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Abstract

Data sparsity, particularly the partial loss of diagnostic data caused by sensor failures, trans-
mission errors, or missed inspections, frequently occurs in practical power transformer
operations and significantly degrades the accuracy and reliability of health index (HI) as-
sessments. In this study, a machine learning-based HI evaluation framework is developed
using key diagnostic input parameters systematically derived from failure mode and effect
analysis (FMEA) and established transformer diagnostic practices. To compensate for miss-
ing data, an unsupervised autoencoder (AE)-based imputation method is introduced and
benchmarked against conventional statistical supplementation techniques, namely mean
and mode imputation. The experimental results, obtained using real inspection-based trans-
former diagnostic records, demonstrate that the AE-based approach effectively preserves
inter-variable correlations and latent data structures by learning nonlinear feature relation-
ships. As a result, the proposed method maintains robust and consistent HI classification
performance under varying missing-data conditions. Furthermore, validation using con-
firmed transformer failure cases shows that the AE method more accurately reconstructs
missing dissolved gas analysis indicators and improves the identification of high-risk
equipment compared with statistical imputation. Overall, the proposed approach provides
decision-consistent HI evaluations even when diagnostic data are incomplete, thereby
reducing uncertainty in maintenance planning and minimizing the need for additional
follow-up inspections solely to compensate for missing information.

Keywords: health index; asset management; power transformer; missing data

1. Introduction

Power transformers (TRs) are critical components in power systems, as they convert
voltage levels and reduce energy losses, thereby fundamentally ensuring the stability and
efficiency of transmission and distribution networks. Their deterioration or failure causes
issues, such as degraded power quality, increased losses, overloads, and protective-device
malfunction. In severe cases, these conditions may escalate to major grid disturbances, in-
cluding short circuits and large-scale blackouts. Such events extend far beyond equipment-
level failures, potentially triggering cascading effects that result in industrial disruptions,
infrastructural damage, and significant economic losses. Thus, maintaining the reliability
and integrity of power TRs remains a fundamental priority in power system operation [1,2].

The health index (HI) assessment provides a quantitative indicator of the overall
condition of power TRs by integrating multiple diagnostic and operational factors, such as
estimated lifetime, early anomaly signals, and potential failure explains. By condensing
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heterogeneous condition information into a single index, HI-based assessment supports
preventive maintenance planning and asset management decision-making. In practical util-
ity environments, HI values are commonly used to optimize routine inspection schedules
and maintenance prioritization, thereby improving operational efficiency and reducing
costs associated with regular preventive maintenance activities rather than emergency fault-
recovery actions [3-5]. However, inaccurate HI estimation may result in either unnecessary
maintenance or delayed interventions, highlighting the importance of reliable assessment
under practical data constraints.

Power-TR HI assessment utilizes different diagnostic methods and data analysis,
with typical examples including dissolved gas analysis (DGA), partial discharge (PD)
measurement, and sweep frequency response analysis (SFRA). The diagnostic results
provide crucial information regarding insulation degradation and potential mechanical
defects inside the TR. HI derived from such diagnostic data serve as useful indicators
for maintaining TR reliability and supporting preventive maintenance. In many utility
practices, such diagnostic data are collected as inspection-based snapshots rather than
continuously sampled sensor data, reflecting the realistic data structure used in practical
asset management.

Existing HIs are typically calculated using a weighted-sum approach, where prede-
fined scores are assigned to each diagnostic item. Weights are generally applied based
on importance, after which the results are summed. Although this approach is simple
and intuitive, it may exhibit limitations, particularly under incomplete-data conditions
Well-known examples of this approach include the Norwegian method (Figure 1; it is used
to calculate TR HI based on inputs, such as load, temperature, DGA, oil condition, mainte-
nance history, protective device information, and TR-nameplate data) and the Det Norske
Veritas and Germanischer Lloyd (DNV GL) method [6]. Further, the weighted-sum method
operates on a similar principle, where input data are multiplied by weights reflecting the
importance of each factor, after which the product is summed to obtain the HI.

Affected Component
Input Data Scoring Criteria (Weight) Health Index
Data Score SxW

Load or temperature data Paper Degradation Model Winding
Dissolved Gas Analysis DGA Factor Core —
Oil Sample Analysis Oil Quality Factor Oil —

0Oil Maintenance

Tank Maintenance Tank —
Maintenance Record

Bushing Maintenance Busing —

Tap changer Maintenance Tap Changer —
Protection Equipment Data Lightning Stresses

> External Stresses [——

Transformer Data Short Circuit Stresses

Figure 1. Norwegian Health Index (HI) Assessment Method.
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The Norwegian HI assessment method exhibits inherent limitations, particularly under
incomplete-data conditions. In this framework, diagnostic criteria and their associated
weights are determined through expert knowledge and empirical experience, which ensures
practical interpretability but also introduces a degree of subjectivity.

More importantly, when some diagnostic parameters are missing or unavailable, the
weighted-sum aggregation structure may underestimate the influence of critical failure-
related indicators. For instance, acetylene (C;Hjy) concentration in dissolved gas analysis
(DGA) is closely associated with arcing and severe internal faults in transformer windings
and cores. However, owing to the averaging nature of the weighted-sum calculation,
if other available parameters receive relatively high scores, the overall HI may still be
evaluated as healthy despite the presence of critical fault signals.

This effect highlights the difficulty of reliably handling missing diagnostic data within
weighted-sum-based HI formulations, rather than a fundamental limitation of the HI
concept itself.

Figure 2 shows the HI calculation method proposed by DNV GL. This method employs
utilization, statistical, and condition data as inputs. Utilization data, typically obtained from
operational records, describe the frequency and utilization mode of the asset. Statistical
data, typically obtained from maintenance records, reflect general patterns from similar
equipment types. Condition data reflect the physical state of the asset based on inspection
and monitoring. In this model, the remaining life is estimated as the minimum value
derived from the utilization- and condition-based results. By incorporating statistical data
and taking the minimum value, the DNV GL method partly mitigates the critical parameter
dilution inherent in the Norwegian method. However, as the underlying formulas and
weighting principles remain largely expert-driven, some degree of subjectivity persists in
practical applications. Additionally, this method may not fully capture the granularity of
risk levels associated with different errors that can occur during health assessments.

Utilization data Statistical data Condition data
Utilization Statistical Condition
Remaining Lifetime Remaining Lifetime Remaining Lifetime

Folding Functions

» Health Index

Intensity

Colour

Figure 2. DNV GL HI Assessment Method.
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To overcome these limitations, machine learning (ML)-based health assessment meth-
ods have been actively explored in recent years. These methods are well-suited for an-
alyzing nonlinear relationships as they can learn complex TR conditions and abnormal
patterns directly from large-scale data. Moreover, their performance continues to improve
through learning, as more data become available, thereby enabling more accurate health
assessments [7-9]. Nevertheless, many existing ML-based transformer HI studies implicitly
assume that diagnostic datasets are complete and consistently available.

Alqudsi [10] developed an ML model to evaluate TR insulation condition using more
than 1000 insulating-oil test records from two Middle Eastern power companies. The model
utilized 10 oil test parameters (including Hy, CoHj, ethylene (C;Hy), acidity, and moisture)
as input variables to classify TR health into three categories: “good,” “moderate,” and
“poor,” by applying different pattern-recognition algorithms. A critical finding was that the
model maintained high prediction accuracy even after the number of inputs was reduced
by selecting only the most relevant features.

El-Rashidy [11] compared various ML models (e.g., decision trees and random forests)
with deep learning (DL) models (e.g., long short-term memory (LSTM), gated recurrent unit
(GRU), and hybrid LSTM-GRU) for predicting TR HI and remaining lifespan. Crucially,
the author proposed a multi-task learning structure that simultaneously predicts TR HI
and lifespan, achieving high prediction accuracy and improved model explainability.

These studies demonstrate the effectiveness of data-driven approaches; however, they
primarily focus on scenarios with sufficiently large and complete datasets.

Existing TR-health-assessment algorithms demonstrate high performance only when
all input data are complete and reliable. However, in practice, some diagnostic data are
often missing or collected incompletely owing to factors, such as sensor faults, inconsistent
measurement conditions, or changes in operating environments. Missing data prevent the
full reflection of key health information, thereby increasing the risk of underestimating or
overestimating the condition of the TR and reducing the overall accuracy and reliability of
the assessment algorithm.

Particularly, machine learning and artificial intelligence-based evaluation models
can achieve high predictive performance when trained with sufficiently large and com-
plete datasets. However, as the proportion of missing data increases, their generalization
performance degrades, leading to increased uncertainty in prediction results.

In practical transformer asset management, diagnostic information is often incomplete
despite periodic condition monitoring. Missing data may occur due to reporting omissions,
inconsistent measurement practices, unavailable test results, or variations in inspection
conditions, rather than continuous sensor failures alone. Such data gaps complicate the
determination of appropriate timing for health-based preventive maintenance and may
result in unnecessary interventions or delayed corrective actions, ultimately increasing
operational costs and risks.

