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Abstract

Power transformers are critical assets in modern power systems, and their reliability di-
rectly affects grid security, resilience, and continuity of electricity supply. Their condition
progressively evolves under interacting electrical, thermal, mechanical, chemical, and
environmental stresses, making reliable condition assessment and early detection of degra-
dation essential for effective asset management. Over the past decades, a wide range of
diagnostic techniques has been developed, including dissolved gas analysis (DGA), furan
and other physicochemical analyses, dielectric response measurements, frequency response
analysis (FRA), and partial discharge (PD) monitoring. While these techniques remain
indispensable, no individual method provides a complete representation of transformer
condition, and their isolated or periodic application offers limited capability for track-
ing degradation trajectories and supporting prognosis. This review critically examines
the evolution of power transformer diagnostics from conventional condition-assessment
techniques to Artificial Intelligence (AI), multi-source data integration, hybrid and physics-
informed modelling, and Digital Twin technologies. Particular attention is given to the
capabilities and limitations of machine-learning and deep-learning approaches, including
data representativeness, generalization, interpretability, uncertainty, and field validation.
The emerging role of hybrid physics–data models and Digital Twins in integrating mea-
surements, asset history, physical knowledge, and data-driven inference is also examined.
Key challenges related to field-data availability, standardization and interoperability, cy-
bersecurity, explainable and trustworthy AI, and dynamic model updating are discussed.
Finally, a perspective toward 2040 is presented, highlighting the expected transition from
periodic and isolated diagnostics toward integrated monitoring, uncertainty-aware prog-
nosis, and dynamically updated decision-support frameworks for transformer asset and
fleet management.

Keywords: power transformer; condition monitoring; dissolved gas analysis; artificial
intelligence; machine learning; physics-informed machine learning; digital twin; data
fusion; predictive maintenance; prognostics

1. Introduction
The global energy transition, characterized by the increasing integration of renewable

energy sources, the electrification of end uses, and the development of smart grids, has
positioned power transformers at the core of modern electrical infrastructures [1–3]. These
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assets play a vital role in transmission and distribution networks by ensuring voltage
adaptation and the reliable delivery of electrical energy. At the same time, increasing
renewable penetration, more variable loading profiles, bidirectional power flows, and
growing expectations for asset utilization are imposing increasingly complex operating
conditions on transformer fleets. Given their strategic importance, major transformer
failures may compromise power system reliability, disrupt service continuity, and generate
substantial technical, economic, and environmental consequences [4–7].

This issue is particularly concerning because a substantial portion of the global trans-
former fleet is aging, with many units operating at or beyond their originally anticipated
service life [8,9]. However, chronological age alone is not a reliable indicator of transformer
condition, since degradation strongly depends on loading history, thermal exposure, insu-
lation condition, environmental stresses, design, and maintenance practices. In this context,
reliable condition assessment and early fault detection have become essential priorities for
power utilities and network operators.

Under the influence of electrical, mechanical, thermal, chemical and environmental
stresses, insulating oil and cellulose paper are subjected to complex degradation processes
that progressively alter their physicochemical, dielectric, and mechanical properties [10–12].
In parallel, other critical components, including windings, bushings, tap changers, and
the cooling system, may experience degradation mechanisms that ultimately affect trans-
former reliability. Understanding these degradation mechanisms and continuously mon-
itoring their evolution are therefore critical for transformer condition assessment and
maintenance optimization.

To enable early fault detection and insulation condition assessment, numerous diag-
nostic techniques have been developed over the past decades. Among them, Dissolved
Gas Analysis (DGA) remains one of the most widely used methods in the power indus-
try for identifying thermal and electrical faults [12,13]. Other complementary techniques
include Frequency Response Analysis (FRA) [14], partial discharge measurements [15],
dielectric response methods [16–18], thermal monitoring [19] and chemical ageing markers,
including furan based-indicators [20,21], each providing information on different aspects
of transformer condition. Rather than being mutually substitutable, these techniques pro-
vide complementary information on electrical, thermal, mechanical, and insulation-related
degradation processes.

Despite their effectiveness, these conventional approaches exhibit several limitations.
Each technique provides only partial information regarding transformer condition and
generally targets a specific degradation mechanism or fault signatures [4,10]. Moreover,
the interpretation of diagnostic results often relies on empirical rules or expert knowledge,
which may introduce uncertainty into the decision-making process [4,10]. In addition, the
growing volume of data generated by online monitoring systems makes it increasingly
difficult to exploit the available information using traditional approaches fully. These
limitations have progressively shifted transformer diagnostics from isolated, threshold-
based measurements toward integrated and data-driven condition assessment.

The emergence of digital technologies has profoundly transformed the field of trans-
former diagnostics. Advances in the Internet of Things (IoT), Big Data, data-driven moni-
toring, and artificial intelligence have paved the way for more powerful methods for data
analysis and interpretation [22,23]. Machine Learning and Deep Learning techniques are
now increasingly investigated for fault classification, health index estimation, remaining
useful life prediction, and predictive maintenance support [22–26]. However, the very high
diagnostic accuracies frequently reported in the literature do not necessarily translate into
equivalent field performance. Limited and unbalanced datasets, lack of external validation,
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domain shift between transformer populations, model interpretability, and uncertainty
quantification remain important barriers to practical deployment.

At the same time, data fusion approaches have gained increasing attention as a means
of simultaneously exploiting information from multiple diagnostic techniques. These
approaches provide a more comprehensive and robust view of transformer condition
by reducing the uncertainties associated with individual methods [24,27]. As a result,
they have become a major research focus in advanced transformer diagnostics. Their
development represents an important intermediate step between conventional single-
source diagnostics and integrated transformer health assessment frameworks.

More recently, the concept of the Digital Twin has attracted increasing interest within
the energy sector [28,29]. Applied to power transformers, Digital Twins can integrate real-
time monitoring data, physics-based models, expert knowledge, and artificial intelligence
algorithms within a unified digital environment. Such integration can support predictive
maintenance, risk assessment, operational optimization, and decision support throughout
the transformer lifecycle [28,30]. Nevertheless, a clear distinction must be maintained
between conventional digital models, digital shadows, and true Digital Twins involving
continuous synchronization between the physical asset and its virtual representation. This
distinction is particularly important because the term “Digital Twin” is increasingly, and
sometimes inconsistently, used in transformer-monitoring literature.

Despite the significant advances achieved in intelligent diagnostics and digital
transformer monitoring, several scientific and technological challenges remain. Lim-
ited availability of representative and high-quality field data, the absence of widely ac-
cepted Digital Twin architectures and interoperability frameworks, integration difficulties
among heterogeneous systems, cybersecurity concerns, and the reliability and explain-
ability of artificial intelligence models continue to represent major obstacles to large-scale
deployment [28,31–33]. Model generalization across transformer designs and operating
environments, uncertainty quantification, and the integration of physical knowledge into
data-driven models also remain important research challenges. Addressing these chal-
lenges is essential for the development of high-performance, robust, and trustworthy
monitoring systems.

Although several review papers have addressed transformer diagnostic techniques,
DGA-based artificial intelligence, condition monitoring, and, more recently, Digital Twin
technologies, these topics are frequently treated independently. A comprehensive perspec-
tive connecting the evolution from conventional diagnostics to multi-source data fusion,
artificial intelligence, physics-informed models, and continuously updated Digital Twins
remains comparatively limited. Moreover, the gap between high diagnostic performance
reported in research studies and the requirements for reliable field deployment deserves
greater critical attention.

Previous reviews have examined different aspects of power transformer diagnostics,
including conventional fault detection methods, artificial intelligence, condition assessment,
and intelligent monitoring. While these studies cover overlapping topics, they differ
in their main objectives and in how they address the relationships among diagnostic
techniques, predictive modeling, and practical implementation. To place the present review
in context, Table 1 summarizes the main contributions of previous reviews and highlights
the additional perspective offered by this work.
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Table 1. Comparison of previous reviews on power transformer diagnostics, condition assessment,
and intelligent monitoring.

Reference Main Focus Key Contributions Added Perspective of the Present
Review

Ali et al. [13] Conventional DGA-based
fault diagnosis

Compares established
DGA interpretation
methods, highlighting their
diagnostic performance,
reliability, and limitations.

Relates conventional
gas-interpretation rules to
complementary measurements
and examines uncertainty in
integrated diagnosis.

Zhang et al. [19] AI-based fault diagnosis

Reviews artificial
intelligence methods for
identifying and classifying
transformer faults.

Assesses the gap between
reported AI classification
performance and
cross-transformer generalization,
calibration, and field validation.

Mashifane et al. [20] Machine learning and
hybrid diagnostic methods

Reviews machine learning
and hybrid approaches for
transformer fault detection
and diagnosis.

Distinguishes hybrid fault
classifiers from physically
constrained models and identifies
the requirements for operational
integration.

Abbasi [21] Transformer fault detection
and diagnosis

Provides a broad
classification of
conventional and
intelligent diagnostic
methods, discussing their
applications, advantages,
and limitations.

Moves beyond a catalogue of
methods to examine data fusion,
temporal updating, and the limits
of stand-alone diagnostic
decisions.

Zahra et al. [22] Transformer health and
lifespan assessment

Reviews conventional and
machine learning
approaches for assessing
transformer health and
estimating remaining
useful life.

Links condition and lifespan
indicators to uncertainty-aware
prognosis and risk-informed
maintenance decisions.

Msane et al. [23] IoT-based condition
monitoring

Reviews IoT technologies
and architectures for
transformer condition
monitoring and
assessment.

Examines how monitoring
connectivity must be
complemented by physical
models, model updating, and
validation before constituting a
Digital Twin.

Zemouri [26] Prognostics and Health
Management (PHM)

Reviews machine learning
and deep learning methods
for transformer prognostics
and health management.

Places prognostic models in the
context of dynamic
physical–virtual synchronization,
model lifecycle management, and
practical deployment.

Present review
Integrated diagnostics and
predictive asset
management

Critically examines
conventional diagnostics,
multi-source data fusion,
artificial intelligence,
physics-informed
modeling, and Digital
Twin technologies.

Synthesizes conventional
diagnostics, data fusion, AI,
physical modelling, and Digital
Twins; critically addresses
validation, uncertainty,
interoperability, cybersecurity,
and deployment.

This review addresses this gap by critically examining the evolution of power trans-
former diagnostics from conventional condition-monitoring techniques toward integrated,
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intelligent, and predictive asset-management frameworks. Rather than treating conven-
tional diagnostics, artificial intelligence, and Digital Twins as independent developments,
the review analyzes their progressive convergence and identifies the technological and
methodological requirements for moving from fault detection toward predictive and ul-
timately prescriptive transformer management. After highlighting the challenges asso-
ciated with transformer aging and the technical and economic consequences of failures,
the paper reviews the principal diagnostic techniques currently employed and discusses
their limitations.

Particular attention is devoted to the contribution of artificial intelligence and recent
developments in Digital Twin technologies for power transformers. Emphasis is placed on
data fusion, model generalization, explainability, uncertainty quantification, physics–data
integration, and the transition from research prototypes to field-deployable solutions. The
major scientific and technological challenges as well as future perspectives in the field are
also examined.

The remainder of this paper is organized as follows. Sections 2 and 3 examine con-
ventional diagnostic techniques and their limitations, particularly the incomplete picture
provided by individual measurements and the need to combine complementary diagnostic
information. Section 4 reviews AI-based approaches and multi-source data integration, with
particular attention to the challenges of translating promising research results into reliable
performance under real operating conditions. Section 5 discusses how physics-informed
modeling and dynamically updated Digital Twins can support more comprehensive con-
dition assessment and predictive maintenance. Section 6 addresses the challenges that
continue to limit practical implementation, including data availability, model generaliza-
tion, uncertainty quantification, explainability, interoperability, and cybersecurity. Section 7
outlines future research directions aimed at bridging these gaps and supporting the de-
velopment of more reliable diagnostic and predictive frameworks for power transformers.
Finally, Section 8 summarizes the main conclusions of this review.

2. Conventional Diagnostic Techniques
Power transformer condition assessment has traditionally relied on several conven-

tional diagnostic techniques designed to monitor different physical, chemical, and electrical
degradation mechanisms occurring during transformer operation. Conventional methods
such as dissolved gas analysis (DGA), furanic compound analysis, frequency response
analysis (FRA), partial discharge (PD) measurements, and dielectric response techniques
have become widely adopted due to their ability to provide valuable information regard-
ing insulation ageing, mechanical deformation, electrical faults, and thermal degradation
processes. Importantly, these techniques should be regarded as complementary rather
than competing approaches, since no individual diagnostic method provides a complete
representation of transformer condition.

