVA, (TBEA China)
6 (Blue), 525/231/23 kV, 200 MVA, (TBEA China)
7 Spare (ATB2 and ATB3) (Spare), 525/231/23 kV, 200 MVA, (TBEA China)
8 T5 220/132/11 kV, 250 MVA, (TBEA China)
9 T6 220/132/11 kV, 250 MVA, (TBEA China)
10 T7 132/11.5kV, 6.3 MVA, (TBEA China)

In order to practically validate the significance of the proposed ML framework, the
power transformer fleet health index was predicted using CatBoost Regressor. The twenty
key diagnostic parameters were precisely measured from a series of laboratory and field
tests, following standard industrial procedures (IEC, IEEE, and ASTM), for each physical
unit. The predicted results included a quantitative HI value, a qualitative health assessment,
and a maintenance recommendation specific to the insulation degradation profile and are
presented in Table 2.

Table 2. Case study I results outlining predicted health index, operational status, and actionable
maintenance for the power transformer fleet at 500 kV grid station, Rahim Yar Khan.
Sr. No. Transformer Name Predicted HI Health Condition =~ Maintenance Action

1 ATB2 (Red) 92% Healthy None

2 ATB2 (Yellow) 91% Healthy None

3 ATB2 (Blue) 92% Healthy None

4 ATB3 (Red) 92% Healthy None

5 ATB3 (Yellow) 91% Healthy None

6 ATB3 (Blue) 91% Healthy None

7 Spare (ATB2 and ATB3) 96% Healthy None

8 5 87% Healthy None

9 T6 88% Healthy None

10 T7 94% Healthy None

Case study I validates that the entire fleet of high-voltage power transformers stayed
in peak condition, upholding impeccable fidelity standards across all assets. The red and
blue phases of ATB2 showed a remarkable HI of 92%, and the yellow phase showed an
HI of 91%. In the case of ATB3, the red phase had an HI of 92%, while the yellow and
blue phases registered an HI of 91%. Such an exceptional HI is a measure of the fact that
both the auto transformer banks were operating under normal load conditions. Also, their
operational electrical and thermal limits were not breached. In addition to this, the heat
dissipation mechanisms also benefited the ATBs and suppressed any insulation degradation
caused by localized hot spots. The spare phase, which is reserved for ATB2 and ATB3
in any emergency, yielded an HI of 96%. This validates its non-operational, preserved
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capacity as a reliable and robust emergency reserve. T5 and T6 showed marginally low
but acceptable HIs of 87% and 88%, respectively, reflecting expected minor electrical and
thermal stresses, attributed to their single physical structure. T7 feeds local substation
utility loads, sustaining an HI of 94%, because of the low electricity demand of the grid’s
auxiliary systems. All ten units of the power transformers were categorized as healthy
units and do not require any corrective maintenance. The healthy longevity of these assets
is strongly related to the chronological lifecycle of the substation. A total of only eight years
have passed since the commissioning of the power transformers at the 500 kV grid station,
Rahim Yar Khan, in 2018. Moreover, the adherence to the structural annual preventive
maintenance protocols also contributes to the remarkable structural and dielectric state of
the power transformers.

6.2. Case Study II: 500 kV Grid Station, Multan

This electrical power substation currently operates a wide range of seven different
types of transformers, with a total of fourteen individual high-voltage units, as detailed
in Table 3. The infrastructure comprises three 525/231/22 kV auto transformer banks
(ATBs), architecturally arranged in physically isolated single-phase units, with an extra
single-phase unit as a standby unit in case of critical emergencies. The remaining power
transformers are three 220/132/11 kV and a single 132/11 kV power transformer unit,
creating an integrated electric power system infrastructure.

Table 3. Details of power transformers at 500 kV grid station, Multan.