To address these issues, we propose a deep neural network-based autoencoder (AE)
method for compensating missing data. AEs effectively predict missing values by com-
pressing the input data through unsupervised learning, followed by reconstructing them to
a close-to-original level. Here, we develop an integrated algorithm that provides more accu-
rate and reliable HI evaluation under missing-data conditions, specifically when combined
with existing ML-based health-assessment models. The proposed AE-based approach
addresses the limitations of existing assessment methods and reduces data uncertainty in
practical operating environments. This is expected to improve the efficiency and reliability
of TR maintenance, lower operating costs, and enable the planning of long-term asset
management strategies.
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2. Input Parameter Section for the Transformer Evaluation Algorithm

Input-parameter selection is crucial for predicting TR-failure probability and assessing
overall TR health. Without suitable parameters, any evaluation model (ML or DL) may
overlook crucial information or exhibit poor learning performance on account of missing
key inputs. Selecting parameters that are strongly related to failure modes can mitigate
overfitting from irrelevant data, enabling the model to focus on essential features for
efficient learning. Additionally, selecting optimal input parameters lowers data processing
and computational costs, ensuring improved TR-health-assessment reliability in different
environments and under diverse operating conditions.

2.1. Power Transformer Failure Mode and Effect Analysis

Failure mode and effect analysis (FMEA) is a technique for assessing potential failure
modes and their impacts in systems, equipment, or processes. FMEA has been applied
across many industries, including product design, manufacturing processes, and med-
ical systems; it is widely employed in the power sector. For power TRs, which are a
critical component of power systems, numerous studies have detailed the application of
FMEA therein.

Representative examples of FMEA for power TRs are documented in reports and
standards from major organizations, such as the Institute of Electrical and Electronics
Engineers (IEEE), Electric Power Research Institute (EPRI), and International Council on
Large Electric Systems (CIGRE). Specifically, IEEE Std C57.140 provides a TR FMEA that
categorizes subcomponents by type as well as details their possible causes, symptoms, test
methods, and condition-assessment tools [12]. EPRI provides a detailed health framework,
listing the effects of deterioration for each TR part, recommending detection and prevention
strategies, and even including time codes for component aging to indicate the time to initial
failure [13]. Conversely, CIGRE groups TR failures into three high-level categories: failure
location, causes, and modes. Each category is only briefly described; the taxonomy lacks
detailed classification and does not include specific diagnostic methods. Nevertheless,
CIGRE identifies five major, distinct failure sites: windings, connections, mechanical
structure, tap changer, and bushings [14].

Unlike time—frequency analysis-based diagnostic approaches, which typically re-
quire high-resolution signal acquisition, extensive preprocessing, and considerable com-
putational resources, the proposed intelligent algorithm-based framework operates on
inspection-derived diagnostic indicators. These indicators represent summarized outcomes
of standard diagnostic tests, such as dissolved gas analysis, insulation measurements, and
frequency response assessments. As a result, the computational burden during both data
preparation and health index evaluation is significantly reduced, enabling scalable and
repeatable assessment suitable for inspection-based transformer asset management.

Table 1 resents the FMEA for power TRs, developed by integrating insights from the
IEEE, EPRI, and CIGRE, defining failure sites (winding, core, steel, oil, bushing, OLTC),
along with their causes and phenomena.

Table 1. Power Transformer (TR) Failure Mode and Effect Analysis (FMEA).

Component Sub- Failure Mode Defect Cause Effect
Component
Conductors
- Turn-Turn Fault Through Fault Overheating, Gassing,
o Ground Fault 1 h .9
Winding Lead Lead Fault Overvoltage Short-Circuit Current,
Design Flaw, etc. Partial Discharge

Magnetic Insulation Fault, etc.
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Table 1. Cont.

Component Sub- Failure Mode Defect Cause Effect
Component
. . . N Overheating, Gassing,
Winding Insulation Magnetic Insu.lat1o.n Fault, Mafcenal, D.et.erlc.)rahon, Short-Circuit Current, PD,
Short Circuit Static Electrification, etc. .
DC Discharge
Core Steel Magnetic Insulation Fault, Eg,i Z C_E;Zednigssss Overheating, Gassing,
Insulation Short Circuit y Short-Circuit Current, PD
Leakage Flux, etc.
Steel Casing Explo&onsiliaksshes and Oil Bolt Loosening Overheating Marks
Oil Oil Leaks Lack of Antioxidant Gassing
. . Magnetic Insulation Fault, Bolt Loosening, Discharge, Short-Circuit,
Bushing Bushing Breakdown, . o
. . Lack of Maintenance, etc. Carbonization
Lightning, etc.
OLTC Diverter Interphase Contact Discharge, Bolt Loosening, Wear Crack, Flashover,

Bonding Discharge, etc. Overheating, Discharge, etc.

Table 2 is a power-TR diagnostic technique that summarizes major diagnostic tech-
niques, associating each technique with specific fault types and characteristic symp-
toms. Moreover, a more accurate fault diagnosis can be achieved by integrating multiple
diagnostic methods.

Table 2. Power-TR Diagnostic Methods and Checklist.

Inspection Method
Winding Ratio

Classification

Winding Resistance

Basic Magnetization Current

Electrical

Capacitance and Dissipation Factor/Power Factor

Leakage Reactance
Core Ground Test

Frequency Response Analysis

Polarization/Depolarization

Frequency-Domain Spectroscopy

Recovery Voltage Method
Electrical Detection of PO
Acoustical Detection of PD

Advanced
Electrical

Ultra-High Frequency Detection of PD
Dissolved Gas Analysis (DGA)

A winding-resistance test is conducted to assess TR windings for short circuits, open
circuits in parallel windings, and high contact resistance at connection points. During this
test, the line-to-line resistance is measured, after which the phase resistance is calculated us-
ing the appropriate phase-conversion formula. The insulation resistance (IR) test measures
the insulation between windings and ground by applying direct current (DC) between the
primary and secondary windings (or across all windings) of a three-phase system and the
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grounded tank. The polarization index (PI) test is performed in conjunction with the IR
test; the PI test is used to evaluate the contamination and moisture levels in the insulation
system. In this test (PI test), the leakage current is measured by comparing the currents
after 1 and 10 min to calculate the PI ratio. Furthermore, localized insulation defects can be
identified by observing the so-called “kick phenomenon.”

The dissipation factor (DF) test evaluates the condition and deterioration degree
of a TR’s insulation system by applying alternating current (AC) voltage. The DF test,
often employing a Schering bridge, measures the dielectric-loss angle with the increasing
AC voltage, thereby enabling the detection of impurities in the dielectric as well as the
average deterioration of the insulation system. Finally, DGA detects faults by analyzing the
concentrations of hydrocarbons and other gases dissolved in TR-insulating oil [15,16].

Although the diagnostic methods listed in Table 1 are traditionally analyzed using
threshold-based or time-frequency techniques, such approaches often require manual
interpretation and may struggle to capture complex interactions among multiple diagnostic
indicators. In contrast, Al-based methods can integrate heterogeneous diagnostic informa-
tion and implicitly learn nonlinear relationships across failure modes, without explicitly
increasing computational complexity during routine assessment.

2.2. Power Transformer Cross Matrix

A cross-matrix is a table that provides a quick overview of diagnostic possibilities for
TRs by matching failure modes with diagnostic techniques. Figure 3 illustrates a cross-
matrix that combines the FMEA (summarized in Table 1) with the list of diagnostic methods
(summarized in Table 2). By systematically organizing the diagnostic options for each
failure mode, the cross-matrix identifies the applicability and limitations of each technique.
For instance, the winding-resistance test is only effective for specific failures, such as
interlayer shorts or poor connections, whereas structural issues, such as mechanical defects
or iron-core damage, are detected via SFRA. Notably, DGA is considered the most effective
of the diagnostic techniques; it detects most major faults and estimates fault severity by
leveraging gas ratios to evaluate the occurrence temperature. Thus, DGA is a recommended
core method for TR condition diagnosis by international standards (e.g., IEEE C57.104 and
IEC 60599) and is widely deployed as a basic diagnostic tool in power-facility management
worldwide [17,18].

It should be noted that the proposed cross matrix is constructed during the model-
design stage and does not impose additional computational burden during online HI
evaluation, as it serves as a structural mapping rather than a real-time calculation process.

2.3. Input Parameter Selection for the Proposed Transformer Health Index

Table 3 presents the selected input parameters for the TR HI. These parameters are
rigorously derived from FMEA, key diagnostic techniques, and cross-matrix analysis. The
feature set (parameters) is structured to cover the five critical areas of potential failure:
insulation condition, mechanical deformation, gaseous decomposition products, electrical
characteristics, and external defects, thereby reflecting diverse TR-failure mechanisms.