2.1. Dissolved Gas Analysis (DGA)

Dissolved Gas Analysis (DGA) is one of the most established techniques for assessing
the condition of oil-filled power transformers and detecting incipient internal faults. Elec-
trical and thermal stresses affecting the oil–paper insulation system generate characteristic
gaseous decomposition products. Hydrogen (H2) and Hydrocarbon gases—including
methane (CH4), ethane (C2H6), ethylene (C2H4), and acetylene (C2H2)—are primarily asso-
ciated with the decomposition of insulating liquid under different fault conditions, whereas
carbon monoxide (CO), and carbon dioxide (CO2) provide complementary information
related to cellulose degradation [12,13]. The concentrations and relative distribution of
these gases provide information on the degradation and fault processes occurring within
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the transformer. Table 2 summarizes the principal dissolved gases and the degradation or
fault processes with which they are commonly associated. Low-energy electrical discharges,
particularly partial discharges, are typically characterized by significant hydrogen genera-
tion, often accompanied by methane, whereas thermal faults generate hydrocarbon gases
whose relative proportions depend on fault temperature. Acetylene is strongly associated
with high-energy electrical discharges such as arcing [12,13].

Table 2. Principal dissolved gases and commonly associated fault/degradation processes.

Gas (Formula) Typical Associated Processes/Faults

Hydrogen (H2) Partial discharge, low-energy electrical discharges

Methane (CH4) Low temperature thermal faults; low-energy electrical faults

Ethylene (C2H4) High temperature thermal faults/overheating

Ethane (C2H6) Low-temperature thermal degradation of oil

Acetylene (C2H2) High-energy electrical discharge/arcing

Carbon monoxide (CO) Cellulose degradation; thermal ageing of solid insulation

Carbon dioxide (CO2) Cellulose ageing/degradation

Oxygen (O2) Oil oxidation; air ingress/consumption through ageing reactions

Nitrogen (N2) Air ingress; condition of the preservation/sealing system

IEC 60599 and IEEE C57.104 provide widely used guidance for the interpretation of
dissolved gases and transformer condition assessment, although their diagnostic criteria
and recommended interpretation procedures are not identical. These interpretation frame-
works are complemented by standardized analytical and sampling procedures, notably
IEC 60567 and ASTM D3612, which support the reliable determination of dissolved-gas
concentrations [12,34–36]. Several approaches are available for interpreting DGA results, in-
cluding key-gas analysis, gas-ratio methods such as the Rogers and Dornenburg ratios, and
graphical methods such as the Duval Triangle [13,37–39]. These approaches differ in their
diagnostic boundaries, sensitivity to individual gases, and ability to distinguish single from
combined fault conditions. Graphical approaches such as the Duval Triangle and Pentagon
have gained particular attention because they provide intuitive fault classification while
avoiding continuous graphical fault regions that overcome some of the indeterminate cases
encountered with conventional gas-ratio methods. Nevertheless, conflicting diagnoses
may still arise when different interpretation methods are applied to the same gas dataset,
particularly for evolving or mixed faults. Owing to its extensive operational experience,
standardized procedures, and established interpretation methods, DGA remains a central
technique for power transformer condition assessment [13,40].

Beyond the limitations of individual interpretation methods, several intrinsic factors
may influence the reliability of DGA-based diagnosis. In-service insulating oil contains not
only gases generated by active faults but also ageing by-products resulting from long-term
degradation of the insulation system. These by-products, together with fluid composition
and inherent gassing tendency, may influence gas generation and consequently affect
the diagnostic outcome of some DGA interpretation methods [41]. Diagnostic reliability
is further affected by measurement uncertainty, since uncertainties associated with gas
sampling and chromatographic quantification can propagate through empirical diagnostic
boundaries and potentially modify the resulting fault classification [42]. Recent uncertainty-
aware formulations of conventional DGA methods have consequently demonstrated the
value of explicitly accounting for measurement uncertainty rather than treating measured
gas concentrations as exact quantities.
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The increasing use of alternative insulating liquids, particularly natural and synthetic
esters, introduces an additional challenge because gas generation, solubility, and fault-gas
patterns may differ from those established for mineral oil. Consequently, DGA crite-
ria developed for conventional mineral-oil-filled transformers should not be transferred
uncritically to alternative dielectric fluids. More generally, DGA interpretation remains
fundamentally inferential: gases provide evidence of degradation or fault processes but do
not necessarily identify their physical location, severity, or future evolution. This limitation
partly explains the growing interest in combining DGA with complementary diagnostic
indicators and data-driven interpretation methods.

2.2. Furan Analysis

Furan analysis is a widely used chemical diagnostic technique for assessing the con-
dition of cellulose-based insulation in oil-immersed power transformers. It provides
indirect information on the degradation of solid insulation without requiring access to the
transformer windings. While DGA primarily provides information on gaseous products
associated with, furan analysis of cellulose insulation. Thermal and electrical degradation
processes, furan analysis provides complementary information specifically related to the
degradation of cellulose insulation.

Under thermal and oxidative stresses, cellulose depolymerization generates several
furanic compounds, including 2-furfuraldehyde (2-FAL), 5-hydroxymethyl-2-furfural, 2-
furfuryl alcohol, 2-acetylfuran, and 5-methyl-2-furfural, which migrate from the paper
insulation into the insulating oil, detectability, and established correlation with cellulose
degradation make them useful ageing indicators [17,18]. Among these compounds, 2-FAL
is the most commonly used ageing indicator because of its relative stability in oil and
its relationship with cellulose degradation [17,43]. IEC 61198 specifies methods for the
determination of 2-FAL and related furanic compounds in mineral insulating oils using
high-performance liquid chromatography (HPLC) [44].

The main diagnostic interest of furan analysis lies in its relationship with the Degree
of Polymerization (DP), an important indicator of the mechanical condition of cellulose
insulation. Several empirical models have been proposed to estimate DP from the con-
centration of 2-FAL in transformer oil, including the Chendong, Stebbins, De Pablo, and
Pahlavanpour models [45], as summarized in Table 3 [17,43,46,47]. These models were
developed using different datasets and assumptions regarding cellulose type and age-
ing behaviour and may therefore provide different DP estimates for the same measured
2-FAL concentration.

Table 3. Example empirical relationship between 2-FAL concentration and estimated cellulose
condition [45].

Model Relationship/Basis Applicability/Main Consideration

Chendong Empirical relationship between log(2-FAL) and DP Developed mainly from transformers with
conventional Kraft paper

Stebbins Modified Chendong relationship Adapted to thermally upgraded paper

De Pablo Based on cellulose chain-scission theory Relates 2-FAL generation to cellulose degradation

Pahlavanpour Modification accounting for non-uniform paper ageing Considers accelerated ageing of hotter
insulation regions

As a practical condition-assessment framework, 2-FAL concentrations below 0.1 ppm,
between 0.1–1 ppm, 1–10 ppm, and above 10 ppm have been associated, respectively, with
DP ranges of approximately 700–1200, 450–700, 250–450, and below 250 [48]; however,
these ranges should be regarded as indicative rather than universal conversion criteria [49].
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However, correlations between 2-FAL concentration and DP should be interpreted
cautiously. They are empirical and can be influenced by transformer design, oil volume,
paper-to-oil ratio, thermal history, oil replacement or reclamation, and the partitioning and
degradation of furanic compounds. Moreover, furan concentrations measured in the bulk
oil reflect degradation products originating from the overall cellulose insulation and may
therefore not accurately represent localized ageing at the winding hot-spot. Oil replacement
or reclamation can further reduce the measured concentration of ageing markers without
restoring the condition of the solid insulation, potentially complicating the interpretation
of subsequent measurements. Consequently, 2-FAL should be regarded as an indirect
indicator of cellulose ageing rather than a direct substitute for DP measurement. Cellulose
degradation involves interacting physicochemical processes influenced by temperature,
oxidation, moisture, and the formation and transport of ageing products. These interactions
support a multiparametric interpretation of furan measurements [50,51].

Beyond furanic compounds, other oil-soluble ageing markers have been investigated
to improve the assessment of cellulose degradation. Methanol (MeOH), in particular, has
emerged as a promising marker because it is generated during cellulose chain scission and
may provide sensitivity to earlier stages of paper degradation than 2-FAL [52,53]. The com-
plementary interpretation of methanol, 2-FAL, carbon oxides, moisture, and other ageing
indicators therefore represents a promising direction toward more robust multiparametric
assessment of solid insulation condition.

The increasing use of ester-based insulating liquids also requires particular attention,
since the generation, partitioning, and stability of cellulose ageing markers may differ from
those observed in conventional mineral-oil systems [51].

2.3. Other Physicochemical Indicators of Insulation Condition

In addition to dissolved gases and furanic compounds, several physicochemical prop-
erties of insulating liquids provide complementary information on the condition of the
transformer insulation system. Parameters such as moisture content, acidity, interfacial
tension (IFT), breakdown voltage (BDV), resistivity, particle contamination, and oxidation-
related characteristics are routinely or periodically evaluated to identify changes associated
with insulation ageing, contamination, and deterioration of the dielectric liquid [54,55].
Although these indicators generally do not provide direct identification of a specific internal
fault, their combined interpretation contributes significantly to the assessment of oil quality
and the overall condition of the oil–paper insulation system.

Moisture is among the most critical parameters because of its strong influence on both
dielectric performance and cellulose ageing. Water is distributed between the liquid and
solid insulation and continuously migrates between these phases as transformer tempera-
ture and loading conditions change. Excessive moisture can reduce the dielectric strength
of the insulation, accelerate cellulose depolymerization through hydrolysis, and increase
the risk of bubble formation under elevated-temperature or overload conditions [56–58].
Moisture in insulating liquids is commonly determined using Karl Fischer titration, while
online capacitive sensors increasingly enable continuous measurement of water activity or
relative saturation. However, estimating the moisture content of cellulose from measure-
ments performed in the liquid remains challenging because water solubility and oil–paper
equilibrium are strongly temperature-dependent, and actual transformers may operate
under non-equilibrium moisture conditions. Consequently, a single moisture concentration
expressed in ppm should not be interpreted independently of oil type, temperature, relative
saturation, and the dynamic moisture distribution within the insulation system.

Other physicochemical parameters provide complementary information on insulating-
liquid degradation. Acidity, generally expressed as total acid number, increases as oxida-
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tion and ageing generate acidic degradation products, whereas interfacial tension tends to
decrease with the accumulation of polar contaminants and oxidation products. Their com-
bined evolution can therefore provide useful information on oil deterioration. Breakdown
voltage, in contrast, provides an indication of the dielectric integrity of the liquid and is
particularly sensitive to contaminants such as moisture, particles, and other impurities.
Additional parameters—including resistivity, dielectric dissipation factor, colour, particle
count, viscosity, inhibitor content, and oxidation stability—may further contribute to oil-
condition assessment and maintenance decisions [54,59]. These properties are addressed
by established IEC and ASTM test methods and are widely incorporated into transformer
oil-monitoring programs.

Chemical ageing markers beyond conventional furanic compounds are also receiv-
ing increasing attention. Methanol, in particular, is generated during cellulose chain
scission and has emerged as a complementary indicator of solid-insulation degradation,
including during relatively early stages of cellulose ageing. Its interpretation may offer
advantages in situations where 2-FAL concentrations are low, particularly for transformers
containing thermally upgraded paper [49,60,61]. Nevertheless, as with furans, measured
concentrations are influenced by oil–paper partitioning, transformer design, thermal his-
tory, and oil treatment, preventing the use of a universal concentration threshold for all
transformer populations.

A wide range of additional laboratory and spectroscopic techniques, including UV-
visible and infrared spectroscopy, turbidity measurements, particle characterization, and
other chemical analyses, have also been investigated for transformer condition assess-
ment [4,62]. Since these physicochemical techniques and their associated standardized
test procedures have been comprehensively reviewed elsewhere, they are not discussed
individually in the present paper. Instead, emphasis is placed on their role as comple-
mentary condition indicators that can be integrated with electrical, thermal, mechanical,
and online monitoring data. Their principal value in the context of next-generation trans-
former diagnostics therefore lies not only in individual measurements, but increasingly in
their combined interpretation within multiparametric health assessment, data-fusion, and
predictive-monitoring frameworks.

2.4. Dielectric Response and Dissipation Factor Measurements

Dielectric response measurements provide valuable information on the condition
of transformer oil–paper insulation by characterizing its polarization, conduction, and
dielectric-loss behaviour under an applied electric field. Depending on the measurement
domain, commonly used approaches include the dielectric dissipation factor (tan δ), Fre-
quency Domain Spectroscopy (FDS), and Polarization and Depolarization Current (PDC)
measurements. These techniques are particularly sensitive to moisture, ageing, oil con-
ductivity, and other physicochemical changes affecting the dielectric properties of the
insulation system [16,63]. The dielectric loss factor (tan δ), also referred to as the dissipation
factor, is a well-established parameter for evaluating the dielectric condition of transformer
insulation and other high-voltage equipment [63,64]. It reflects the dissipative component
of the electrical response of an insulating material subjected to an alternating electric field.
In an ideal dielectric, the current leads the applied voltage by 90◦. In practical insulation
systems, however, moisture, ageing products, contamination, and conductive impurities
introduce resistive components that modify this phase relationship and increase dielectric
losses [65,66]. Changes in tan δ can therefore provide information on the overall condition
of the insulation system [63,66].