Sr. No. Transformer Name Technical Details
1 (RED), 525/231/22 kV, 150 MVA, (TOSHIBA Japan)
2 T1 (Yellow), 525/231/22 kV, 150 MVA, (TOSHIBA Japan)
3 (Blue), 525/231/22 kV, 150 MVA, (TOSHIBA Japan)
4 (RED), 525/231/22 kV, 150 MVA, (TOSHIBA Japan)
5 T2 (Yellow), 525/231/22 kV, 150 MVA, (TOSHIBA Japan)
6 (Blue), 525/231/22 kV, 150 MVA, (TOSHIBA Japan)
7 (RED), 525/231/22 kV, 150 MVA, (TBEA China)
8 T7 (Yellow), 525/231/22 kV, 150 MVA, (TBEA China)
9 (Blue), 525/231/22 kV, 150 MVA, (TBEA China)
10 Spare (T1, T2, and T7) (Spare), 525/231/22 kV, 150 MVA, (TBEA China)
11 T3 220/132/11 kV, 250 MVA, (BEST Turkey)
12 T4 220/132/11 kV, 250 MVA, (BEST Turkey)
13 T5 220/132/11 kV, 250 MVA, (BEST Turkey)
14 T6 132/11 kV, 6.3 MVA, (ELECTROPUTERO Romania)

For the purposes of validation of the practical effectiveness of the proposed machine
learning system, the CatBoost Regressor was used to predict the health index of the power
transformers. Twenty critical diagnostic parameters as an input vector were collected
carefully by laboratory and field tests for each physical unit, with full adherence to the
international testing standards (such as IEC, IEEE, and ASTM). The resulting predictive
mapping cataloged both the quantitative health index and qualitative condition assessments
and prescriptive maintenance actions based on the unique insulation degradation profile of
each asset, as shown in Table 4.
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Table 4. Case study II results outlining predicted health index, operational status, and actionable
maintenance for the power transformer fleet at 500 kV grid station, Multan.

Sr. No. Transformer Name Predicted HI Health Condition Maintenance Action
1 T1 (Red) 75% Mosierat'e C(?rrectlve
deterioration maintenance
2 T1 (Yellow) 74% Moderate Corrective
deterioration maintenance
3 T1 (Blue) 749, Moglerat.e Cgrrectlve
deterioration maintenance
4 T2 (Red) 749% Moslerat.e C(?rrectlve
deterioration maintenance
5 T2 (Yellow) 74% Moderate Corrective
deterioration maintenance
6 T2 (Blue) 73% Mosierat.e qurectlve
deterioration maintenance
7 T7 (Red) 96% Healthy None
T7 (Yellow) 97% Healthy None
T7 (Blue) 97% Healthy None
10 Spare (T1, T2, and T7) 98% Healthy None
11 T3 96% Healthy None
12 T4 96% Healthy None
13 T5 96% Healthy None
14 T6 85% Healthy None

Case study II showed that the health profile was highly variable throughout the fleet,
with some assets being in peak condition and others in moderate condition. In particular,
the red phase of T1 had an HI of 75%, while the yellow and blue phases showed an HI
of 74%. The red and yellow phases of T2 had an HI of 74%, and the blue phase showed
an HI of 73%. This was localized degradation that was highly related to the age of the
assets, as both of these transformers were commissioned in 1986. They are in only moderate
condition after forty years of use, largely due to the fact that they have followed a well-
defined preventative maintenance procedure on an annual basis. Meanwhile, the newer
installations have strong insulation profiles, with the red phase of T7 showing a 96% HI,
and the yellow and blue phases of T7 showing a 97% HI. The spare phase had the highest
HI of 98%, which confirms its good condition and states that it is a reliable emergency
standby. All three transformers (T3, T4, and T5) had an excellent HI of 96%, indicating
normal loading and very efficient heat dissipation. Their exceptional integrity is due to
their short chronological life, which is only four years since commissioning at the 500 kV
grid station, Multan, in 2022. Finally, T6 feeds the auxiliary load of the substation and had
an HI of 85%. This slight degradation is attributed to the usual stresses it has undergone
since being commissioned in 2010.