Particularly, the DGA variable is the first to respond to a failure, serving as a key
indicator for the early detection of thermal and electrical abnormalities within the TR.
Further, gaseous components, such as Hy, methane (CHy), C;Hjy, C,Hy, and ethane (CpHp),
correlate closely with failure modes, including insulation deterioration, discharge, and
arcing. These species are consistently classified as parameters exhibiting high prediction
performance in TR-health models because of their relatively reliable measurement via DGA.

However, in this study, we augmented these sensor-based parameters with test-based
inspection items, such as IR, SFRA, and short-circuit-current tests, as key input variables.
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Although these items are measured less frequently and are more often missing from
datasets, they provide highly reliable diagnostic data that directly reflect the physical

characteristics and causes of failures when available.

Type of Problem

Magnetic Circuit Integrity

Magnetic Circuit Insulation
Winding Geometry
Winding/Bushing/OLTC Continuity
Winding/Bushing/Insulation
Winding Turn to Turn Insulation
Diagnostic Technique
Winding Ratio (]
— Winding Resistance o
) 8 Magnetisation Current [ J [ ]
4 % Capacitance and DF/DF [ ] [ JEK 2K )
R 5 Leakage Reactance (]
Insulation Resistance o [ ]
Core Ground Test o
Frequency Response of Stray Losses [ K
Frequency Response Analysis [ ] [ JEK 2K )
g - Polarisation/Depolarisation (]
: E Frequency Domain Spectroscopy o
g S Recovery Voltage Method (]
2 5 Electrical Detection of PD oo
Acoustical Detection of PD (JK
UHF Detection of PD (JK
Dissolved Gas Analysis (I K { JK

Figure 3. Power-TR Cross-Matrix.

Table 3. Proposed Power-TR HI Input Parameters.

No. Input Parameter No. Input Parameter
1 Coil Displacement 12 CoHy
2 Winding Insulation 13 CHy
3 IR 14 C,oHg
4 Oil Breakdown Voltage Test 15 Total Combustible Gas (TCG)
5 SFRA 16 Gas Increase Rate
6 Double Test 17 PD Test
7 M&i‘%rﬁiif?éii??uiu;ef? t 18 Damage Position (Insulator)
8 Angular Displacement 19 Degradation
Turn-Ratio Test 20 Age
10 H, 21 Water Content
11 CyH, 22 IR test on a Bushing Current TR(BCR)

For example, SFRA identifies mechanical structural defects by detecting changes in

the natural frequency response. Similarly, IR tests quantitatively measure the accumulated
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condition of insulation deterioration. Both assessments facilitate the accurate classification
of failure types. These test-based items are crucial for improving the explainability and
diagnostic reliability of predictive models, revealing early failure signs or providing a clear
basis for interpreting abnormal conditions.

Therefore, we developed a more precise Hl-assessment algorithm by integrating
sensor-based items (for the sensitive detection of early failure signs) and test-based items
(for the structural evidence of failure mechanisms), thereby ensuring a balance between
measurement frequency and diagnostic effectiveness.

The input parameters listed in Table 3 are derived from standard transformer inspec-
tion reports and diagnostic records, reflecting the availability of test results rather than
continuously measured real-time sensor signals. Therefore, the proposed framework does
not require additional sensing infrastructure beyond conventional inspection practices
commonly adopted by utilities.

As the proposed input parameters are obtained from existing inspection workflows,
the practical instrumentation cost impact is minimal, making the proposed approach
suitable for real-world utility applications.

3. Power Transformer Health Index Assessment Algorithm Based on
Existing Machine Learning Models

However, in this study, we augmented these sensor-based parameters with test-based
inspection items, such as IR, SFRA, and short-circuit-current tests, as key input variables.
Although these items are measured less frequently and are more often missing from
datasets, they provide highly reliable diagnostic data that directly reflect the physical
characteristics and causes of failures when available.

For example, SFRA identifies mechanical structural defects by detecting changes in
the natural frequency response. Similarly, IR tests quantitatively measure the accumulated
condition of insulation deterioration. Both assessments facilitate the accurate classification
of failure types. These test-based items are crucial for improving the explainability and
diagnostic reliability of predictive models, revealing early failure signs or providing a clear
basis for interpreting abnormal conditions.

Therefore, we developed a more precise Hl-assessment algorithm by integrating
sensor-based items (for the sensitive detection of early failure signs) and test-based items
(for the structural evidence of failure mechanisms), thereby ensuring a balance between
measurement frequency and diagnostic effectiveness.

3.1. Machine Learning Model

Recently, machine learning (ML)-based algorithms for transformer health index (HI)
assessment have attracted significant attention in condition diagnosis and maintenance
applications. Unlike traditional rule-based diagnostic methods, ML algorithms can learn
complex nonlinear relationships from heterogeneous diagnostic data, enabling more accu-
rate and consistent condition assessment. Transformer faults are characterized by diverse
failure modes, subtle early-stage symptoms, and strong nonlinearity, which makes data-
driven approaches particularly suitable for health assessment and prognosis.

In practical transformer asset management, however, diagnostic data are typically
inspection-based, limited in sample size, and collected at irregular intervals from multiple
test methods. Considering these data characteristics, this study adopts classical machine
learning models rather than high-capacity neural network-based classifiers. Margin-based
and instance-based classifiers have been widely reported to provide stable generaliza-
tion performance and robustness under small-sample and heterogeneous data conditions,
without requiring large-scale training datasets.

https:/ /doi.org/10.3390/en19010244
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Accordingly, support vector machines (SVMs), k-nearest neighbors (kNNs), and
ensemble-based classifiers were selected, as they offer complementary strengths in han-
dling high-dimensional diagnostic features, local similarity structures, and model variance
reduction, respectively. These models are well suited for inspection-driven transformer
health assessment, where interpretability, robustness, and reliability are prioritized over
high-capacity model representation. Artificial neural networks, which typically require
sufficiently large and diverse datasets to achieve stable generalization, were therefore not
considered as the primary assessment models in this study. Figure 4 illustrates the structure
of the SVM-ML algorithm.

y - Axis + Hyper-plane

Support Vector

X - Axis
Figure 4. Support Vector Machine (SVM) Structure.

To derive the margin length, we define the classification boundary as w™x + b = 0.
The vector, w, is the normal vector that is perpendicular to this boundary. Assuming w
is expressed as a two-dimensional (2D) vector, (w1, wy)T, the equation of the line will be
given by wIx +b = wyx] + wyxy + b =0, with the slopes of this line and w being —wj/w»
and w; /w1, respectively, indicating their perpendicularity. The relationship between the
vectors, xT and x~, located on the positive plane can be defined using Equations (1)—(3), as
illustrated in Figure 5. Figure 5 illustrates how an SVM constructs an optimal hyperplane
to separate data points. This hyperplane acts as an (N — 1)-dimensional boundary that
divides the N-dimensional feature space. The margin is defined as the distance between
the two dotted lines (parallel planes), i.e., plus- and minus-planes, that are closest to the
boundary. As shown in the figure, SVM determines w'x + b = 0 by maximizing this

margin [19,20].
T wix+b=1
x* Plus plane wTx+b=0
| wlix+b=-1
| X Minus plane

Figure 5. SVM Classification Boundary (wTx +b =0).
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wlxt +b=1 (1)
wlx™+b=-1 )
T =x" 4+ Aw. (3)

Using the three conditions above, the regularization parameter A was determined
empirically through cross-validation, with the objective of balancing margin maximization
and classification error under limited data availability. This data-driven selection approach
avoids overfitting while maintaining stable generalization performance in inspection-based
transformer diagnostic datasets. Although alternative parameter selection strategies, such
as exhaustive grid search or Bayesian optimization, could be applied, these methods mainly
affect fine-grained performance tuning and do not alter the overall behavior of the proposed
HI assessment framework.

Wl (x™ +Aw) +b=1

wlx"+b+A0Tw=1

1+ rvTw=1
2
T wlTw

The margin can be defined by rearranging the above equation based on the relationship
between vectors x* and x~ and the value of A:

wlxt+b=1
Distance w’ (x™,x7) = ||xT —x7||,
A —
= [[Awll
= MWwlw
2
= ——Volw
wlw

2
wlw

2
el

Since SVM is designed to identify the boundary that maximizes the margin, the
distance between x* and x™ is defined in such a manner that it is assigned the highest
possible value:

maxi — min1||a}||2. 4)
[l 27

The SVM method is well-suited to handle high-dimensional data and can operate
efficiently with large datasets. In supervised learning, models are often susceptible to
overfitting, becoming too closely fitted to the training data and performing poorly on
real-world cases. SVM addresses this drawback by applying kernel techniques to map the
training data into a higher-dimensional space, which enables more complex, yet generalized,
classification boundaries and effectively mitigates overfitting.