For insulating liquids, IEC 60247 specifies standardized procedures for determin-
ing the dielectric dissipation factor, relative permittivity, and DC resistivity [67]. Beyond
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single-frequency tan δ measurements, dielectric response techniques provide a more com-
prehensive characterization of the insulation system over a wider range of polarization and
conduction processes. FDS evaluates the dielectric response over a broad frequency range,
typically through the complex permittivity, or the corresponding frequency-dependent
dissipation factor. Different regions of the dielectric spectrum exhibit different sensitivities
to oil conductivity, interfacial polarization, moisture, and the condition of the cellulose
insulation. FDS has consequently become an important non-destructive technique for
assessing moisture and ageing in oil–paper insulation systems [68].

PDC provides complementary information in the time domain by measuring the
polarization current following the application of a DC voltage and the subsequent depolar-
ization current after removal of the applied voltage. The resulting current characteristics
reflect conduction and polarization mechanisms within the composite insulation and can
be used to assess parameters such as oil conductivity and moisture-related changes in
the solid insulation [62,69]. FDS and PDC are fundamentally related representations of
dielectric response and therefore provide complementary pathways for characterizing
insulation condition.

In power transformers, tan δ primarily provides an indication of the overall dielectric
condition of the insulation system rather than the location of a specific defect. Increased
dielectric losses may be associated with moisture, oxidation products, sludge, conductive
contaminants, and ageing of the oil–paper insulation system [64,70]. Tan δ measurements
are commonly used during factory testing, commissioning, periodic maintenance, and
condition assessment of transformer windings, bushings, and insulating liquids [71]. Com-
pared with such single-frequency measurements, broadband dielectric-response techniques
can provide substantially richer information on the processes contributing to insulation
degradation and are particularly valuable when moisture assessment is required.

However, interpretation of dielectric response measurements is inherently multi-
parametric. Temperature, insulation geometry, oil conductivity, moisture content and
distribution, ageing condition, and interfacial polarization can simultaneously influence the
measured response. Temperature is particularly critical because both dielectric relaxation
processes and insulation conductivity exhibit strong temperature dependence. Conse-
quently, measurements obtained under different thermal conditions cannot be directly
compared without appropriate temperature correction or normalization. Furthermore, sep-
arating the respective contributions of oil conductivity, cellulose moisture, and insulation
ageing remains an important challenge when interpreting dielectric response data [68].

A single tan δ measurement should not be interpreted in isolation. Its diagnostic value
is strengthened when measurements are compared with previous records obtained under
comparable test conditions, allowing trends and abnormal variations in dielectric behaviour
to be identified over time. Similarly, although FDS and PDC provide richer diagnostic
information than a single dissipation-factor measurement, the inverse problem of deriving
specific insulation-condition parameters from the measured dielectric response may not
always have a unique solution. Their diagnostic reliability is therefore enhanced when
dielectric measurements are combined with complementary information such as oil quality,
moisture measurements, thermal history, chemical ageing markers, and other transformer
condition indicators. This multiparametric interpretation provides an important pathway
toward integrated condition assessment and data-driven diagnostic frameworks.

2.5. Frequency Response Analysis (FRA)

Frequency Response Analysis (FRA) is a well-established technique for assessing
the mechanical integrity of transformer windings and detecting changes affecting their
electrical characteristics. FRA is based on the application of a low-voltage signal over a
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broad frequency range and the measurement of the corresponding frequency-dependent
response [72,73]. Transformer windings can be represented by a distributed network
of resistive, inductive, and capacitive elements whose electrical characteristics are re-
lated to their physical geometry. Consequently, mechanical or electrical changes, includ-
ing axial and radial winding deformation, hoop buckling, winding displacement or col-
lapse, shorted turns, and core movement, can alter the measured frequency-response
signature [72–75]. FRA is therefore particularly useful for assessing transformer integrity
following transportation, through-faults, short-circuit events, or other conditions that may
produce mechanical stresses.

In practice, FRA measurements cover a broad frequency range, and different por-
tions of the response may be influenced by different transformer components and interac-
tions [76]. Although characteristic frequency regions are often associated with particular
transformer components, these boundaries are not universal and depend on transformer de-
sign, winding configuration, measurement setup, and test connections [72,73,77]. Changes
in resonance frequencies, anti-resonances, amplitudes, or the overall shape of the FRA
signature may therefore indicate changes in the transformer internal structure.

One of the main strengths of FRA is its sensitivity to mechanical changes that may
not be identified through oil-based diagnostic techniques. Such deformations can affect
the mechanical integrity and short-circuit withstand capability of transformer windings,
making their detection important for condition assessment [78,79]. However, FRA interpre-
tation remains largely comparative: measured signatures are generally evaluated against
reference measurements, responses from equivalent phases, or corresponding units. The
availability of suitable reference signatures and the need for expert interpretation therefore
remain important considerations in practical FRA assessment. FRA measurements and
their interpretation are supported by international guidance, particularly IEC 60076-18 [72]
and IEEE Std C57.149-2012 [80].

Consequently, despite its high sensitivity to structural changes, FRA remains stronger
as a change-detection technique than as a standalone tool for uniquely identifying and
quantifying specific mechanical defects.

2.6. Partial Discharge (PD) Monitoring

Partial discharge (PD) monitoring is an important diagnostic approach for detecting
localized defects within transformer insulation systems. PD corresponds to a localized
electrical discharge that only partially bridges the insulation between conductors and
generally develops in regions subjected to locally enhanced electric fields. Such activity
may originate from voids, gas bubbles, cracks, sharp conductive regions, or degraded
insulation interfaces. Depending on the discharge mechanism, PD activity can produce
electrical pulses, electromagnetic radiation, acoustic emissions, optical signals, and chemical
decomposition products, providing several complementary pathways for detection and
characterization [81]. Consequently, PD monitoring provides valuable information on
localized insulation degradation and its evolution.

PD detection methods can be broadly classified according to the physical quantities
generated by discharge activity, including electrical, electromagnetic, acoustic, gas-based,
optical, and hybrid techniques. Conventional electrical methods measure discharge-related
current pulses and apparent charge and constitute the reference approach for standardized
PD measurements, particularly according to IEC 60270 [82,83]. However, their application
to online transformer monitoring may be affected by electromagnetic interference and
difficulties in separating internal PD activity from external noise sources.

1. Electromagnetic approaches, particularly ultra-high-frequency (UHF) techniques,
detect high-frequency electromagnetic emissions associated with PD activity and are
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well suited to online monitoring because of their ability to discriminate PD signals
from some forms of lower-frequency external interference [84].

2. Acoustic methods detect ultrasonic waves generated by discharge events and can
additionally support defect localization through time-of-arrival analysis [85]. Their
sensitivity, however, may be influenced by attenuation, propagation paths, trans-
former geometry, and the location of the discharge source. Gas-based approaches
provide indirect evidence of discharge activity through the analysis of decomposition
gases dissolved in the insulating liquid and can therefore complement direct PD
measurements [13,37].

3. Optical sensing techniques, including Fiber Bragg Grating (FBG)-based and interfer-
ometric sensors, provide another means of detecting PD-related acoustic or strain
disturbances while offering strong immunity to electromagnetic interference [86].
Optical-fiber-based sensing is particularly attractive for transformer applications
because of its electrical passivity and potential for integration within high-field en-
vironments. Nevertheless, sensor placement, sensitivity, long-term stability, and
interpretation of the measured signals remain important practical considerations.

4. More recently, hybrid architectures combining several sensing principles have at-
tracted increasing interest because complementary measurements can improve de-
tection reliability, noise discrimination, and fault localization. Such multi-sensor
configurations are also particularly relevant to advanced transformer monitoring and
Digital Twin frameworks, in which heterogeneous data streams can be integrated for
condition assessment [87].

PD measurements can be performed either offline under controlled test conditions or
online during normal transformer operation. Offline measurements facilitate controlled
characterization of discharge activity, whereas online monitoring enables the temporal
evolution of PD behaviour to be observed under actual operating conditions. However,
reliable online detection remains challenging because measurements may be affected by
electromagnetic interference and other sources of noise present in substations. Effective
filtering, source separation, and signal discrimination are therefore essential for distinguish-
ing genuine PD activity from external disturbances [88].

While PD monitoring can provide high sensitivity to localized insulation defects,
reliable diagnosis requires not only detection but also discrimination, classification, local-
ization, and assessment of discharge severity. These tasks remain challenging under field
conditions and have consequently become important application areas for advanced signal
processing and machine-learning methods.

Overall, the conventional transformer diagnostic techniques reviewed above provide
complementary rather than interchangeable information, since each method is sensitive to
different electrical, thermal, mechanical, chemical, or insulation-ageing processes. Their
respective strengths and limitations are summarized in Table 4. Importantly, no individual
technique provides a complete representation of transformer condition, thereby motivating
the integrated and multi-source diagnostic approaches discussed in the following sections.

Table 4. Comparative Analysis of some Conventional Transformer Diagnostic Techniques.

Technique Primary Information Main Diagnostic
Target Online Capability Major Strengths Key Limitations

DGA Dissolved fault gases Thermal/electrical
faults Yes

Mature,
standardized,
sensitive to incipient
faults

Interpretation
ambiguity; limited
localization; fluid
and measurement
dependence
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Table 4. Cont.

Technique Primary Information Main Diagnostic
Target Online Capability Major Strengths Key Limitations

Furans
Cellulose
ageing/degradation
products

Solid insulation
ageing Limited

Indirect paper
assessment without
solid-insulation
sampling

Empirical DP
correlation; affected
by oil treatment and
cellulose type

Oil physicochemical
tests (moisture,
acidity/IFT, BDV,
etc.)

Oil quality and
degradation
indicators

Moisture, oxidation,
contamination,
dielectric integrity

Mainly offline

Mature,
standardized,
complementary
indicators

Mostly
indirect/global
indicators; affected
by operating and
sampling conditions

Dielectric response
Polarization,
conduction and
dielectric losses

Moisture/global
insulation condition Mainly offline Sensitive to global

insulation condition

Temperature,
conductivity and
multi-parameter
dependence

FRA Frequency response
signature

Winding/core
structural changes Mainly offline Highly sensitive to

structural changes

Reference
dependence; limited
unique defect
identification

PD

Electrical/
electromagnetic/
acoustic/optical
discharge signals

Local insulation
defects Yes

Sensitive to active
localized defects;
potential localization

Noise discrimination,
source identification,
localization and
severity assessment

3. Limitations of Conventional Diagnostic Approaches
Despite their maturity, reliability, and widespread industrial adoption, conventional

transformer diagnostic techniques provide only partial and often fragmented information
on asset condition. Although individual methods remain indispensable for transformer
monitoring, important limitations emerge when they are considered within the context
of continuous monitoring, predictive maintenance, and digitalized asset-management
frameworks. These limitations concern not only measurement availability but also data
integration, interpretation, prognostic capability, and uncertainty management. The most
significant challenges are discussed below.

3.1. Periodic and Incomplete Temporal Condition Assessment

A major limitation of conventional transformer diagnostic practices is that condition
assessment is still frequently based on measurements performed at predefined intervals
rather than on continuous observation [62,71]. Tests conducted during scheduled inspec-
tions or maintenance outages provide valuable information on transformer condition at a
given time, but essentially represent discrete snapshots of an evolving degradation process.
Consequently, changes occurring between successive measurements may remain unnoticed,
particularly when degradation develops rapidly or operating conditions vary significantly.

This limitation is particularly relevant for phenomena whose evolution may be
strongly influenced by operating and environmental conditions, including thermal faults,
moisture redistribution, partial discharge activity, and mechanically induced changes. Al-
though online monitoring technologies are increasingly available for parameters such as
dissolved gases and partial discharge activity, their deployment across transformer fleets
remains constrained by economic, technical, and system-integration considerations [62].
Moreover, the availability of online measurements does not necessarily imply comprehen-
sive continuous condition assessment, since individual monitoring systems often address
only specific aspects of transformer behaviour.

The discontinuous nature of conventional condition assessment also restricts the abil-
ity to establish reliable degradation trends when measurements are sparse or irregular.
This represents an important limitation for predictive maintenance and remaining useful
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life estimation, which benefit from sufficiently frequent longitudinal data to characterize
degradation trajectories and identify departures from normal behaviour [20,62]. Mainte-
nance decisions based on incomplete temporal information may therefore involve greater
uncertainty regarding both the severity and progression of transformer degradation.

These limitations are driving the transition toward integrated Prognostics and Health
Management (PHM) frameworks that combine conventional diagnostic measurements,
online monitoring, historical information, and data-driven models. Such approaches
can provide a more dynamic representation of transformer condition and establish the
data foundation required for predictive monitoring and, ultimately, Digital Twin-based
architectures [89]. However, continuous data acquisition alone is insufficient; the resulting
heterogeneous data streams must also be contextualized, synchronized, and interpreted
collectively, as discussed next.

3.2. Limited Multi-Source Data Integration and Data Fusion

Another important limitation of conventional transformer condition assessment is the
fragmented use of diagnostic information. Individual techniques generally target specific
degradation mechanisms and their results are often interpreted separately rather than
combined within an integrated assessment framework [62,71,90]. This compartmentalized
approach makes it difficult to capture the interactions among electrical, thermal, chemical,
and mechanical processes that collectively determine transformer condition.