7. Economic Analysis

In this research work, the input vector for the proposed ML framework comprised
twenty key diagnostic parameters. This necessitated a comprehensive collection of fourteen
distinct field and laboratory tests for each unit of the power transformer. These tests
included the DGA test, furan analysis test, water content test, acidity test, BDV test, DDF
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test, color test, IFT test, TTR test, PD test, WR test, IR test, capacitance test, and DF test.
These diagnostic tests have an economic investment associated with them. The financial
expenditures of these tests, along with other miscellaneous charges, are presented in Table 5
in descending order of cost. The standardized pricing is derived from the officials of
the state-owned High-Voltage and Short-Circuit Laboratory (HV & SC Lab), Islamabad,
operated by National Grid Company (NGC), Pakistan.

Table 5. Standard cost schedule (in PKR) for power transformer diagnostic testing by HV & SC Lab,
Islamabad.

Sr. No. Test Name Cost (PKR)
1 Dissipation Factor (DF) Test 72,000
2 Capacitance Test 72,000
3 Insulation Resistance (IR) Test 60,000
4 Transformer Turn Ratio (TTR) Test 55,000
5 Winding Resistance (WR) Test 55,000
6 Dissolved Gas Analysis (DGA) Test 55,000
7 Partial Discharge (PD) Test 48,000
8 Furan Analysis Test 17,000
9 Water Content Test 11,000
10 Dielectric Dissipation Factor (DDF) Test 10,500
11 Breakdown Voltage (BDV) Test 7500
12 Acidity Test 6000
13 Interfacial Tension (IFT) Test 5500
14 Color Test 1700

Cumulative Sum 476,200
Miscellaneous Charges

Labor Cost 40,000

2 Safety Inspection Cost 20,000

Shipping and Handling Cost 15,000

Total Cost 551,200

The execution of these fourteen diagnostic tests imposes an economic burden of
551,200 PKR per power transformer unit. This financial burden was addressed by perform-
ing an economic analysis on the 500 kV grid station, Rahim Yar Khan. This approach was
executed to optimize the maintenance cost of the power grid. The predictive capabilities
of the best-performing model (CatBoost Regressor) were implemented by an iterative,
parameter-skipping imputation strategy. The method omits a single diagnostic test se-
quentially at a time, starting from the most expensive dissipation factor (DF) test. The
CatBoost Regressor is used to predict the missing parameter and subsequently predicts the
final health index. The newly predicted HI is compared with baseline case study results
for the detection of deviations. If the health index has a marginal variance of less than
2%, the process proceeds to skip and impute the next diagnostic parameter. Any higher
deviation of more than 2% in the HI delineates the operational threshold of the feature
reduction boundary. By maximizing the number of securely omitted physical tests, the
proposed framework cuts the necessity of diagnostic tests without introducing a drastic
shift in the health condition of the power transformers. This proves the practical via-
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bility of the proposed framework for optimizing maintenance costs across the national
grid. The optimization framework for ATB2 is presented step by step in Table 6 only for
analytical simplicity.

Table 6. Economic analysis and cost optimization of ATB2 at 500 kV grid station, Rahim Yar Khan.

Sr. No. T/F Name Test Skipped Actual HI  Predicted HI % Diff. CO(SI:IE;{‘;ed
1 (Red) ATB2 1 (DF) 97% 99% .- 72,000
2 (Yellow) ATB2 1 (DF) 97% 97% ( A'TB2°) (13.06%)
3 (Blue) ATB2 1 (DF) 97% 96% (each unit)
4 (Red) ATB2 2 (DF, Capacitance) 97% 97% » 144,000
5 (Yellow) ATB2 2 (DF, Capacitance) 97% 95% ( AT1;2) (26.12%)
6 (Blue) ATB2 2 (DF, Capacitance) 97% 96% (each unit)
7 (Red) ATB2 3 (DF, Capacitance, IR) 97% 99% . 204,000
8 (Yellow) ATB2 3 (DF, Capacitance, IR) 97% 98% ( A.TB2O) (37.01%.)
9 (Blue) ATB2 3 (DE, Capacitance, IR) 97% 98% (each unit)
10 (Red) ATB2 4 (DF, Capacitance, IR, TTR) 97% 96%