Figure 6 shows the structure of the kNN ML, a classification algorithm that assigns
a label to new data based on the k-closest neighbors. Although a simple model, kNN
has been effectively deployed in fault diagnosis, demonstrating effectiveness in handling
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diverse data types, such as sensor readings and image data. In practice, this algorithm
identifies the NNs of the to-be-classified data point and determines its label by referring to
the labels of those neighbors (e.g., using majority vote).

Selecting an optimal k-value for the specific dataset is crucial since it significantly
affects prediction accuracy [21].

y - Axis
N Class A

X - Axis

Figure 6. Kernel Nearest Neighbor (NN), kNN, Structure.

First, NNs are identified by calculating the distance between the to-be-calculated data
point and its surrounding points using conventional approaches, such as the Euclidean or
Manhattan distance, with the former being the most widely deployed approach. Notably,
the distance between two data points, x and y, can be expressed as the Euclidean distance,
as expressed in Equation (5):

A,y) = (1 —y1) + (= g+ o+ (wn— ) 5)

Neighbor selection involves choosing the kNNs of the to-be-classified data point,
where the k-value must be set by the user. A smaller k increases the sensitivity of the
model to noise and local patterns (potentially overfitting), whereas a larger one yields a
simpler model with a smoother decision boundary (potentially underfitting). Thereafter,
classification proceeds via majority voting, which assigns the most often appearing label
among the k-selected neighbors. Formally, for a data point, x, and its neighbors, N(x),
the majority-voting rule is applied to predict the label, y, of x. For example, at k = 3, the
classification result will be Class A if two of the neighbors belong to Class A and one
belongs to Class B.

y = argmax (class;))_ I(y; = class;), (6)
where class; represents a possible class. The function, I(x), returns 1 and 0 if the condition is
true and otherwise, respectively, corresponding to the selection of the class with the largest
count among the kNNs of x. In certain cases, weights are applied based on the distance to

each neighbor, ensuring that NNs exert greater influences. Thus, prediction is performed
using a weighted average, as shown in Equation (7).

y= argmax(classi)waI(yi = class;) (7)
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In this equation, weight wj is defined as the inverse of the distance between the i-th
neighbor and x; therefore, NNs are assigned larger weights. Although kNN is a simple and
intuitive classification model, its computational cost increases rapidly with the increasing
dataset, and its prediction performance can decrease if an optimal k-value is not selected.
Additionally, class imbalance can decrease prediction performance. Therefore, the choice of
k and the class-imbalance effect must be carefully considered when applying kNN.

In kNN-based classification, the choice of distance metric and neighborhood structure
directly affects the local decision boundaries and sensitivity to noise. Smaller neighborhood
sizes or overly complex distance metrics may emphasize local variations and increase
the risk of overfitting, whereas larger neighborhoods tend to produce smoother decision
boundaries at the cost of reduced sensitivity to incipient fault patterns.

To investigate this effect, multiple kNN variants were evaluated, including dense (fine),
medium, sparse (coarse), cosine-distance-based, cubic-distance-based, and weighted kNN
models. Among these variants, the weighted kNN model consistently achieved the highest
classification accuracy by assigning greater influence to closer neighbors, thereby balancing
local sensitivity and generalization. Consequently, weighted kNN was selected as the
representative kNN classifier in this study.

Furthermore, ensemble is an ML algorithm that integrates multiple ML models to offset
their weaknesses and improve overall predictive accuracy and stability. The conceptual
structure of the ensemble-based health index assessment model adopted in this study is
illustrated in Figure 7. In this model, the final decision is typically reached by aggregating
the predictions of several models through majority voting or weighted average. Ensemble
methods are generally divided into two: bagging and boosting. Bagging generates multiple
datasets in three steps: resampling the training data with replacement, training each learner
independently, and integrating the results by weighted averaging or majority voting. A
representative example of this method is the random forest method.

04— (oD —>

XA
AR

*0 o)

X

A

Figure 7. Ensemble Machine Learning Structure.

o) x

Conversely, boosting is a sequential learning technique, where each new model is
designed to correct the errors of its predecessor(s). In this method, misclassified samples
are assigned larger weights so that the subsequent learner pays more attention to them.
This process reduces bias, gradually enhancing overall prediction accuracy. Dissimilar to
bagging, which reduces variance by averaging independent learners, boosting constructs
models sequentially to correct residual errors.
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Another well-known boosting method is adaptive boosting (AdaBoost), which iter-
atively trains a sequence of weak learners, often decision trees, and updates weights of
misclassified training examples based on their classification errors. In AdaBoost, each
learner’s output is combined through weighted voting, where the contribution of each
learner to the final decision is proportional to its performance, and the ensemble is formed
by weighted voting. However, the reliance of AdaBoost on accurately weighting errors
renders it sensitive to noisy data and outliers.

Additionally, gradient boosting improves prediction by fitting subsequent learners
to the negative gradient of a chosen loss function. It is widely implemented with decision
trees as base learners and can be finely tuned using parameters, such as learning rate, tree
depth, and number of boosting rounds. To control overfitting, regularization methods,
such as subsampling or limiting tree depth, are applied [22-24].

To mitigate class overfitting under limited data availability, leave-one-out cross-
validation (LOOCYV) was employed, enabling effective use of all samples while providing
an unbiased estimate of generalization performance.

3.2. Machine Learning-Based Power Transformer Health Assessment Algorithm

In this study, we implemented training using data from 43 TRs (TR1-TR43), encom-
passing normal and abnormal units, with 22 input parameters. The TR condition was
classified into five distinct grades: Grade 1 (normal status), Grade 2 (normal condition
but requiring imminent inspection, e.g., oil replacement), Grade 3 (requiring minor inspec-
tions, e.g., tightening of loose bolts), Grade 4 (major-component replacement), and Grade 5
(irreparable failures).

Additionally, To reliably evaluate the performance of the trained machine learning
models under limited data availability, a leave-p-out cross-validation (LpOCV) strategy
was employed. In this approach, p samples are randomly excluded from the dataset during
each iteration and used for validation, while the remaining samples are used for training.

Compared with conventional k-fold cross-validation, which may yield unstable es-
timates when the dataset is small, LpOCV provides improved robustness by reducing
performance variance caused by data partitioning. In contrast to leave-one-out cross-
validation (LOOCYV), LpOCV achieves lower computational burden by excluding multiple
samples per iteration, while still mitigating class overfitting and maintaining reliable
generalization performance.

Accordingly, the LpOCV method was selected as an effective validation strategy for
the inspection-based transformer diagnostic dataset used in this study. The results of this
evaluation are shown in Figures 8-10.

The SVM model effectively captured complex nonlinear relationships in the data and
correctly classified most TRs (TRs) across normal and faulty states. It demonstrated high
sensitivity and accurately predicted faulty TRs. Although there were some overestimation
instances, such as with TR3 being overestimated to a higher grade than its actual status
(Grade 3). Nevertheless, SVM realized the highest overall classification accuracy across the
dataset and provided stable evaluation results.

Conversely, the kNN algorithm, which predicted solely based on data similarity,
misclassified TR4 and TR8. Particularly, it severely overestimated TR8, an actual Grade 3
TR requiring only simple inspection, as an irreparable Grade 5 TR, resulting in unnecessary
maintenance. This error occurred because of the strong effect of neighboring data on the
classification performance of kNN, causing it to overreact to certain local patterns.
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Figure 8. Conventional Method (SVM).
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Figure 9. Conventional Method (kNN).

Ensemble ML is designed to improve accuracy by integrating multiple models. How-
ever, the accumulation of prediction errors from individual models results in the misclas-
sification of some TRs (e.g., TR12). Particularly, the limited amount of real-world data
for Grade 2 TRs restricted the models from learning sufficient features during training,
thus reducing classification accuracy for that class. Consequently, although the ensemble
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demonstrated high overall stability, its accuracy was lower for specific TR grades with
insufficient data.

Grade 1

Grade 2

Grade 3

Actual Class

Grade 4

Grade 5

Grade 1 Grade 2 Grade 3 Grade 4 Grade 5
Predicted Class

Figure 10. Conventional Method (Ensemble).

4. Effect of Missing Data in Machine Learning-Based Evaluations
4.1. Missing Data Type

Accurate and reliable data are essential for the assessment of power-TR HIs. However,
various factors, such as sensor errors, transmission failures, and missed maintenance
schedules, can result in missing-data occurrences. Such missing data can be generally
classified into three categories: missing completely at random (MCAR), missing at random
(MAR), and missing not at random (MNAR) [25]. The conceptual differences among
these missing-data mechanisms are illustrated in Figure 11. Although missing data can be
categorized into MCAR, MAR, and MNAR, this study adopts the MCAR assumption for
experimental evaluation in order to avoid introducing unverifiable dependencies among
diagnostic parameters under limited data availability.

X

X X

Y M Y M

MCAR MAR MNAR

Figure 11. Missing Data Mechanism: MCAR, MAR, MNAR.
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4.1.1. Missing Completely at Random

MCAR refers to cases where data are missing in a purely random manner, independent
of other variables (observed and unobserved). In this case, the missingness probability
does not depend on the value of any variable; thus, no systematic bias is introduced
into the analysis. In inspection-based transformer datasets, MCAR-type missingness
commonly arises from reporting omissions, temporary measurement failures, or incomplete
maintenance records.