Indeed, no single diagnostic technique provides a complete representation of trans-
former health. Dissolved Gas Analysis (DGA) provides information on gaseous products
associated with thermal and electrical faults, physicochemical indicators provide informa-
tion on moisture, oil degradation, contamination, and solid-insulation ageing; dielectric
response techniques characterize global insulation condition, Frequency Response Analysis
(FRA) is sensitive to mechanical changes in windings and core structures, and Partial
Discharge (PD) monitoring provides information on localized electrical insulation defects.
When these heterogeneous indicators are considered independently, correlations among
simultaneously evolving degradation mechanisms may be overlooked, thereby increasing
uncertainty in condition assessment [25]. This limitation becomes particularly impor-
tant when multiple degradation processes coexist and generate complex or overlapping
diagnostic signatures.

Recent developments in transformer monitoring have therefore increasingly focused
on combining complementary sensing technologies. Beheshti Asl et al. [87] reviewed
advanced sensing approaches, including Fiber Bragg Grating (FBG) sensors, optical fiber
sensors, wireless sensor networks, chemical sensors, ultra-high-frequency (UHF) sensors,
and piezoelectric sensors for monitoring parameters related to partial discharge activity,
thermal behaviour, core condition, and dissolved gases. However, increasing the number
and diversity of sensors does not by itself ensure reliable condition assessment. Measure-
ments obtained from heterogeneous sensing systems must also be synchronized, processed,
and interpreted within a common framework to extract meaningful relationships among
the different condition indicators.

The practical implementation of such multi-sensor monitoring systems also remains
challenging. Sensors operating inside or around power transformers may be exposed to
elevated temperatures, strong electromagnetic fields, moisture, vibration, and chemically
aggressive environments. Long-term ageing, sensor drift, calibration requirements, and
electromagnetic interference may consequently affect measurement quality and monitoring
reliability [87]. These constraints emphasize that the challenge extends beyond sensor
deployment to the reliable integration and interpretation of heterogeneous data.
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Overcoming this fragmentation requires a transition from independent diagnostic
measurements toward multi-source and multimodal data fusion, in which sensor measure-
ments, laboratory analyses, operational histories, environmental conditions, maintenance
records, and physics-based information can be jointly exploited. The principal challenge is
therefore shifting from data acquisition toward data contextualization and fusion: determin-
ing how heterogeneous measurements with different sampling rates, uncertainties, physical
meanings, and temporal resolutions can be combined into a coherent representation of
transformer condition.

3.3. Dependence on Empirical Rules and Expert Interpretation

Conventional transformer diagnostic methods are largely interpreted using empirical
rules, predefined thresholds, and expert knowledge [71]. For example, DGA relies on
gas-ratio methods such as the Rogers and Dornenburg methods and graphical approaches
such as the Duval Triangle [37–39]. Similarly, tan δ and furan measurements are commonly
interpreted using reference values and trend analysis [15,18]. These methods are supported
by extensive operational experience, but their interpretation can become difficult in the
presence of complex or mixed faults [91].

Another limitation is that empirical criteria developed for specific transformer popula-
tions or operating conditions may not be directly applicable to transformers with different
designs, insulation systems, loading histories, or service environments [71,92]. Diagnostic
conclusions may therefore depend on both the measured parameters and the experience of
the operator.

Expert knowledge remains indispensable in transformer diagnostics; however, its
application may be difficult to formalize, reproduce, and scale consistently across large
asset fleets. Furthermore, deterministic thresholds generally provide limited representation
of diagnostic uncertainty, particularly when measurements lie near decision boundaries or
when multiple degradation mechanisms coexist.

Interpretation can also become difficult when several degradation mechanisms occur
simultaneously. Gas concentrations, dielectric losses, and ageing indicators may be affected
by temperature, moisture, loading, and insulation condition. FRA interpretation mainly
relies on the comparison of frequency-response signatures [74,77], while PD assessment
often involves the interpretation of Phase-Resolved Partial Discharge (PRPD) patterns and
may require considerable expertise [81,88].

These limitations highlight the need for diagnostic frameworks capable of combining
established domain knowledge with quantitative and reproducible interpretation while
explicitly accounting for ambiguity and uncertainty.

3.4. Limited Prognostic Capability and Uncertainty Quantification

Conventional transformer diagnostic techniques are primarily designed to detect ab-
normal conditions and identify existing degradation or fault mechanisms, rather than to
predict their future evolution. DGA, furan analysis, dielectric measurements, FRA, and
PD monitoring can provide valuable information regarding the current condition of a
transformer; however, translating these observations into reliable estimates of degradation
trajectories, failure probability, or Remaining Useful Life (RUL) remains challenging. This
distinction between detection (recognizing the presence of an abnormal condition), diagno-
sis (identifying its nature or cause), and prognosis (anticipating its future evolution and
consequences) is fundamental to the transition from condition-based toward predictive
maintenance [25].

Prognostic assessment requires consideration of the dynamic interaction between
transformer condition and operating stresses. Loading history, ambient and internal
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temperatures, moisture, insulation ageing, fault severity, maintenance interventions, and
environmental conditions can influence degradation rates and may vary considerably
throughout the transformer lifetime. Conventional threshold- or rule-based diagnostic ap-
proaches generally have limited capability to capture these time-dependent and interacting
effects, particularly when historical measurements are sparse or irregular.

A further limitation concerns uncertainty quantification. Diagnostic measurements
are affected by measurement uncertainty arising from sensors, sampling procedures, and
laboratory variability, while diagnostic and prognostic models introduce additional uncer-
tainty associated with model assumptions, parameter estimation, data representativeness,
and incomplete knowledge of the transformer’s internal condition. Nevertheless, conven-
tional diagnostic criteria frequently produce deterministic classifications or threshold-based
decisions without explicitly quantifying the confidence associated with the resulting diag-
nosis or prognosis. For asset-management decisions, particularly those involving overload
capability, maintenance prioritization, or end-of-life assessment, quantifying prediction
uncertainty may be as important as the predicted condition itself.

These limitations have motivated increasing research into data-driven, probabilistic,
and hybrid physics–data approaches aimed at extracting degradation patterns from his-
torical and online monitoring data while incorporating operating conditions and physical
knowledge. Such approaches do not inherently eliminate the limitations of conventional di-
agnostics; rather, their potential lies in integrating heterogeneous information, quantifying
complex relationships, and supporting more dynamic condition assessment. They pro-
vide an important foundation for the transition toward AI-assisted prognostics, predictive
maintenance, and ultimately dynamically updated Digital Twin frameworks.

4. Artificial Intelligence in Transformer Diagnostics
The limitations of conventional diagnostic approaches, together with the increasing

availability of monitoring data, have stimulated extensive research into Artificial Intelli-
gence (AI) for power transformer condition assessment. Machine-learning techniques can
identify complex and nonlinear relationships among diagnostic variables and have been
applied to fault detection and classification, insulation condition assessment, anomaly de-
tection, and prognostic applications. Their ability to process heterogeneous data also makes
them attractive for integrating information from multiple diagnostic sources. However, AI
should not be regarded as an inherent replacement for conventional diagnostic knowledge:
its performance depends strongly on data quality, representativeness, validation strategy,
and the operating domain in which the model is deployed. This section reviews the main AI
approaches applied to transformer diagnostics while critically examining their capabilities
and limitations.

The evolution of AI-assisted transformer diagnostics is illustrated conceptually in
Figure 1. Early applications primarily focused on automating fault classification using artifi-
cial neural networks, support vector machines, fuzzy logic, and expert systems. Subsequent
developments introduced optimized and ensemble machine-learning approaches, followed
by deep-learning architectures capable of automated feature extraction and temporal mod-
elling. More recently, research has increasingly explored hybrid and physics-informed
approaches that combine data-driven learning with domain knowledge and physical con-
straints. In parallel, growing attention to explainability, uncertainty, robustness, and model
generalization reflects a broader transition toward trustworthy AI and its integration within
Digital Twin frameworks. The time periods indicated in Figure 1 represent approximate
and overlapping stages of technological emergence and adoption rather than strict chrono-
logical boundaries.
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Figure 1. Historical and prospective evolution of power transformer diagnostics, from conven-
tional condition-assessment techniques and early AI-assisted fault classification toward deep, hybrid,
physics-informed, and trustworthy AI approaches and their integration within Digital Twin frame-
works. Time periods indicate approximate and overlapping stages of technological emergence and
adoption rather than strict chronological boundaries.

4.1. Artificial Neural Networks (ANNs)

Artificial Neural Networks (ANNs) were among the earliest AI techniques extensively
applied to transformer diagnostics because of their ability to approximate nonlinear re-
lationships between multiple diagnostic indicators and transformer condition. Unlike
conventional rule-based methods, ANNs learn these relationships from labelled exam-
ples and can simultaneously consider several input variables. They have consequently
been investigated for DGA interpretation, FRA, insulation-ageing assessment, and PD
pattern recognition.

DGA has been one of the principal application areas of ANN-based transformer diag-
nostics. Kalinda et al. [93] developed an ANN-based transformer fault diagnosis approach
using Dissolved Gas Analysis (DGA) data and reported improved fault classification with
reduced ambiguity compared with conventional empirical methods. Vasiliki et al. [94]
investigated the use of optimization techniques for neural-network-based transformer fault
diagnosis and showed that optimization can improve ANN convergence and classification
performance. Siqi Liu et al. [95] proposed a self-organizing neural network with incremen-
tal learning for DGA-based fault diagnosis. The incremental learning strategy allowed
the model to adapt as new operating data became available, illustrating the potential of
adaptive neural networks for transformer monitoring. These studies illustrate the progres-
sion from conventional static ANN classifiers toward optimized and adaptive learning
architectures for DGA interpretation.

ANNs have also been investigated to reduce the dependence of Frequency Response
Analysis (FRA) interpretation on visual comparison and expert judgement. Orestes
et al. [96] used neural networks to interpret FRA measurements for the identification
of winding deformation and mechanical faults. Behkam et al. [97] proposed an ANN-based
FRA framework for transformer defect detection in smart monitoring environments and
reported improved fault classification performance. Y. Luo et al. [98] combined Principal
Component Analysis (PCA) with an ANN to recognize winding deformation from charac-
teristics extracted from FRA transfer functions. PCA was used to reduce the dimensionality
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of the FRA data before classification by the neural network. These approaches demonstrate
the potential of ANNs for automated FRA interpretation, although their performance
remains dependent on the representativeness of the fault signatures used during training.

Beyond fault classification, ANNs have been applied to the assessment of cellulose
insulation ageing. Ghunem et al. [99] used an ANN to predict furan content in transformer
oil and reported an average prediction accuracy of approximately 90%. Ancut,a-Mihaela
et al. [100] combined 2-furfuraldehyde (2-FAL) and methanol (MeOH) measurements with
a neural network using a Bayesian training algorithm to assess the degradation state of
solid insulation. Bonginkosi A. et al. [101] developed a feedforward backpropagation ANN
for estimating the remaining Degree of Polymerization (DP) from 2-FAL concentration.
The reported correlation coefficients were 0.958 for training, 0.915 for validation, 0.996 for
testing, and 0.958 for the overall model. These applications illustrate the potential of ANNs
to model relationships between indirect ageing markers and insulation condition. However,
an important limitation is that an ANN trained using empirically estimated DP values
may reproduce the assumptions and uncertainties of the underlying 2-FAL-DP relationship
rather than provide an independent assessment of cellulose condition.

Partial Discharge (PD) pattern recognition represents another major application of
neural networks. Mas’ud et al. [102] reviewed a broad range of neural-network architec-
tures for this application, including supervised, self-organizing, probabilistic, modular, and
ensemble approaches. The studies considered in their review frequently reported recogni-
tion accuracies above 90%, highlighting the potential of neural networks for automated PD
pattern classification. However, such values should be interpreted in relation to the dataset,
noise conditions, discharge sources, and validation strategy employed; high recognition
accuracy on controlled laboratory datasets does not necessarily demonstrate equivalent
performance under field conditions.

Overall, ANN applications demonstrate the ability of data-driven models to capture
nonlinear relationships across diverse transformer diagnostic modalities, including DGA,
FRA, chemical ageing markers, and PD measurements. Their principal contribution lies
in transforming combinations of diagnostic indicators into quantitative classification or
regression outputs that may be difficult to obtain using conventional empirical rules
alone. Nevertheless, ANN performance is inherently linked to the data used for model
development. Network architecture, hyperparameter selection, class imbalance, data
quality, and representativeness can substantially influence reported performance, while
extrapolation beyond the training domain remains uncertain. Moreover, ANNs may learn
correlations embedded in the training data without necessarily capturing the underlying
physical degradation mechanisms. These considerations are particularly important when
AI outputs are intended to support high-consequence transformer maintenance decisions.

4.2. Support Vector Machines (SVMs)

Support Vector Machines (SVMs) have been widely investigated for transformer
diagnostics because of their ability to perform classification and regression with relatively
limited datasets and high-dimensional feature spaces. By identifying an optimal separating
hyperplane between classes and using kernel functions when nonlinear decision boundaries
are required, SVMs can model complex relationships between diagnostic indicators and
transformer fault conditions. Their effectiveness nevertheless depends strongly on feature
selection, kernel choice, and hyperparameter optimization.