1349 259,000

11 (Yellow) ATB2 4 (DF, Capacitance, IR, TTR) 97% 96% ( A.TB2O) (46.99%)
12 (Blue) ATB2 4 (DE, Capacitance, IR, TTR) 97% 95% (each unit)
13 (Red) ATB2 5 (DF, Capacitance, IR, TTR, WR) 97% 95% 0
14 (Yellow) ATB2 5 (DE, Capacitance, IR, TTR, WR) 97% 92% ( A4TO/1§2) (% diff. is
15 (Blue) ATB2 5 (DF, Capacitance, IR, TTR, WR) 97% 92% too high)

The economic analysis confirmed that the omission of four costly diagnostic pa-
rameters, i.e., DF, capacitance, IR, and TTR, resulted in a significant financial dividend,
conserving 46.99% (259,000 PKR) of the total diagnostic cost per unit of a power transformer
asset. Such a huge financial burden can be reduced with a variance of merely 1.34% in
the predicted health index. The diagnostic overhead can be reduced by almost half by
using the proposed ML-based methodology. Further elimination of diagnostic parameters
introduces a drastic shift of 4% in the predicted health index. Such a high variance in the
HI can compromise the operational reliability of the power transformer and can lead to
system-wide failures. The current boundary established by eliminating four diagnostic
parameters is an optimal threshold. These findings certify that the proposed machine
learning approach can be applied practically for cost optimization regarding national grid
maintenance. This framework enables massive economic savings of nearly 50 percent in
what may be the largest break from traditional and rigid ‘preventive’ maintenance methods
to a more cost-effective and sophisticated ‘predictive’ maintenance methodology.

8. Conclusions

This research article proposed and validated a data-driven approach based on ma-
chine learning (ML) to predict the health index (HI) of the power transformer for predictive
maintenance, addressing the demanding challenge of the national grid’s maintenance cost
optimization via novel parameterization. Five state-of-the-art ML regression algorithms
were evaluated using a holistic dataset consisting of twenty relevant diagnostic parame-
ters accumulated through international industry standards (i.e., IEC, IEEE, and ASTM).
CatBoost Regressor emerged as the best-performing model by demonstrating an excep-
tional R? score of 0.972 and an MAE of 1.73. The practical implementation was done as a
real-world case study, utilizing the top-performing model on ten and fourteen operational
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power transformer units at the 500 kV grid station, Rahim Yar Khan, and the 500 kV grid
station, Multan, respectively. The CatBoost Regressor predicted the HI of the entire fleet of
the 500 kV grid station, Rahim Yar Khan, in the range of 94% to 98%. The healthy states
of the assets were strongly linked to annual maintenance routines, coupled with a brief
operational lifespan of 8 years since the power transformers’ commissioning in 2018. The
estimated HI of the power transformers at the 500 kV grid station, Multan, spans between
73% and 98%. The diversity in the HIs of these transformers is due to their chronological
lifecycles, as some of the power transformers were commissioned in 1986, while others
were commissioned recently in 2022. To eliminate the financial overhead of 551,200 PKR
per unit of a power transformer required to acquire the values of diagnostic parameters
through field and laboratory tests, a novel cost optimization was performed via a sequential
feature-skipping imputation loop. The optimization was done by employing the CatBoost
Regressor to reduce the financial burden of maintenance on the national grid. The experi-
mental results justify that four tests (i.e., the DF test, capacitance test, IR test, and TTR test)
can be omitted and predicted through the CatBoost Regressor, with a minor variance of
merely 1.34% in the final HI. Through this innovative approach, the financial expenditures
can be conserved by about 46.99% (259,000 PKR per unit) while holding the operational
reliability of the power transformers. Ultimately, the real-world implementation of the
proposed method within Pakistan’s national grid guarantees significant financial savings
along with predictive maintenance of the assets without sacrificing the actual health state of
the power transformers. The proposed framework establishes a scalable and high-fidelity
path in transitioning from conventional and expensive preventive maintenance toward
progressive and cost-optimized predictive maintenance.
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