4.1.2. Missing at Random

MAR-type missing data refers to when the occurrence is related to other observed vari-
ables but is independent of the value of the missing data itself. Put differently, missingness
depends on the relationship with other observed variables but not on the actual unob-
served value. For example, some data may be missing because a particular manufacturer
consistently omits specific inspections or because exciting-current and short-circuit-current
tests are omitted during low-load periods. In the case of continuously operating industrial
TRs, limited inspection schedules can also result in the missingness of crucial measure-
ments, such as IR. While MAR-type missingness may occur in practical environments,
explicitly modeling such dependency structures requires additional assumptions regarding
inter-variable relationships, which are difficult to verify in inspection-based datasets.

4.1.3. Missing Not at Random

MNAR refers to a critical missing-data occurrence that is directly related to the value
of the variable itself (the unobserved value). This happens when data are not recorded
under specific conditions or when outliers are automatically removed. Further, MNAR
refers to cases where missing value occurrence is due to specific, nonrandom reasons, and
the unobserved values themselves influence their probability of missing. This intrinsic
dependency complicates data correction and imputation as well as strongly affects subse-
quent data analysis. For example, if TR insulation is severely degraded, SFRA or voltage
testing may be interrupted and their results not saved. Similarly, in an overloaded TR,
some sensor data may fail to record owing to abnormal operating conditions.

Such missing data greatly reduce the reliability and predictive performance of health-
assessment algorithms. Notably, actual failures may go undetected if the missing values
correspond to key diagnostic indicators. Conversely, they may trigger unnecessary TR
maintenance. Moreover, substantial missing data reduce representativeness, further de-
grading model accuracy. In practice, the incorrect assessment of the true condition of TRs
complicates maintenance scheduling, increases unnecessary costs, and hinders effective
risk assessment.

Based on these missing-data mechanisms, representative missingness scenarios were
conceptually analyzed for each diagnostic parameter to provide contextual understanding
of practical data-loss patterns.

In this study, MCAR examples include age, insulator damage, angular-displacement
tests, bushing current TR (BCT) measurements, and control-circuit IR tests. Such miss-
ing data can be due to incomplete equipment records, missing maintenance reports, or
temporary measuring-instrument malfunctions.

In this study, examples of MAR-type missing data include coil distortion, IR, excitation-
current and short-circuit-current tests, and insulating-oil-withstand-voltage tests. Such
missing-data occurrences may be observed in TRs from certain manufacturers that omit
data collection or analysis, or when measurements cannot be conducted under specific load
or operating conditions.
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In this study, MNAR examples include DGA parameters, such as Hy, CoHj, CoHy,
and CyHg. Such missingness occurs when TR insulation is too degraded to measure, or
when the condition is so poor, e.g., under severe discharge, that data cannot be collected.

Here, we developed an HI calculation model using 22 diagnostic input parameters
for TRs. These variables captured diverse physical and chemical conditions, including
insulation status, mechanical displacement, DGA, electrical characteristics, and external
fault indicators. Table 3 presents the complete list of variables. Notably, each variable was
further categorized as a core parameter or an auxiliary one, depending on its diagnostic
contribution and sensitivity as a model input.

Particularly, gas analysis items from the DGA series, such as CHy, CoHj, CoHy, CoHg,
H,, the total combustible gas (TCG), the gas-increase rate, and bushing-oil DGA, are directly
linked to major failure mechanisms, including deterioration, arc discharge, and insulation
damage, within the TR. Thus, these items were defined as key variables. They exerted
the greatest influence on prediction accuracy when missing, thus playing a critical role in
ensuring fault-detection sensitivity and reliability in the model.

Conversely, items, such as IR, turn-ratio test, coil displacement, SFRA, water content,
insulator-damage location, BCT IR, and ambient or operating conditions, were classified as
auxiliary variables, as they contribute to improving predictive performance and compen-
satory analysis. They also enhance the interpretability of failure causes, facilitate a more
precise distinction between normal and abnormal states, and strengthen the predictive
stability and interpretability of the model when combined with the core variables.

Next, to evaluate algorithm performance under missing-data conditions, variables,
such as usage years and DGA items (H;, CoH,, C;Hy, CoHg, and CHy), were intentionally
processed as missing values, reflecting real-world possibilities. The data for usage years
may become missing because of the following three factors: the installation date of a TR not
clearly recorded, the operating age of an older TR unit not being determined, or obscurity
of management records owing to relocation or a change in operating entity.

The missingness of DGA data arises from errors or defects during the sampling and
analysis of transformer oil, including sensor faults, equipment malfunctions, or sample
contamination. Additionally, if a technical error occurs during measurement, or if the value
of a gas item is abnormally high or low, the corresponding data may be excluded and
treated as missing.

In the experimental evaluation presented in this study, missing data were generated
under the MCAR assumption by randomly removing selected diagnostic values across
variables. This design choice enables controlled performance comparison while avoiding
unverified assumptions regarding inter-variable dependency structures.

A missing rate of 20% was selected to reflect realistic inspection-data loss levels
commonly observed in utility maintenance records, while avoiding extreme sparsity that
would obscure comparative model behavior.

To simulate real-world missing-data conditions, 20% of the training data were in-
tentionally processed as missing (a 20% missing rate), after which the performance of
the algorithm was compared. Figure 12 illustrates the resulting HI prediction outcomes
obtained using the SVM model under this missing-data condition. The results revealed
that the accuracy of the SVM model decreased to 83.7% after introducing the missing-data
rate. This decrease indicated that the absence of certain critical variables can impair the
final decision of the model, resulting in the inaccurate assessments (overestimation and
underestimation) of TR conditions (true health grades).
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Figure 12. Conventional Method for Missing-Data Analysis (SVM).

The lack of TCG values for TR1 and TR8 caused significant misclassification errors,
with their predicted ratings decreasing from the actual Grades 4 and 3 to Grades 3 and
2, respectively. This discrepancy strongly illustrates that the TCG content of a TR is a
key indicator of internal abnormalities. In TR37, the absence of TCG data resulted in
particularly severe misclassification, with the predicted rating decreasing from the actual
status, Grade 5, to Grade 2, highlighting the critical influence of missing TCG data on
HI assessment.

For TR2, the absence of C;H, data caused a significant discrepancy between the actual
status, Grade 5, and predicted status, Grade 2, indicating that C;Hj is a critical variable for
identifying severe inherent electrical abnormalities.

The usage-year data of TR22, TR29, TR34, TR35, and TR40 were missing, although
these cases did not significantly alter the predicted grades. However, misclassifications
may arise in the event of long-term or more complex missingness. For TR3, the absence of
usage-year data forced the SVM ML model to misclassify the actual Grade 3 as Grade 5.

In TR4, the absence of C,H4 data caused the misclassification of actual Grade 4 TR
status as Grade 3. Notably, C;H, represents a key indicator for assessing the degree of
internal thermal stress in the TR, and its absence forced the model to misclassify the TR
unit as being healthier than it actually was.

Further, in cases characterized by the missing of only H; data (TR10, TR18, and
TR30), the predicted and actual grades were almost identical, thus exerting minimal impact.
However, misclassification occurred when H, was missing, alongside other variables, as
observed in TR22.

A more severe instance was observed in TR33, where the simultaneous absence of CHy,
CyHy, and CyHg resulted in drastic underestimation: the actual Grade 5 (irreparable failure)
was misclassified as Grade 1 (normal status), demonstrating that the ability of the model
to accurately assess TR condition can be significantly compromised by the simultaneous
absence of major gas variables.
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4.2. Existing Missing Data Compensation Methods and Performance Evaluation

In practical utility environments, simple statistical imputation techniques, such as
mean and mode imputation, are commonly employed to handle missing diagnostic data.
These simple methods replace missing values by first calculating the mean (average) or
mode (most frequent value) of the corresponding variable across the dataset, followed by
substituting the results into the missing location. For example, assuming C,H, data were
missing, the mean or mode of the C,H; values measured from other TRs is calculated and
substituted for the missing entry. For this reason, these methods are considered representa-
tive baselines for comparison in this study. Accordingly, the performance of learning-based
imputation methods should be evaluated relative to these practically adopted baselines.

This approach is characterized by its simple implementation, computational efficiency,
and applicability without requiring further training. Therefore, it has been widely adopted
as a fast, repeatable processing method, particularly in power-facility operations requiring
large-scale asset management. However, such statistical imputation methods are limited
by three inherent structural drawbacks.

First, statistical methods, such as mean and mode imputations, cannot account for the
relationships, correlations, or nonlinearities among variables. Consequently, the inherent
patterns and semantic characteristics of the input variables may be distorted, potentially
compromising the structural consistency of the dataset.