DGA represents the most extensively investigated application of SVMs in transformer
diagnostics. Early studies demonstrated that SVM-based classifiers could distinguish
major thermal and electrical fault categories using dissolved-gas concentrations or gas
ratios [103–105]. Subsequent research increasingly combined SVMs with optimization and
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data-processing techniques to improve classification performance. Optimization algorithms
have been employed to tune SVM parameters, while data-processing strategies have been
introduced to improve the representation of diagnostic information and enhance fault-
classification performance [104,105]. This evolution reflects a broader transition from
applying generic SVM classifiers directly to DGA measurements toward constructing
optimized diagnostic pipelines in which feature representation and model configuration
are jointly considered.

SVMs have also been applied to other transformer diagnostic modalities. For FRA,
SVM-based approaches have been investigated for detecting and characterizing winding
mechanical deformation from frequency-response characteristics. In particular, SVMs
have been used to localize and quantify axial winding displacement [106], while related
approaches have addressed the discrimination of winding deformation and structural fault
conditions [107]. For PD diagnostics, SVMs have been used to classify discharge patterns
using features extracted from Phase-Resolved Partial Discharge (PRPD) distributions and
other signal representations [108,109]. These applications demonstrate the versatility of
SVMs across diagnostic problems involving different types of transformer condition data.

An important advantage of SVMs is their suitability for diagnostic problems in which
the number of labelled observations is relatively limited compared with the dimensionality
of the feature space—a common situation in transformer condition monitoring. However,
good performance on small datasets should not be confused with demonstrated field
generalizability. Reported classification accuracy can be strongly influenced by dataset
composition, class balance, feature preprocessing, and validation strategy. Moreover,
models trained on data from a particular transformer population, laboratory configuration,
or fault database may exhibit degraded performance when applied to transformers with
different designs, operating conditions, or fault distributions.

Like other purely data-driven classifiers, conventional SVMs do not inherently incor-
porate the physical mechanisms underlying insulation degradation or fault-gas generation.
Their diagnostic boundaries are learned from the available training data and may therefore
reproduce biases, ambiguities, or uncertainties present in the underlying labels. SVM-based
diagnosis is consequently most compelling when combined with appropriate domain-
informed feature engineering, rigorous cross-validation, and independent validation on
representative datasets.

4.3. Random Forest Algorithms

Random Forest (RF) is an ensemble learning method that combines multiple decision
trees constructed from bootstrapped subsets of the training data and randomly selected
feature subsets. Classification is typically obtained by aggregating the predictions of the
individual trees, while regression outputs are generated by averaging their predictions. This
ensemble strategy generally improves robustness and reduces the tendency of individual
decision trees to overfit, making RF particularly attractive for transformer diagnostic
problems involving nonlinear relationships, heterogeneous variables, and relatively limited
datasets [110,111].

DGA has been one of the principal applications of RF in transformer diagnostics.
RF-based models have been investigated for distinguishing thermal and electrical fault
categories using dissolved-gas concentrations, gas ratios, and derived diagnostic fea-
tures [111,112]. More recent studies have combined RF with feature-selection, optimization,
and hybrid diagnostic strategies to improve classification robustness and identify the
most informative gas-related variables [112,113]. An important advantage of RF in this
context is its ability to estimate feature importance, providing some indication of which
diagnostic variables contribute most strongly to model decisions. However, such impor-
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tance measures describe statistical relevance within the available dataset and should not
necessarily be interpreted as evidence of a causal physical relationship with the underlying
fault mechanism.

RF has also been applied to PD classification, insulation condition assessment, and
multiparametric transformer health evaluation [114,115]. In these applications, its ability
to accommodate variables with different statistical characteristics makes it particularly
suitable for combining chemical, electrical, thermal, and operational indicators. This
capability is relevant to the transition from single-source fault classification toward multi-
source condition assessment, where the objective is increasingly to exploit complementary
diagnostic information rather than interpret each measurement independently.

Despite these advantages, RF performance remains strongly dependent on the qual-
ity and representativeness of the training data. Class imbalance, limited examples of
rare failure modes, inconsistent diagnostic labels, missing measurements, and differences
among transformer populations can substantially affect model performance. Moreover, al-
though RF is often regarded as more interpretable than many neural-network architectures,
feature-importance rankings alone do not provide a complete physical explanation of a
diagnostic decision. Models developed and validated on a single database may therefore
require careful external validation before being transferred to different transformer fleets
or operating environments.

Overall, RF provides an effective compromise between predictive capability, robust-
ness, computational complexity, and partial interpretability. Its value for transformer
diagnostics is particularly promising when applied to heterogeneous diagnostic datasets
and when combined with domain knowledge, rigorous validation, and uncertainty-aware
decision frameworks.

4.4. Deep Learning Approaches

Deep learning has emerged as an important extension of conventional machine learn-
ing for transformer diagnostics, particularly as the volume, dimensionality, and temporal
resolution of monitoring data have increased. Unlike many traditional ML approaches
that rely heavily on manually engineered features, DL architectures can learn hierarchical
representations directly from raw or minimally processed signals, images, spectra, and mul-
tivariate time-series data. Convolutional Neural Networks (CNNs), recurrent architectures
such as Long Short-Term Memory (LSTM) networks, and, more recently, attention-based
and Transformer models have consequently been investigated for transformer fault diagno-
sis, condition assessment, and prognostic applications [26,116].

CNNs have been particularly attractive for diagnostic data that can be represented
as structured signals, images, or two-dimensional patterns. In PD diagnostics, CNNs can
extract discriminative features directly from Phase-Resolved Partial Discharge (PRPD)
patterns or time-frequency representations, reducing dependence on manually selected sta-
tistical descriptors [117,118]. Similar approaches have been investigated for FRA signatures,
where convolutional architectures can identify local patterns and frequency-dependent
characteristics associated with abnormal winding conditions [119]. Although high classifica-
tion performance has frequently been reported, results obtained from controlled laboratory
datasets should be distinguished from demonstrated robustness under field conditions,
where noise, sensor variability, operating conditions, and previously unseen defect patterns
may substantially alter the input distribution.

Temporal DL architectures provide an additional capability by explicitly exploiting
the evolution of transformer condition over time. LSTM and related recurrent networks
have been applied to sequential DGA measurements, and other time-dependent monitor-
ing variables for fault evolution assessment and prognostic applications [120,121]. This
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represents an important conceptual progression beyond static fault classification because
degradation is inherently dynamic. However, the usefulness of temporal models depends
on the availability of sufficiently long, consistently sampled, and representative condition
histories—requirements that are often difficult to satisfy for power transformers because
severe faults are relatively rare and monitoring practices vary among utilities and assets.

More recently, attention mechanisms and Transformer-based architectures have at-
tracted increasing interest because of their ability to capture long-range dependencies
within complex sequential monitoring data and to assign different weights to diagnostically
relevant portions of the input history [122–124]. Such architectures may be particularly
promising for integrating heterogeneous monitoring streams, including dissolved gases,
temperatures, loading conditions, environmental variables, and other sensor measurements.
Nevertheless, their generally larger data and computational requirements raise questions
regarding their suitability when labelled transformer fault and degradation datasets remain
limited. Furthermore, attention weights should not automatically be interpreted as physical
explanations of transformer behavior.

Hybrid DL architectures have also been proposed by combining convolutional, re-
current, attention-based, or conventional ML components. These combinations seek to
exploit complementary capabilities—for example, CNNs for local feature extraction and
LSTMs or Transformers for temporal dependencies. More broadly, hybrid approaches
can incorporate diagnostic knowledge, signal-processing techniques, or physics-based
models into the learning framework. This direction is particularly relevant for transformer
applications, where purely data-driven models may otherwise learn statistical correlations
without respecting known physical constraints or degradation mechanisms [116,124,125].

Transfer learning and domain-adaptation approaches offer a potential means of ad-
dressing data scarcity by transferring knowledge acquired from one dataset, transformer
population, or operating domain to another. This is particularly attractive when large
simulated or laboratory datasets are available but labelled field data remain scarce. How-
ever, differences between source and target domains may lead to negative transfer if the
learned representations are not physically or statistically transferable. Demonstrating
robust cross-transformer and cross-domain generalization therefore remains an important
research requirement [126,127].

Despite their powerful representation-learning capabilities, DL models introduce
important challenges. Their performance is strongly dependent on dataset size, quality,
class balance, and representativeness, while their large number of trainable parameters can
increase the risk of overfitting when only limited fault examples are available. Computa-
tional requirements, model transparency, uncertainty quantification, and transferability
across transformer designs and operating environments also remain significant concerns.
Consequently, the principal value of DL for transformer diagnostics should not be assessed
solely through classification accuracy, but also through robustness to distribution shifts,
external validation, interpretability, and the ability to support reliable decisions under
realistic operating conditions.

4.5. Hybrid and Physics-Informed AI for Transformer Diagnostics

Despite the increasing predictive capabilities of machine-learning and deep-learning
models, purely data-driven approaches remain constrained by the availability, quality, and
representativeness of transformer condition data. This limitation is particularly important
for power transformers, for which severe failure events are relatively rare, labelled field
datasets are often limited, and operating conditions vary considerably among assets. Hy-
brid and physics-informed AI approaches have therefore emerged as a promising direction
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for combining the pattern-recognition capabilities of data-driven models with established
diagnostic knowledge and physical understanding of transformer behavior.

Hybrid diagnostic approaches can operate at several levels. At the diagnostic-
knowledge level, empirical rules and established interpretation methods can be combined
with machine-learning classifiers rather than being entirely replaced by them. For example,
information derived from conventional DGA methods can be incorporated into feature
construction, hierarchical decision structures, or ensemble frameworks. Recent studies
indicate that AI alone does not necessarily guarantee greater diagnostic reliability than
established DGA methods; however, combining domain-specific diagnostic knowledge
with optimized machine-learning models can improve classification consistency and ro-
bustness [128,129]. This suggests that conventional diagnostic knowledge and AI should
increasingly be regarded as complementary rather than competing approaches.

A second form of hybridization involves combining data-driven models with physics-
based representations of transformer behaviour. Thermal models, dielectric-response
models, ageing laws, electromagnetic models, and other physically derived relationships
can provide constraints, features, intermediate variables, or reference states for AI algo-
rithms. Conversely, machine-learning models can be used to estimate difficult-to-measure
parameters, correct model discrepancies, or learn residual behaviour that is not adequately
represented by simplified physical models. Such physics–data integration can reduce the so-
lution space available to the learning algorithm and potentially improve model plausibility
and generalization when training data are limited [125,130].

Physics-informed machine learning extends this concept by embedding physical
knowledge more directly into the learning process. Physical relationships may be intro-
duced through constrained loss functions, model architecture, boundary or initial condi-
tions, conservation principles, or physically meaningful latent variables. In transformer
applications, potential examples include enforcing thermal relationships between loading,
losses, ambient temperature, top-oil temperature, and winding hot-spot temperature; in-
corporating cellulose ageing kinetics into lifetime prediction; or constraining diagnostic
outputs using known relationships among fault mechanisms and measured condition
indicators. However, the term “physics-informed” should be used cautiously: the inclusion
of physically meaningful input variables or post-processing rules alone does not necessarily
constitute genuine physics-informed learning.

Hybrid approaches also provide an opportunity to address uncertainty more system-
atically. Measurement uncertainty, model-parameter uncertainty, incomplete observations,
and uncertainty associated with data-driven predictions can potentially be propagated
through probabilistic or Bayesian frameworks to provide confidence intervals or risk-based
outputs rather than deterministic fault labels alone. This is particularly important for
high-consequence asset-management decisions, where the confidence associated with a
diagnosis or prognosis may be as relevant as the predicted condition itself [131–133].

Nevertheless, incorporating physics does not automatically guarantee superior per-
formance. Physical models themselves contain assumptions, simplifications, uncertain
parameters, and restricted applicability domains, and incorrectly specified constraints may
bias rather than improve a learning model. Rigorous validation is therefore required to
determine whether hybrid or physics-informed approaches provide genuine improvements
in generalization, robustness, interpretability, and uncertainty management relative to
purely data-driven alternatives. Ultimately, their principal potential lies in enabling diag-
nostic models that are not only accurate but also physically consistent and dynamically
updateable—characteristics that are fundamental to the development of trustworthy Digital
Twins for power transformers.
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The AI approaches discussed above differ substantially in their data requirements,
learning capabilities, interpretability, and suitability for different transformer diagnostic
tasks. Table 5 provides a comparative assessment of the principal approaches, highlighting
their main strengths, typical applications, and key limitations. Rather than identifying a
universally superior algorithm, the comparison emphasizes that model selection should
depend on the diagnostic objective, available data, required level of interpretability, and
intended deployment conditions.

Table 5. Comparative assessment of major AI approaches for Power Transformer Diagnostics.

Approach Principle Main Strengths Typical Transformer
Applications Key Limitations

Artificial Neural
Network (ANN)

Learns nonlinear
relationships
between input and
output through
interconnected
neurons

Models complex
nonlinear
relationships; flexible
for classification and
regression

DGA fault
classification; FRA
interpretation; PD
classification;
DP/ageing
estimation

Architecture and
hyperparameter
dependence; limited
interpretability;
overfitting and data
representativeness

Support Vector
Machine (SVM)

Constructs optimal
decision boundaries
by maximizing class
separation margins

Effective with
relatively small and
high-dimensional
datasets; nonlinear
classification through
kernels

DGA; PD
classification;
FRA-based fault
identification

Sensitive to feature
selection, kernel and
hyperparameters;
scalability; limited
probabilis-
tic/physical
interpretation

Random Forest (RF)

Ensemble learning
using multiple
decision trees with
majority voting

Robust ensemble
learning; handles
heterogeneous
variables; provides
feature-importance
measures

DGA; PD;
multiparametric
health assessment;
data fusion

Dataset-dependent
feature importance;
class imbalance;
limited extrapolation
beyond training
domain

Deep Learning
(CNN/LSTM/
Transformer)

Hierarchical feature
extraction using
multiple hidden
layers

Automatic feature
extraction, handles
signals, images and
temporal sequences;
captures complex
dependencies

PRPD/PD signals;
FRA; sequential
DGA; thermal and
multivariate
monitoring data

Large data
requirements;
computational cost;
limited transparency;
overfitting and
domain-shift
sensitivity

Hybrid/physics-
informed AI

Combines
domain/physical
knowledge with
data-driven learning;
potential for
improved physical
consistency and
generalization

Hybrid DGA;
thermal/ageing
modelling;
prognostics;
multi-source
condition
assessment; Digital
Twin applications

Requires reliable
physical
knowledge/models;
implementation
complexity;
uncertain
parameters; limited
standardized
validation

4.6. Current Limitations of AI-Based Transformer Diagnostics

Despite the considerable progress achieved in AI-based transformer diagnostics, the
transition from promising research results to reliable field deployment remains challeng-
ing [41,134]. Many reported models achieve high diagnostic performance under specific
experimental or database conditions; however, such results do not necessarily demonstrate
robustness across transformer populations, operating environments, measurement systems,
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and previously unseen fault conditions [134]. The principal limitations are therefore increas-
ingly related not only to model architecture, but also to data representativeness, validation
methodology, interpretability, uncertainty, and lifecycle management of deployed models.

Data availability and quality remain fundamental challenges. Power transformer
failures are relatively rare, and utilities generally possess far more data representing normal
operation than confirmed fault conditions [24,135]. Available datasets may consequently be
small, imbalanced, incomplete, or heterogeneous, while diagnostic labels can themselves
contain uncertainty because they are often derived from expert interpretation or conven-
tional diagnostic criteria rather than confirmed internal inspection [24,124,136]. Missing
measurements and inconsistencies in monitoring data can further complicate the construc-
tion of reliable datasets, motivating the development of dedicated data-reconstruction and
imputation approaches [137,138]. Moreover, models trained on labels generated by empiri-
cal diagnostic methods may reproduce the assumptions and limitations of those methods
rather than independently learn the underlying physical fault mechanisms [139]. Class
imbalance and shortage of representative field-fault data are well-recognized limitations in
AI-based transformer diagnostics.

Generalization represents a second major concern. Transformer design, age, insulation
system, loading history, cooling configuration, sensor technology, environmental condi-
tions, and maintenance practices vary substantially among assets and utilities. A model
developed using data from a particular laboratory setup, transformer population, or public
database may therefore experience a significant performance reduction when transferred
to another domain [126,127]. Reported accuracies across published studies should conse-
quently not be directly compared unless common datasets, fault classes, preprocessing
procedures, and validation protocols are employed [41,134]. Rigorous evaluation should
increasingly include independent test sets, validation across different transformer popula-
tions or operating domains, and, where possible, external datasets that are not involved
in model training or parameter selection [24,127,140,141]. Recent critical assessments par-
ticularly emphasize distribution-aware validation and cross-fleet robustness rather than
accuracy on a single dataset [134].

Interpretability and explainability are particularly important when AI outputs support
high-consequence maintenance and operational decisions [142–144]. Although techniques
such as feature-importance analysis, SHAP-based explanations, attention mechanisms, and
other explainable-AI approaches can provide insight into model behavior [142–144], these
explanations primarily describe how a model uses its inputs and should not automatically
be interpreted as evidence of physical causation. Diagnostic decisions should therefore
remain consistent with established transformer knowledge and, where appropriate, be
supported by complementary measurements or physical models [134].

Uncertainty quantification remains insufficiently addressed in much of the AI-based
transformer diagnostic literature [22,134]. Measurement uncertainty can propagate through
data-driven models and affect the stability of learned decision boundaries, while classifi-
cation probabilities produced by an algorithm are not necessarily calibrated measures of
diagnostic confidence [134,145,146]. High classification accuracy therefore provides limited
information on how a model will behave when confronted with noisy, incomplete, out-of-
distribution, or previously unseen conditions. For practical asset management, AI systems
should ideally provide not only a predicted fault or health state but also information on
prediction confidence and applicability domain. The ability to recognize when a model
lacks sufficient evidence to provide a reliable prediction may ultimately be as important as
its ability to correctly classify known fault conditions. Recent reviews similarly identify un-
certainty quantification and out-of-distribution behaviour as key requirements for reliable
transformer PHM [26,134].
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Finally, AI-based diagnostic models cannot necessarily be considered static once de-
ployed. Changes in asset condition, sensors, operating practices, and data distributions can
lead to model or data drift, potentially degrading diagnostic performance over time [26,134].
Continuous performance monitoring, controlled model updating, model traceability, and
appropriate human oversight are therefore required for long-term operational deploy-
ment [26,134,147].

Overall, the principal challenge is no longer simply to demonstrate that AI can classify
transformer faults with high accuracy, but to establish that AI-based diagnostic systems
are transferable, uncertainty-aware, physically credible, explainable, and sufficiently ro-
bust for operational decision-making [42,124,127,134,142]. Addressing these requirements
is essential for progressing from stand-alone AI models toward trustworthy predictive-
maintenance systems and Digital Twins for power transformers.

The limitations discussed above highlight that advanced transformer condition assess-
ment requires more than isolated diagnostic algorithms. A comprehensive framework must
integrate continuously acquired data, physical models, diagnostic knowledge, AI-based
inference, and asset history within a dynamically updated representation of the physical
transformer. This requirement provides the conceptual basis for Digital Twin technology.

5. Digital Twin of Power Transformers
5.1. Fundamental Concepts

Recent reviews have highlighted the growing application of Digital Twin technologies
across different industrial sectors, particularly for condition monitoring and predictive
maintenance [148,149]. A Digital Twin (DT) can be broadly defined as a dynamic digital
representation of a physical asset or system that is continuously or periodically updated
through data exchanged with its physical counterpart [150]. The Digital Twin concept
is generally structured around three main components: the physical entity, its virtual
representation, and the data connection that enables synchronization between them [150].
This dynamic connection is a defining characteristic that distinguishes a Digital Twin from
a conventional static digital model or standalone simulation [151,152].

For power transformers, the physical entity corresponds to the operating transformer,
while the virtual representation may incorporate physics-based models, data-driven models,
diagnostic knowledge, or hybrid combinations thereof. Measurements collected from the
physical transformer are used to update the virtual representation, while model outputs
can support condition assessment, prediction, and maintenance decision-making [153–155].
Conversely, the virtual representation can support diagnostic inference, simulation of
operating scenarios, prediction of future condition, risk assessment, and maintenance
decision-making. The Digital Twin should therefore be viewed not as a single model, but
as an integrated and dynamically updated framework connecting measurements, models,
asset history, and decision-support functions. The overall architecture and main functional
components of a Digital Twin framework for power transformer condition monitoring and
diagnostics are illustrated in Figure 2.

Unlike conventional diagnostic approaches based mainly on periodic measurements
and the separate interpretation of condition indicators, Digital Twins provide a framework
for integrating heterogeneous and time-varying information within a continuously evolving
representation of transformer condition. Such information may include DGA, moisture
and physicochemical indicators, dielectric-response measurements, PD activity, thermal
and loading data, environmental conditions, and historical maintenance records [28,156].
Their integration with physical and data-driven models can support condition assessment,
anomaly detection, scenario simulation, prognostics, and predictive maintenance.
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However, a distinction should be made between a Digital Model, a Digital Shadow, and
a Digital Twin. A Digital Model generally operates without automated data exchange with
the physical asset, whereas a Digital Shadow incorporates automated data transfer from the
physical system to its digital representation. A Digital Twin extends this concept through
dynamic synchronization between the physical and virtual environments, potentially
enabling model outputs to support operational or asset-management decisions [28,151,152].
This distinction is particularly important in the transformer literature, where advanced
monitoring or simulation platforms are sometimes described as Digital Twins despite
providing only partial synchronization with the physical asset.

Figure 2. Conceptual architecture of a Digital Twin framework for power transformer condition
monitoring and diagnostics.

Accordingly, the development of a transformer Digital Twin requires not only data
acquisition and connectivity, but also appropriate models capable of representing and
continuously updating the relevant physical and degradation processes of the asset.

5.2. Modelling Approaches for Power Transformer Digital Twins

The virtual representation constitutes a central component of a power transformer
Digital Twin and may be constructed using physics-based, data-driven, or hybrid modelling
approaches. The choice of modelling strategy depends on the intended application, avail-
able measurements, required spatial and temporal resolution, computational constraints,
and the physical processes to be represented. For transformer condition monitoring, par-
ticular attention has been devoted to thermal and ageing models because temperature
strongly influences insulation degradation and transformer lifetime. More recently, physics-
informed and hybrid modelling approaches have been investigated to combine physical
knowledge with continuously acquired operational data. The principal approaches relevant
to transformer Digital Twins are discussed below.

5.2.1. Thermo-Electrical Coupling Models

Thermo-electrical modelling represents one of the most mature physics-based compo-
nents of Digital Twin frameworks for power transformers because it establishes a direct
relationship between electrical loading, cooling conditions, temperature distribution, and
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insulation ageing, as illustrated in Figure 3 [28,154,155]. Transformer insulation ageing
is strongly influenced by temperature, particularly the winding hot-spot temperature,
which affects the degradation rate of cellulose insulation according to Arrhenius-type
relationships [58]. Thermo-electrical models generally use operating variables such as
load current, ambient temperature, and cooling conditions to estimate the thermal state
of the transformer. When continuously updated with operational measurements, such
models can provide estimates of internal thermal states that are difficult or impractical to
measure directly and can support thermal-stress assessment, insulation-ageing estimation,
dynamic loading studies, and loss-of-life evaluation [58,154,157–159]. Novkovic et al. [160]
developed a physics-based Dynamic Thermal–Hydraulic Network Model (DTHNM) for
liquid-immersed power transformers to estimate temperature distributions within the
transformer active part under dynamic loading conditions. Compared with simplified ther-
mal models primarily focused on top-oil and winding hot-spot temperatures, the DTHNM
provides a more detailed representation of heat transfer and oil-flow phenomena while
maintaining a computational structure suitable for dynamic simulations. More recently,
Radakovic et al. [161] developed a Dynamic Thermal Digital Twin of a liquid-immersed
power transformer by combining detailed thermal-hydraulic modelling with operating
data. The model represents distributed heat transfer, oil circulation, cooling-system opera-
tion, and temperature evolution under varying loading conditions. Its validation against
transformer measurements showed improved temperature prediction compared with the
conventional thermal models considered in the study [161]. These developments illus-
trate the progression from conventional thermal calculation toward dynamically updated
thermal representations of the physical transformer. However, increasing model fidelity
generally comes at the cost of greater parameterization, computational requirements, and
dependence on detailed transformer design information. The appropriate level of model
complexity should therefore be determined by the intended Digital Twin function: a de-
tailed thermal-hydraulic representation may be valuable for internal temperature-field
estimation, whereas reduced-order models may be more appropriate for real-time fleet-level
monitoring and decision support [161,162].

Figure 3. Conceptual workflow for thermo-electrical model within a power transformer Digital Twin.
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5.2.2. Physics-Informed Neural Networks (PINNs)

Physics-Informed Neural Networks (PINNs) have emerged as an important approach
in scientific machine learning by incorporating physical laws into the training of neu-
ral networks [163–167]. Unlike purely data-driven neural networks, PINNs can include
governing equations, initial and boundary conditions, and other physical constraints in
the learning process [165,166]. This allows observational data and physical knowledge
to be used within the same modelling framework and can be particularly useful when
measurement data are limited. These characteristics make PINNs relevant to Digital Twin
applications, where models must remain consistent with the physical behaviour of the
system while being updated from operational data [150,161]. For power transformers, the
physical relationships incorporated into such models may describe thermal behaviour, fluid
flow, electromagnetic phenomena, or insulation ageing.

Bragone et al. [167] investigated PINNs for thermal modelling of power transformers
by incorporating heat-transfer equations and physical boundary conditions into the neural-
network training process. Using operating measurements from power transformers, the
model was used to estimate transformer temperatures, with predictions compared with
results obtained using the Finite Volume Method (FVM). Bragone et al. [168] subsequently
applied a physics-informed approach to transformer insulation ageing by incorporating
an Arrhenius-based degradation model into the learning process. The framework was
used to estimate ageing-related parameters, including the Degree of Polymerization (DP),
activation energy, and factors associated with insulation condition.