Second, averaging-based methods (mean imputation) tend to neutralize outliers,
potentially obscuring anomalous values that serve as early equipment-failure indicators.
This can produce critical errors, such as the inability to detect incipient faults, ultimately
undermining the reliability of the health assessment.

Third, despite the effectiveness of mode imputation for categorical variables, it delivers
inadequate performance for continuous data, potentially introducing distributional distor-
tion. For instance, assuming the data of C,Hj, an indicator of internal TR discharge, are
missing and have been replaced via a statistical imputation method, the model may incor-
rectly assume normal operation, even under severe fault conditions. Such misclassification
of faulty equipment can delay necessary maintenance and increase operational risks.

To address these issues, we experimented with actual TR diagnostic data to quantita-
tively evaluate the performance of the proposed missing-data-compensation technique. We
utilized 43 TR diagnostic datasets, randomly excluding approximately 20% of the input
variables, including key condition indicators (including Co;H,, CHy, and TCG, to simulate
the missingness in the experimental data).

Existing imputation methods, i.e., mean and mode imputations, were applied when
missing-data occurrence was encountered. The imputed datasets were subsequently used
as inputs to the same machine learning-based health assessment models, and the resulting
health index classifications were compared with the actual health grades.

Conventional pointwise reconstruction error metrics, such as RMSE or MAE, were
not adopted in this study because transformer health index assessment is fundamentally
an interval-based classification problem. In such frameworks, even a small numerical
deviation may shift an imputed value across a health-grade boundary, resulting in a
completely different maintenance decision, whereas a larger numerical error that remains
within the same grade interval may have little practical impact. Therefore, pointwise
reconstruction accuracy may be misleading in health index—driven asset management, and
classification consistency was considered a more appropriate evaluation criterion.

As summarized in Table 4, mean and mode imputations deviated substantially from
the actual HI values, particularly in cases, such as TR2 and TR33, characterized by the
absence of multiple critical-failure indicators. Mean imputation generally underestimated
HI, potentially causing the misclassification of hazardous equipment as low-risk ones.
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Similarly, mode imputation decreased the sensitivity of anomaly detection, thereby limiting
the ability of the model to capture early failure signs.

Table 4. SVM-Based HI Comparison for TRs with Missing Parameters (Mean vs. Mode).

TR Actual HI Mean Mode Missing
Parameter
1 4 4 5 CH,
2 5 2 2 CH,4
3 3 5 5 Age
4 4 3 3 CoHy
8 3 5 4 TCG
CoHy, CoHy
33 5 1 2 CH,
37 5 4 3 TCG

Notably, the performances of the ML prediction models varied with the applied
imputation method, as illustrated in Figures 13-18. Mean- and mode-imputed datasets
failed to preserve the original data distribution, forcing the SVM model to learn distorted
decision boundaries and reducing its prediction accuracy. This effect is clearly observed
in Figures 13-18, where mean imputation, in particular, caused the model to misclassify
equipment as normal in the absence of key diagnostic parameters, such as TCG and
C,H, data.
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Figure 13. SVM Method (Mean Imputation).

In this experiment, we quantitatively demonstrate how simple imputation methods fail
to capture fundamental data structure or the condition characteristics of equipment during
imputation. Moreover, these simple imputation methods introduced larger errors with the
increasing number of missing key condition indicators, resulting in the underestimation
and overestimation of asset conditions. Such inaccuracies directly affect critical asset-
management decisions, including maintenance prioritization and equipment-replacement
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scheduling. These findings underscore the necessity of adopting more sophisticated,

learning-based imputation techniques.
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Figure 14. kNN Method (Mean Imputation).
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Figure 15. Ensemble Method (Mean Imputation).

https://doi.org/10.3390/en19010244


https://doi.org/10.3390/en19010244

Energies 2026, 19, 244 23 of 35

Grade 1
Grade 2
wn
=
6 Grade 3
—
<
=
N
3]
< Grade 4
Grade 5

Grade 1 Grade 2 Grade 3 Grade 4 Grade 5
Predicted Class

Figure 16. SVM Method (Mode Imputation).
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Figure 17. kNN Method (Mode Imputation).
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Figure 18. Ensemble Method (Mode Imputation).

5. Proposed Missing Data Compensation Method in This Study

In this study, we propose an AE-based imputation technique for the effective compen-
sation for missing values in power-TR diagnostic data. Further, we present the theoretical
background, model architecture, implementation process, and anticipated benefits of the
approach. As discussed in the previous section, conventional imputation methods, such as
mean or mode imputations, cannot capture complex interdependencies among variables,
potentially yielding significant prediction errors. To address these limitations, we introduce
an AE-based methodology that accurately compensates for missing data, thereby enabling
a more reliable HI calculation. The methodology is based on an unsupervised DL model
that learns correlations among multivariate diagnostic features.

Unlike conventional AE-based imputation studies that primarily focus on minimizing
numerical reconstruction error, the proposed approach explicitly integrates the imputation
process into a downstream transformer health index (HI) classification framework. The
objective of the proposed AE is not exact signal reconstruction, but the preservation of
diagnostic consistency required for reliable health-grade determination under missing-data
conditions. This task-oriented imputation perspective differentiates the proposed method
from existing AE-based imputation models.

Missing Data Imputation Method and Procedures Using Our Autoencoder Methodology

We enhanced the TR-health-assessment algorithm by applying the proposed AE-based
missing-data-imputation method, thereby addressing the performance degradation caused
by missing values [26-28].

An AE is an unsupervised learning algorithm designed to reconstruct its input at the
output layer. As illustrated in Figure 19, the AE model comprises two main components: an
encoder and a decoder. The encoder (consisting of the input and hidden layers) compresses
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the input into a latent representation, and the decoder (consisting of hidden layers and the
output layer) reconstructs the original input from this latent space.

Input Output

Code

Encoder Decoder

Figure 19. AE-Based Deep Learning Structure.

A basic AE comprises a single hidden layer, with equal numbers of nodes in the
input and output layers. Assuming the number of nodes in each layer is nnn, mmm, and
nnn, the encoder maps the high-dimensional input data, x = {x1, x,...,x,}, into a low-
dimensional hidden representation, h = {hy, hy, ..., hy }, through the encoding function, f,
following Equation (8):

h= f(x) =sp(Wy +b). (8)

where s¢ denotes the activation function. Further, the encoder is parameterized by a weight
matrix, W € R™*"  and a bias vector, b € R™*" , as follows:

x* = g(h) = s¢(W'h+b"). )

The decoder reconstructs the hidden representation, &, into x* = {xf, X5, .., x,’Z} via
the function, g. Similarly, s, is an activation function, and the decoder is parameterized by
ann X m weight matrix, W*, and a bias vector, b*.

Activation functions typically leverage nonlinear functions, such as the hyperbolic
tangent function or the sigmoid function.

AEs are trained to minimize the reconstruction error, E(x,x*), between x and x*.
Notably, the mean square error and cross entropy are conventionally used. Equation (10)
calculates E(x, x*) based on cross-entropy (Equation (10)):

E(x,x%) = =) (xilogx} + (1 - x;)log(1 — x7)) (10)
i=1
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Next, the loss function, L(x, x*), of the AE can be calculated using Equation (11) below,
where A is a regularization parameter, and W is a vector that flattens the network weights.

L(x,x*) = — Y E(x,x*) + A[|W|]? (11)
XER"

The regularization term prevents overfitting during reconstruction learning and en-
sures stable latent representations under limited data availability. Since the AE is trained
offline and only applied once for imputation, the additional computational burden intro-
duced by the proposed method remains modest and does not affect real-time applicability
of the subsequent HI assessment.

Although deep learning models are often associated with large-scale datasets, the pro-
posed autoencoder is employed in an unsupervised manner and trained solely to capture
latent correlations among diagnostic variables, rather than to perform direct classification.
This unsupervised feature-learning characteristic enables stable training even with limited
inspection-based datasets, as commonly encountered in transformer asset management.

The key advantage of AEs lies in their ability to iteratively extract essential features
and filter out redundant information during training. During data compression and
reconstruction, AEs capture inherent correlations among variables. They can restore and
compensate for some missing data by leveraging the overall structure of the learned
data. Dissimilar to conventional statistical methods, such as mean or median imputation,
AEs more accurately compensate for missing data by reflecting the complex structure
and nonlinearity of the dataset. Consequently, we adopted an AE-based technique for
missing-data compensation, and the overall flow is illustrated in Figure 20.

Data Preprocessing

Missing Data?

No

Autoencoder Model Train

v

No

Yes

Missing Data Imputation Model [¢—

v

Missing Data Imputation
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Figure 20. Proposed Power-TR HI Flowchart.
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The data-preprocessing stage involves the normalization of power-TR diagnostic data,
the removal of outliers, and the verification of missing-data occurrence. Thereafter, the
data are categorized to reflect missing-data occurrence, and an AE model is trained using
the complete subset without missing entries. This training is aimed at minimizing the
reconstruction error between inputs and outputs.

Missing data detection is performed during the preprocessing stage by identifying
undefined or null entries in inspection records. These detected missing positions are then
masked and handled separately during the imputation stage, ensuring that only incomplete
variables are reconstructed by the AE while observed values remain unchanged.

Afterward, the trained AE is applied for missing-data compensation. Specifically, the
observed variables of the data are utilized as input, and the missing values are estimated
using the reconstructed output. Finally, the reconstructed data with compensated values
are merged into a complete dataset, which is subsequently employed as input for the
power-TR health-assessment algorithm.

By compensating missing diagnostic data prior to health index assessment, the pro-
posed AE-based framework reduces uncertainty propagation caused by incomplete in-
spections. This contributes to more reliable maintenance decision-making without altering
existing diagnostic workflows or requiring additional sensing infrastructure.

6. Performance Evaluation of Missing Data Imputation Methods

Further, we analyze the impact of missing data on power-TR HI calculations and
evaluate the performance of different imputation techniques. Particularly, we performed
quantitative and visual analyses to compare conventional statistical methods (mean and
mode imputations) with the proposed AE-based imputation technique.

Our experiment was conducted using real diagnostic data from 43 domestic TRs
comprising 22 input parameters. The parameters were scaled to the [0, 1] range via
min-max normalization, a preprocessing step that ensures consistent AE training and
comparability across techniques.

Additionally, missing values were randomly assigned across all variables at missing
rates of 5%, 10%, 20%, 30%, 40%, and 50%. For each missingness level, three imputation
techniques (mean imputation, mode imputation, and AE reconstruction) were applied.
Thereafter, the HI was predicted using the SVM, kNN, and ensemble ML models, followed
by the evaluation of prediction errors by comparing the predicted and actual Hls.

Among the experiments, the 20% missing-rate case was selected as a representative
example, and the restoration performance was deeply analyzed for key parameters exhibit-
ing high missingness, particularly DGA items, such as CHy, C;Hg, and CyH,. Figure 21
shows the heatmaps of four data states, enabling an intuitive comparison of the restoration
performance achieved by each method.

Unlike conventional missing-data studies that focus on pointwise numerical recon-
struction accuracy, this study evaluates imputation performance based on its impact
on downstream health index classification. Transformer HI assessment is inherently an
interval- and grade-based decision problem, where even a small numerical deviation may
shift an imputed value across a grade boundary and lead to a completely different mainte-
nance decision. Conversely, a larger numerical error that remains within the same grade
interval may have limited practical impact. Therefore, classification consistency and deci-
sion robustness were considered more appropriate evaluation criteria than conventional
error metrics such as RMSE or MAE.
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Figure 21. Power-TR Dataset Heatmap (Missing Rate of 20%).

6.1. Data States
6.1.1. Original Data

The first data state corresponds to the original data without missing values, and serves
as the baseline for evaluating the similarity of the restored datasets with respect to the
relative magnitudes and patterns across all variables.

6.1.2. Data with Missing Values

The second data state represents data with missing values randomly inserted at
approximately 20% of the original entries. These missing values are processed as NaN
(not a number), after which they are displayed visually. This visualization ensures an
intuitive understanding of the extent and distribution of the missing data introduced for
the experiment.

6.1.3. Autoencoder

This Figure 21 illustrates the data reconstructed using the proposed AE-based algo-
rithm. Most of the original data patterns and structures were recovered. Particularly, the
restoration achieved high fidelity in reproducing the patterns present before the missing-
ness because the process preserves the inter-variable relationships learned through latent
representations in the multidimensional space.
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This indicates that the AE preserves inter-variable relationships through latent
representations learned in a multidimensional space, rather than performing simple
pointwise substitution.

6.1.4. Mean/Mode

The mean/mode-imputed datasets are visualized as heatmaps. As these methods
replace missing entries with simple statistical values for individual variables, they do
not consistently preserve the overall structural patterns of the data, and local distortions
emerge. These visual analysis results intuitively demonstrate that the AE-based approach
provides superior restoration performance compared with statistical imputation.

6.2. Results and Performance Analysis

Here, we quantitatively evaluate the impact of increasing missing rates on the predic-
tive performances of different supplementation techniques, as summarized in Figure 22. To
do this, the AE, mean, and mode imputation methods were tested at six missing rates: 5%,
10%, 20%, 30%, 40%, and 50%. Thereafter, the imputed datasets were applied to the same
HI-prediction model to compare the overall accuracy. We employed three representative
ML models: SVM, kNN, and Ensemb]le, for the analysis and assessed their performance
trends across the supplementation methods at increasing missing rates.

SVM
100 ) T T T T T T
3
S 90t X
2 o
]
; D
g 80 |—e—AE ]
< —&— Mean /
Mode T J
70 = 1 1 1 1 i 1 1 1
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70 1 1 1 1 1 Il L 1
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accuracy (%)
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Size reduction for the training data set (%)

Figure 22. Accuracy comparison of AE, Mean, and Mode imputation methods with varying training-
data reduction levels.

It should be emphasized that the reported accuracies reflect health index classification
performance after imputation, rather than direct numerical reconstruction accuracy of
missing values.
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AE supplementation consistently achieved the highest accuracy across all missing
rates in the SVM model. At 5% and 10% missingness, AE and mode imputations realized
overall accuracies of 97.67% each, whereas mean recorded lower values of 86.05% and
90.70%, respectively. At 20% missingness, AE maintained a score of 90.69% compared
with the mode (83.72%). Notably, when the missing rate exceeded 30%, mode suffered a
sharp decrease to 69.77%, whereas AE maintained a high score, at 88.37% (~18.6% points
higher). Even at 50% missingness, AE sustained a strong accuracy performance (81.39%),
outperforming the mean (79.07%) and the mode (74.41%). These results confirm that AE
supplementation effectively preserves correlations and nonlinear structures in the data,
enabling stable performance, even at high missingness levels.

A similar trend was observed for the kNN model. Here, AE only exhibited a slight
performance decrease, scoring 97.67%, 95.35%, and 93.02% at 5%, 10%, and 20% missing-
ness, respectively. Conversely, mode imputation initially delivered similar performance to
AE. However, the performance gap widened significantly once the missing rate exceeded
30%. At a 40% missingness level, AE maintained an accuracy of 81.39%, whereas that of
the mode decreased to 79.07%, further decreasing to 74.42% at 50%. These results indicate
that AE consistently sustains above-average performance across varying missing rates and
provides higher predictive reliability than statistical mean and mode imputations.

The ensemble model exhibited a more pronounced performance degradation with
increasing missingness, which magnified the differences among the three supplementation
methods. Notably, AE maintained a high accuracy of 93.02% at 5% missingness, gradually
decreasing to 90.70%, 86.05%, and 76.74% at 10%, 20%, and 30% missingness, respectively.
Mode imputation demonstrated similar or slightly lower performance in this range, with
88.37%, 90.70%, and 72.09% at 10%, 20%, and 30% missingness, respectively. However,
its performance decreased sharply at higher rates, plummeting to 60.47% and 55.81% at
40% and 50% missingness, respectively. Under the same high-missingness conditions,
AE maintained significantly higher accuracies of 72.09% and 62.79%, demonstrating its
superior robustness and predictive reliability, even under such conditions.

In summary, the AE method only suffered slight performance degradation with
increasing missingness levels across all three models, consistently maintaining the highest
overall accuracy. Conversely, the statistical methods (mean and mode methods) suffered
significant, rapid declines once the missing rate exceeded 20%, highlighting their limited
applicability in high-missing environments. Although the mode method initially performed
similarly to AE in some cases, its predictive accuracy decreased significantly at higher
missing rates owing to its inability to preserve the underlying data structure.

Overall, these results unequivocally demonstrate that AE-based supplementation
restores missing information far more effectively than simple statistical substitution. It en-
sures stable HI prediction performance, even under high-missingness conditions, providing
strong empirical evidence for the practicality and applicability of AE-based supplementa-
tion in real-world TR-condition diagnosis systems.

These trends confirm that the proposed AE-based imputation method provides supe-
rior robustness against increasing missingness, particularly in scenarios where multiple
critical diagnostic variables are simultaneously unavailable.

6.3. Representative Case Analysis Using Support Vector Machine (20% Missing Rate)

In the previous section, we quantitatively assessed the stability and prediction accuracy
of AE-based supplementation techniques by comparing their performances across varying
missing rates. In this section, we explore the 20% missing-rate experimental condition as a
representative case to deeply analyze the impact of the AE method on actual HI-prediction
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results. Particularly, we highlight how the AE approach replaces missing values as well as
enhances condition-classification accuracy.

In this experiment, missing data were generated by randomly removing approxi-
mately 20% of key diagnostic items from actual TR diagnostic records. Next, three sup-
plementation techniques (mean, mode, and the proposed AE method) were applied, and
their results were compared by the same SVM-based HI-prediction model. SVM, a rep-
resentative ML algorithm that is well known for its ability to determine decision bound-
aries in high-dimensional spaces, was employed as the benchmark model to quantify
prediction accuracy.