Tang et al. [130] developed a PINN-based approach for reconstructing the internal
temperature field of oil-immersed transformers. Heat-transfer equations together with
initial and boundary conditions were incorporated into the model, allowing temperature
distributions to be estimated from limited measurement information. The authors reported
better prediction performance than the conventional deep neural network considered in
their study, particularly under limited-data conditions. More recently, a self-adaptive
Physics-Informed Neural Network (SA-PINN) was proposed in [169] for predicting the
Degree of Polymerization of transformer insulation paper. The model incorporated an
insulation degradation relationship into the learning process and was evaluated using
field data from 83 power transformers. The study reported improved prediction perfor-
mance compared with the conventional PINN and machine-learning models considered by
the authors.

These studies demonstrate the potential of PINNs to estimate difficult-to-measure
internal states while maintaining consistency with selected physical relationships. Never-
theless, PINNs should not be assumed to be inherently superior to either physics-based
or data-driven models. Their performance depends on the adequacy of the governing
equations, availability and quality of measurements, specification of boundary and initial
conditions, and appropriate weighting of physics- and data-based terms during training.
Their practical value for Digital Twins therefore requires evaluation not only in terms of
prediction accuracy, but also computational efficiency, robustness under changing operating
conditions, and capability for online model updating [28,130,166].

5.2.3. Hybrid Physics-Based and Data-Driven Models

Hybrid physics-based and data-driven models provide another important pathway
for constructing transformer Digital Twins by combining explicit physical representations
with information learned from operational measurements. Depending on the architecture,
machine learning may be used to estimate uncertain model parameters, compensate for
modelling discrepancies, identify residual behaviour, or extract condition information from
sensor data, while physical models provide constraints and prior knowledge of transformer
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behaviour [170]. The respective contributions of physics and data can therefore be adapted
to the available measurements, model complexity, and intended Digital Twin application.

Applications of such approaches to power transformers are beginning to appear. Duz
et al. [171] developed a transformer monitoring framework combining several diagnos-
tic measurements, including online Frequency Response Analysis (FRA), capacitive tap
monitoring, thermal sensing, and Dissolved Gas Analysis (DGA), with machine-learning
methods for anomaly detection. Random Forest classification was combined with Principal
Component Analysis (PCA) for dimensionality reduction to process the monitoring data.
Beheshti Asl et al. [172] investigated transformer winding deformation using Fiber Bragg
Grating (FBG) measurements together with signal processing, physically derived vibration
indicators, and machine-learning classifiers. Their approach combined CEEMDAN decom-
position and wavelet-based denoising with SVM, Random Forest, and XGBoost models for
fault discrimination and localization.

These studies illustrate the increasing convergence of physical information, heteroge-
neous diagnostic measurements, and data-driven modelling. However, not every hybrid
diagnostic framework constitutes a Digital Twin in itself. To operate as part of a Digital
Twin, the modelling framework must be connected to the physical asset through an updat-
ing mechanism that maintains the relevance of the virtual representation as transformer
condition and operating conditions evolve.

Fully integrated hybrid Digital Twin implementations for power transformers never-
theless remain relatively limited. Important research questions concern model updating
and parameter identification, generalization across transformer populations, computational
requirements, uncertainty propagation, integration with field monitoring infrastructure,
and long-term model validity. Hybrid modelling is therefore best regarded not as a replace-
ment for physics-based or data-driven approaches, but as a framework for exploiting their
complementary strengths within dynamically updated transformer representations.

The modelling approaches discussed above illustrate a broader evolution from iso-
lated condition indicators toward integrated and dynamically updated representations
of transformer condition. Table 6 summarizes this progression by comparing the general
characteristics of conventional diagnostic, AI-based, and Digital Twin-oriented approaches.
The comparison should not be interpreted as a strict hierarchy: Digital Twins build upon
rather than replace conventional diagnostics and AI, integrating these capabilities according
to the monitoring and decision-support objectives of the application.

Table 6. Comparative Analysis of Conventional, AI-Based, and Digital Twin-Based Transformer
Diagnostic Approaches.

Criteria Conventional Methods AI-Based Methods Digital Twin Approach

Principle Rule-based, empirical models Data-driven learning models Integration of physics + AI +
real-time data

Data Type Single source (e.g., DGA, tan
δ) Multi-source but often offline Multi-sensor, real-time, dynamic

Monitoring Type Periodic/offline Semi-online/data-dependent Continuous/real-time

Modeling Capability Limited, static Nonlinear, data-driven Multi-physics + dynamic +
predictive

Fault Detection Early but limited Improved classification Real-time + predictive detection

Prediction Capability Limited Moderate (depending on
model)

Advanced (RUL, scenario
simulation)

Main Advantages Simplicity, standardization High accuracy, automation Holistic, predictive, real-time
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Table 6. Cont.

Criteria Conventional Methods AI-Based Methods Digital Twin Approach

Main Limitations Periodic, isolated data Data dependency, overfitting Complexity, cost, implementation
challenges

Typical Use Routine diagnostics Fault classification Smart asset management, digital
substations

As shown in Table 7, AI-based, physics-informed, and hybrid approaches have yielded
promising results for different transformer diagnostic and monitoring tasks. Their reported
metrics cannot, however, be ranked directly because the studies differ in target variables,
data sources, sample sizes, validation protocols, and evaluation measures. In particular,
results from laboratory or simulated data and internal test partitions do not establish
transferability to other transformer designs or operating fleets. Independent external and
longitudinal field validation, with transparent uncertainty reporting, remains essential
before broader operational claims can be made.

Table 7. Comparison of selected AI-based, physics-informed, hybrid, and thermal digital twin
approaches for power transformer diagnostics.

Study/Approach Application Data Used Validation Reported Results
and Benchmarks

Limitations and
External Validation

Patekar and
Chaudhry
[93]—ANN

Transformer fault
classification using
dissolved gas
analysis (DGA)

150 samples collected
from utilities and
substations

100 samples for
training and 50 for
testing

A multilayer
perceptron was
evaluated alongside
conventional DGA
interpretation
methods. A reliable
overall accuracy
figure could not be
established from the
reported results.

Independent external
validation not
reported; small test
set (50 samples).

Ghunem et al.
[99]—ANN

Estimation of furan
concentration as an
indicator of paper
insulation aging

Oil test results from
40 transformers in
service

Leave-one-out
cross-validation

The authors reported
an average prediction
accuracy of
approximately 90%
using five input
variables.

No separate-fleet
external validation
reported; the
approximately 90%
prediction measure is
not
fault-classification
accuracy.

Souahlia et al.
[103]—SVM

Classification of
transformer faults
from DGA
measurements

175 field samples
135 samples for
training and 40 for
testing

The SVM model,
using Rogers gas
ratios, achieved 85%
classification
accuracy.

No independent
external validation
reported; relatively
small test set
(40 samples).

Benmahamed et al.
[104]—SVM

DGA-based
transformer fault
classification

481 samples drawn
from laboratory
studies and
published datasets

321 samples for
training and 160 for
testing

An SVM optimized
using the bat
algorithm achieved
93.75% classification
accuracy.

No independent
external dataset
reported; separation
of optimization and
final testing requires
clarification.

Radakovic et al.
[161]—Physics-based
thermal digital twin

Prediction of top-oil
and winding hot-spot
temperatures under
changing load
conditions

Operating
measurements from a
66-MVA transformer
and a 60-h
temperature-rise test
on a 370-MVA
transformer

Predictions were
compared with
measured
temperatures and
conventional IEC and
IEEE thermal models.

For the 370-MVA
transformer, the
top-oil mean absolute
percentage error was
3.0%, compared with
5.4–7.1% for the IEC
models and 6.9% for
the IEEE model.

Evaluation on two
transformers, not a
broad external fleet;
detailed design
information is
needed and
sustained online
operation was not
demonstrated.
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Table 7. Cont.

Study/Approach Application Data Used Validation Reported Results
and Benchmarks

Limitations and
External Validation

Bragone et al.
[167]—PINN

Modeling
transformer thermal
behavior and
estimating top-oil
temperature

100 hourly
observations from a
transformer in
service

Top-oil predictions
were checked against
measurements;
internal temperature
estimates were
compared with a
finite-volume model.

The relative L2 error
was 0.0259 for top-oil
temperature and
0.145 for the internal
temperature field.

No independent
external-fleet
validation reported;
internal temperatures
were compared with
numerical rather than
direct measurements,
using a simplified
one-dimensional
model.

Duz et al.
[171]—Hybrid
machine learning

Detecting
transformer
anomalies using
multiple monitoring
signals

A simulated 10-year
dataset informed by
laboratory fault
scenarios

Five-fold stratified
cross-validation for
model tuning,
followed by testing
on held-out data

A model combining
principal component
analysis and random
forests achieved
accuracy, precision,
recall, and F1-scores
of 1.00 on the
simulated test data.

No validation on
independent field
fault events reported;
performance of 1.00
was obtained on
simulated test data.

Beheshti Asl et al.
[172]—Physics–ML
hybrid

Detecting, assessing,
and locating winding
deformation

Laboratory vibration
measurements
collected using fiber
Bragg grating
sensors; 5580
reported samples

Leave-one-level-out
cross-validation

Reported
classification
accuracy ranged
from 94.8% to 97.9%
for SVM-RBF and
from 99.6% to 100%
for XGBoost.

No independent
field-transformer
validation reported;
results are limited to
laboratory
conditions.

6. Open Challenges
Despite rapid progress in sensing, AI, physics-based modelling, and Digital Twin

technologies, their large-scale deployment for power transformer condition assessment
remains constrained by several scientific, technological, and organizational challenges.
Beyond achieving high diagnostic accuracy, practical implementations must operate reliably
across heterogeneous transformer populations, integrate data and models from different
sources, provide transparent and uncertainty-aware outputs, and satisfy interoperability
and cybersecurity requirements. The principal challenges that must be addressed to enable
trustworthy and scalable deployment are discussed below.

6.1. Limited Availability and Representativeness of Field Data

The development and validation of AI-based diagnostic systems and Digital Twins
for power transformers depends strongly on the availability of representative field
data [173–175]. However, access to operational transformer datasets remains limited be-
cause of confidentiality requirements, cybersecurity concerns, and the strategic value of
equipment-related information for utilities and grid operators [30]. Consequently, many
studies rely on laboratory measurements, simulated data, or datasets collected from a
limited number of transformers, which may not fully represent the diversity of operating
conditions encountered in the field [173–175].

A particular difficulty concerns data associated with rare and severe transformer faults.
Because such events occur infrequently, relatively few representative examples are available
for model development and validation [174,175]. Transformer datasets are therefore often
dominated by normal operating conditions, resulting in class imbalance between normal
and fault-related observations [175,176]. Under these conditions, high overall classification
accuracy may coexist with poor detection of rare but operationally critical conditions. More-
over, diagnostic labels may themselves be uncertain when they originate from conventional
interpretation methods rather than confirmed failure investigations.
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Data availability is also important for the development and validation of Digital Twins.
Their implementation requires information describing the transformer under different
operating and environmental conditions, together with historical diagnostic and mainte-
nance records [28,173]. Incomplete or fragmented information can limit model calibration,
validation, and updating throughout transformer operation [30,173]. Wider access to rep-
resentative industrial datasets will therefore require greater cooperation among utilities,
transformer manufacturers, research institutions, and other stakeholders, together with
secure mechanisms for data sharing and governance [30,175].

Several approaches have been investigated to reduce the impact of limited training
data, including data augmentation and transfer learning [174,175]. However, these ap-
proaches do not eliminate the need for representative field measurements and appropriate
validation under actual transformer operating conditions.

Improving the availability, diversity, and quality of transformer field data therefore
remains an important requirement for the development of AI-based diagnostic systems
and Digital Twins that can be evaluated under representative operating conditions.

6.2. Need for Standardization and Interoperability Frameworks

The increasing integration of AI and Digital Twin technologies creates a need for
standardized frameworks covering data structures, semantic interoperability, communi-
cation interfaces, model validation, and performance evaluation [28,30,173]. Although
international standards are well established for several conventional transformer diagnostic
techniques, including Dissolved Gas Analysis (DGA), there is currently no widely adopted
framework specifically covering the design, validation, interoperability, and deployment
of AI-enabled Digital Twins for power transformers [28,30]. For AI models, the absence
of common benchmark datasets and validation protocols additionally limits meaningful
comparison among reported approaches.

Recent initiatives provide useful foundations. The Asset Administration Shell (AAS),
for example, provides a standardized digital representation of industrial assets and sup-
ports structured information exchange and semantic interoperability [177]. However,
generic industrial frameworks must still be mapped to transformer-specific asset informa-
tion, diagnostic measurements, models, and lifecycle requirements before interoperable
transformer DT implementations can be achieved.

Future standardization efforts should therefore address not only communication and
data exchange, but also model provenance, versioning, uncertainty representation, valida-
tion criteria, and interfaces among sensing, physical modelling, AI, and asset-management
systems. Such developments will be essential if Digital Twins are to evolve from customized
research implementations toward scalable industrial solutions.

6.3. Cybersecurity and Data Integrity

The increasing connectivity required by AI-enabled monitoring and Digital Twins
expands the cyber–physical attack surface of transformer monitoring systems. Machine-
learning models can be exposed to adversarial attacks, including data poisoning and
adversarial manipulation, in which training data or model inputs are intentionally modified
to influence model outputs [178,179]. Such attacks may affect fault classification, condition
assessment, and subsequent maintenance decisions, thereby reducing the reliability of
AI-assisted transformer monitoring systems.

Digital Twins introduce additional cybersecurity concerns because their operation
depends on data exchange between the physical transformer, sensing and communica-
tion systems, and its virtual representation. Their reliability therefore depends on the
confidentiality, integrity, and availability of sensor measurements, communication chan-
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nels, stored data, and computational models. Compromise of these components may
affect data synchronization and the reliability of the information generated by the Digital
Twin [30,173].

Cybersecurity should therefore be considered from the design stage of Digital Twin
architectures for power transformers. Industrial frameworks such as the Asset Adminis-
tration Shell (AAS) support structured and interoperable information exchange between
digital representations of industrial assets [180,181]. In parallel, the NIST Cybersecurity
Framework (CSF 2.0) [33] provides a general framework for managing cybersecurity risks,
while IEC 62351 [182] addresses security for communication protocols used in power-
system management and information exchange. These complementary frameworks and
standards can provide useful foundations for incorporating cybersecurity requirements
into transformer Digital Twin architectures.

Future transformer DT architectures will therefore require secure communication,
access control, authentication, data-integrity verification, resilient model updating, and
mechanisms for detecting anomalous or compromised data streams [183].

6.4. Explainability, Uncertainty, and Trustworthy Artificial Intelligence (XAI)

The increasing use of Artificial Intelligence (AI) models for power transformer diag-
nostics raises an important challenge related to model interpretability. Although machine-
learning and deep-learning techniques have been successfully applied to fault classification,
condition assessment, and Remaining Useful Life (RUL) prediction, many advanced mod-
els operate as black boxes, making their predictions difficult to interpret [31,184–187]. This
limitation can hinder their acceptance in monitoring and decision-support applications
where diagnostic results may influence maintenance and operational decisions.

Predictive performance alone is therefore not sufficient for the practical deployment
of AI-based transformer diagnostic systems. Transparency, interpretability, robustness,
and reliability are also important when AI outputs are used to support operational deci-
sions [184–187].

Explainable Artificial Intelligence (XAI) provides methods for examining the factors
that influence AI model predictions [184,188]. Techniques such as SHAP, LIME, feature-
importance methods, attention mechanisms, and Grad-CAM can provide different forms
of information about model behaviour and the contribution of input variables to diagnostic
outputs [184–188]. Figure 4 illustrates the integration of XAI methods into an AI-enabled
Digital Twin framework for power transformer condition monitoring and decision support.

As illustrated in Figure 4, multi-source transformer data, including DGA, FRA, Partial
Discharge (PD), temperature, and load measurements, can be processed by AI models to
produce outputs such as fault classification, condition assessment, and RUL estimation.
XAI methods can then provide information about the factors contributing to these pre-
dictions. However, explaining a model prediction is not equivalent to demonstrating the
physical cause of the diagnosed condition. Feature importance, SHAP values, or attention
weights describe relationships within a model and should therefore be interpreted together
with engineering knowledge and complementary diagnostic evidence. Despite recent
progress, important limitations remain. Different XAI methods may provide different
explanations for the same prediction, and their fidelity, stability, robustness, and practical
relevance require careful evaluation [184–187]. Similarly, uncertainty estimates require
appropriate calibration and validation before they can support risk-based maintenance
decisions. Future research should therefore move beyond explainable AI alone toward
trustworthy AI frameworks combining transparency, uncertainty awareness, physical
consistency, robustness, and human oversight.
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Figure 4. Conceptual integration of Explainable Artificial Intelligence and uncertainty assessment
within an AI-enabled Digital Twin framework for power transformer condition monitoring and
decision support.

7. Future Outlook: Toward 2040
Looking toward 2040, power transformer diagnostics may undergo a more funda-

mental transition from predominantly separate condition-assessment techniques toward
integrated, predictive, and risk-informed asset-management frameworks. This evolu-
tion is expected to be driven not by any single technology, but by the convergence of
advanced sensing, multi-source data integration, Artificial Intelligence (AI), physics-based
modelling, Digital Twins, cloud and edge computing, and secure communication infras-
tructures [26,30,124,189,190]. While many of these technologies are already emerging, the
coming decade will determine whether they can progress from specialized and proof-of-
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concept implementations toward scalable, interoperable, and trustworthy solutions for
transformer monitoring and asset management.

A major development is expected to be the transition from periodic condition assess-
ment toward event-driven, and multi-source monitoring. Future monitoring systems could
increasingly combine multi-source data, including electrical, dielectric, thermal, chemical,
environmental, and operational information, to provide a more comprehensive representa-
tion of transformer condition. Such integration could support earlier fault detection and
improve the information available for condition assessment and Remaining Useful Life
(RUL) estimation [30,124,191]. Rather than interpreting DGA, PD, FRA, dielectric response,
thermal measurements, and other indicators independently, their complementary informa-
tion could be jointly exploited to identify evolving degradation patterns. This transition
could progressively shift the diagnostic objective from detecting isolated abnormalities
toward tracking condition trajectories and identifying changes before they develop into
critical states.

A second important transition is expected from diagnosis toward prognosis and risk-
informed decision support. Much of the current AI literature remains focused on fault
classification, whereas future asset-management applications will increasingly require
information on degradation rate, fault evolution, Remaining Useful Life (RUL), and the
consequences of continued operation. Diagnostic systems should therefore progress beyond
deterministic fault or condition labels toward time-dependent predictions accompanied
by uncertainty estimates and explicit applicability domains. Achieving this objective will
require longitudinal field datasets, rigorous temporal and cross-transformer validation,
and models capable of distinguishing genuine degradation from variations associated with
loading, temperature, environment, and normal operation [26,30,124,134].

AI is also expected to become increasingly integrated with physics-based modelling.
Rather than relying exclusively on purely data-driven approaches, future diagnostic sys-
tems could combine operational data with physical knowledge of transformer behaviour.
Physics-informed approaches, including Physics-Informed Neural Networks (PINNs), pro-
vide one possible framework for this integration by incorporating physical constraints into
the learning process [130,166–169]. Hybrid physics–data approaches may be particularly
valuable where field data are scarce but relevant physical relationships are available. Their
future value, however, should be demonstrated through improved generalization, physical
consistency, robustness, and uncertainty management under representative field conditions
rather than solely through higher prediction accuracy on individual datasets.

Digital Twins could provide an integrating framework for these developments by
combining field measurements, asset historical information, physics-based models, and
diagnostic knowledge, and AI-based predictions within dynamically updated virtual rep-
resentations. Toward 2040, transformer Digital Twins could progressively evolve from
monitoring and state-estimation platforms toward predictive and scenario-based decision-
support systems capable of evaluating “what-if” operating and maintenance strategies.
Potential applications include dynamic loading assessment, ageing and loss-of-life esti-
mation, maintenance planning, risk evaluation, and assessment of alternative operating
scenarios [28]. Realizing these capabilities will require advances in model updating, ex-
plainability, uncertainty quantification, robustness, cybersecurity, interoperability, and
model lifecycle management [28,124,183,185,187].

The practical use of these technologies will also depend on transformer size, operating
environment, and asset criticality. Large power transformers in generating stations and
transmission networks may justify extensive online monitoring and more detailed Digital
Twin models because their failure can have significant operational and economic conse-
quences [7,9]. In transmission and distribution substations, the balance between periodic
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testing and continuous monitoring will depend on the importance of each transformer,
the available infrastructure, and maintenance priorities. Distribution transformers present
a different challenge: their large numbers and lower individual economic value often
make simpler monitoring solutions and fleet-level analysis more practical than detailed
Digital Twins for every unit [30]. These differences highlight the need to tailor diagnostic
strategies and Digital Twin architectures to the operating conditions, available data, and
maintenance priorities of each application rather than adopting a single approach for all
transformers [28].

Beyond individual assets, a longer-term opportunity lies in the development of fleet-
level digital frameworks capable of exploiting information from populations of transform-
ers while accounting for differences in design, age, insulation system, operating history, and
environmental conditions [26,30,127]. Such frameworks could support fleet benchmarking,
risk ranking, maintenance prioritization, and knowledge transfer between comparable as-
sets. Transfer learning, domain adaptation, and potentially federated-learning approaches
could contribute to this evolution by enabling knowledge acquired from different trans-
former populations or utilities to be exploited while addressing limitations associated
with data scarcity, ownership, and confidentiality [126,127,192]. Nevertheless, demonstrat-
ing reliable transferability across heterogeneous transformer populations will remain a
major prerequisite.

Human expertise is also expected to remain an essential component of this evolution.
Rather than replacing transformer experts, future AI and Digital Twin systems are more
likely to augment engineering decision-making by integrating large volumes of heteroge-
neous information, identifying patterns that warrant attention, quantifying uncertainty, and
evaluating alternative scenarios. For high-consequence decisions, human-in-the-loop frame-
works could provide an appropriate balance between automated analysis and engineering
judgement [28,147,185]. This will require AI outputs to be transparent, traceable, physically
credible, and presented in forms that support rather than obscure expert assessment.

Finally, the digital transformation of transformer monitoring could contribute to
broader objectives related to power-system reliability, resilience, resource efficiency and
sustainability. Improved condition assessment and predictive maintenance may help
extend equipment service life, reduce unplanned outages, and improve the utilization
of existing infrastructure [26,30,192]. These benefits will become increasingly relevant as
power networks accommodate greater electrification and low-carbon generation toward
the broader 2050 energy-transition horizon.

Looking beyond power transformers, similar approaches could also support the de-
velopment of Digital Twins for synchronous generators. Combining physics-based models
with operating data could improve condition monitoring and help detect developing faults
in these machines. However, synchronous generators have their own degradation mecha-
nisms, including stator insulation deterioration, rotor faults, and thermal and mechanical
stresses. Extending transformer-oriented approaches to generators would therefore require
dedicated models, suitable diagnostic indicators, and validation using operational data
from synchronous generators [29,162].

Accordingly, the pathway toward 2040 can be viewed as a progression from periodic
measurements to continuous and event-driven monitoring, from isolated diagnostic indica-
tors to multi-source data fusion, from fault classification to uncertainty-aware prognosis,
from purely data-driven AI to hybrid physics–data intelligence, and from stand-alone
diagnostic algorithms to dynamically updated Digital Twins supporting asset- and fleet-
level decisions.
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8. Conclusions
This review has provided a critical analysis of the major approaches to power

transformer condition monitoring and diagnostics, ranging from conventional diagnos-
tic techniques to recent developments based on Artificial Intelligence (AI) and Digital
Twin technologies.

Conventional diagnostic techniques remain essential because of their maturity, stan-
dardization, and widespread industrial use. However, no individual technique provides
a complete representation of transformer condition, and periodic or independently inter-
preted measurements provide limited capability for tracking degradation trajectories and
anticipating their future evolution. The challenge is therefore shifting from the acquisition
of additional diagnostic indicators toward their effective integration, contextualization, and
interpretation over time.

AI provides powerful capabilities for identifying nonlinear relationships, automating
diagnostic interpretation, integrating heterogeneous information, and supporting condi-
tion assessment and prognosis. However, high predictive accuracy alone is insufficient
to demonstrate operational reliability. Data representativeness, class imbalance, cross-
transformer and cross-fleet generalization, uncertainty quantification, interpretability, and
rigorous external validation remain critical requirements. Moreover, purely data-driven
models should not be assumed to outperform established diagnostic knowledge, particu-
larly when training labels themselves originate from empirical diagnostic criteria. Hybrid
and physics-informed approaches therefore provide a promising pathway for combining
the complementary strengths of physical knowledge and data-driven learning.

Digital Twins provide a broader framework within which these developments can con-
verge by linking the physical transformer with dynamically updated digital representations
incorporating monitoring data, asset history, physical models, and data-driven inference.
Nevertheless, advanced monitoring or AI-enabled simulation should not automatically be
considered a Digital Twin; dynamic updating and synchronization with the physical asset
remain defining requirements. Wider industrial deployment will depend on representative
field validation, model updating and lifecycle management, interoperability, cybersecurity,
explainability, and explicit treatment of uncertainty.

Overall, the future of transformer diagnostics lies not in replacing conventional tech-
niques with AI, but in progressively integrating established diagnostics, multi-source
monitoring, physical modelling, and trustworthy AI into dynamically updated decision-
support frameworks. Toward 2040, this convergence could support a transition from
periodic condition assessment to continuous and event-driven monitoring, from isolated
fault diagnosis to uncertainty-aware prognosis, and ultimately from stand-alone diagnostic
tools to Digital Twin-enabled asset and fleet management.
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