Table 5 summarizes the actual conditions, missing items, AE-supplemented values,
and predicted results (using SVM) for five representative TRs: TR1, TR2, TR8, TR33, and
TR37. These cases share missing data in key DGA indicators (CoH;, CHy4, CoHy, CoHg, and
TCG). The results indicate that the conventional statistical supplementation methods tend

to underestimate actual conditions.

Table 5. Proposed Power-TR HI grade evaluation.

Missing AE Missing

TR Real Data Imputation Parameter

1 4 3 4 TCG

2 5 2 3 CoH,

3 3 5 5 Age

4 4 3 3 CyHy

8 3 2 5 TCG

33 5 1 5 CHy, CyHy, CoHg
37 5 2 5 TCG

This case-based analysis complements the aggregated accuracy results (Figure 23) by
illustrating how imputation quality directly affects individual maintenance decisions at the

transformer level.

Grade 1

Grade 2
w
v
=
Q
= Grade 3
=
el
3]
<

Grade 4

Grade 5

TR 33
Grade 1 Grade 2 Grade 3 Grade 4 Grade 5
Predicted Class

Figure 23. Proposed Method Using SVM with AE Imputation.

For instance, TR1 with an actual Grade 4 soundness level was underestimated as
Grade 3 when the missing TCG data were supplemented via mean or mode imputation.
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Conversely, the AE method correctly reclassified it as Grade 4 by restoring the missing TCG
through learned correlations with related variables. Similarly, for TR33, where CHy, CoHy,
and CyHg were simultaneously missing, the mean/mode methods resulted in a severe
underestimation of the condition as Grade 1. However, AE accurately restored the state to
Grade 5, which is consistent with the actual condition. These results demonstrate that AE
transcends simple numerical substitution to provide structure-preserving restoration based
on nonlinear inter-variable interactions.

These cases also highlight the criticality of missing DGA variables in HI-prediction
models. Among these variables, C;Hy, CoHy, CHy, and CyHg are strongly associated with
internal discharge, insulation deterioration, and arcing and are consequently assigned high
diagnostic weights. Thus, the model tends to underestimate and overestimate risk factors
and health status, respectively, when these variables are missing, potentially delaying
timely fault detection. However, the AE supplementation method resolves this issue
by preserving variable correlations, thereby improving prediction sensitivity as well as
enabling earlier detection of potential anomalies.

6.4. Verification of the Effectiveness of Missing Value Supplementation Methods Using Actual
Failure Case

Here, we evaluated the effectiveness of various missing-value-compensation tech-
niques using actual field failure histories. Our analysis revealed that the conventional
imputation methods (mean and mode) tended to underestimate actual equipment con-
dition in the absence of DGA items, a limitation that was effectively addressed by the
proposed AE-based method, demonstrating that the AE approach transcends simple nu-
merical substitution to enhance predictive performance by more accurately reflecting actual
asset conditions.

In this subsection, the effectiveness of different missing value supplementation tech-
niques is verified using representative transformer failure cases documented in internal
inspection reports. These cases provide practical evidence of how missing diagnostic
variables affect health index (HI) classification outcomes and how the proposed AE-based
method mitigates such effects.

For TR1, internal inspection records indicated localized overheating and abnormal
discharge phenomena in the on-load tap changer (OLTC) tap-selector terminals, which
required a Grade 4 classification corresponding to major component replacement. However,
when critical DGA indicators such as C2H2 and CH4 were unavailable, conventional mean
and mode imputation methods substituted these values with global statistical estimates. As
a result, the severity of the fault was underestimated and classified as Grade 3. In contrast,
the proposed AE-based method reconstructed the missing gas indicators by exploiting
correlations with related variables, leading to a Grade 4 classification that was consistent
with the documented failure condition.

A similar trend was observed for TR2, where inspection records confirmed severe
insulation degradation and arc discharge traces in the tap-lead region. The associated
DGA data exhibited extremely high C2H2 concentrations, a well-known indicator of
internal arcing. When this key variable was missing, statistical imputation diluted the
fault signature and resulted in an underestimated HI. By contrast, the AE-based method
restored the missing values based on learned multivariate relationships and produced a
health grade closer to the actual critical condition.

In the case of TRS, inspection records reported severe contact wear in selector and
diverter switches, which can induce thermal stress and insulation degradation during
operation. Due to missing TCG data, conventional imputation methods underestimated
the HI. The AE-based method, while generally improving classification accuracy, slightly
overestimated the condition severity in this specific case. This observation indicates that
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the proposed method, although more structure-preserving than statistical substitution, may
still overestimate certain conditions when correlations are amplified. Nevertheless, the
AE-based results remained significantly closer to the documented failure condition than
those obtained using mean or mode imputation.

Overall, these case studies demonstrate that AE-based supplementation transcends
simple numerical substitution by incorporating nonlinear inter-variable relationships,
thereby improving the reliability of HI classification under missing-data conditions. While
minor deviations may occur in individual cases, the proposed method consistently provides
more realistic condition assessments aligned with actual failure histories

7. Conclusions

In this study, an autoencoder (AE)-based missing value supplementation technique
was proposed to address the significant degradation in accuracy and reliability of health
index (HI) assessment that occurs when key diagnostic variables, such as dissolved gas
analysis (DGA), statistical indicators, and historical inspection information, are missing in
power transformer condition evaluation.

Conventional mean and mode imputation methods rely on simple statistical substi-
tution and therefore distort the intrinsic data structure, particularly when critical failure-
related indicators are absent. As demonstrated in this study, such distortion often leads
to the underestimation of equipment condition and delayed maintenance decisions. By
contrast, the proposed AE-based approach supplements missing values by learning nonlin-
ear inter-variable correlations in an unsupervised manner, enabling structure-preserving
restoration rather than pointwise numerical substitution. As a result, the SVM-based
HI classification accuracy improved significantly from 83.7% to 90.6% after applying
AE-based supplementation.

Importantly, this study emphasizes that missing value compensation should not be
treated as a mere preprocessing step, but as an integral component of asset-health assess-
ment. Because transformer HI evaluation is fundamentally a grade-based decision problem,
even small numerical deviations can cause a shift across health-grade boundaries and result
in substantially different maintenance actions. Therefore, classification consistency and de-
cision robustness were considered more appropriate evaluation criteria than conventional
pointwise reconstruction metrics such as RMSE or MAE.

The practical effectiveness of the proposed method was further validated using rep-
resentative real-world failure cases, including TR1, TR2, and TR8. In these cases, the
AE-based method successfully restored missing critical DGA indicators and more accu-
rately identified high-risk equipment compared with conventional statistical imputation
techniques, demonstrating its applicability in realistic utility environments.

The main contributions of this study are threefold. First, the impact of missing
diagnostic data on HI prediction performance was quantitatively analyzed using real
inspection-based transformer datasets. Second, the superiority of the proposed AE-based
supplementation method over conventional mean and mode imputation was systematically
verified across multiple machine learning models. Third, the applicability of the proposed
approach was validated through actual failure-case analysis, confirming its effectiveness in
practical transformer condition assessment.

A limitation of this study is its dataset scale, as only 43 transformer inspection records
were available. Future work will focus on validating the generalizability of the proposed
approach using larger and more diverse datasets covering wider operating conditions and
geographical regions. In addition, advanced generative restoration techniques, such as
variational autoencoders, generative adversarial networks, and transformer-based models,
may be explored to further enhance robustness under extreme missing data scenarios.
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Overall, the proposed AE-based missing value supplementation technique enhances
the reliability and robustness of transformer HI assessment under incomplete data condi-
tions and provides practical support for asset management tasks, including maintenance
planning, replacement decision-making, and risk-based operation of power facilities.
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Abbreviations

The following abbreviations are used in this manuscript:

AE Autoencoder

CIGRE International Council on Large Electric Systems
DGA Dissolved Gas Analysis

DF Dissipation Factor

DL Deep Learning

DNV GL  Det Norske Veritas and Germanischer Lloyd
EPRI Electric Power Research Institute

FMEA Failure Mode and Effect Analysis

GRU Gated Recurrent Unit

HI Health Index

IEEE Institute of Electrical and Electronics Engineers
IR Insulation Resistance

kNN k-Nearest Neighbors

LOOCV  Leave-One-Out Cross-Validation
LpOCV  Leave-p-Out Cross-Validation
LSTM Long Short-Term Memory

MAR Missing at Random
MCAR Missing Completely at Random
ML Machine Learning

MNAR Missing Not at Random
OLTC On-Load Tap Changer

PD Partial Discharge

PI Polarization Index

SFRA Sweep Frequency Response Analysis
SVM Support Vector Machine

TCG Total Combustible Gas

TR Power Transformer

UHF Ultra-High Frequency
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