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Abstract

Early identification of transformer insulation defects during IEC 60270 induced-voltage
acceptance testing could enable high-risk units to be prioritized before the guaranteed test
voltage is reached. This study investigated whether early-ramp partial discharge charac-
teristics could predict the partial discharge inception voltage (PDIV) and support defect-
risk ranking. An HPWOA-optimized dual-output feedforward neural network (HPWOA.-
DO-FNN) was developed and compared with Linear Regression, Random Forest (RF) Re-
gressor, Gradient Boosting Machine (GBM) Regressor, Logistic Regression Classifier, and
RF Classifier. Ten features were extracted from 120 s sliding windows applied to the first
50% of IEC 60270 test records. The dataset comprised 1705 windows from 39 source files
representing 18 power transformers tested in South Africa between 2019 and 2021. Five-
fold file-level GroupKFold cross-validation prevented leakage between windows from the
same test file. Uncertainty was estimated using 1000-replicate group-level bootstrap con-
fidence intervals. Performance was evaluated using R?, RMSE, area under the receiver op-
erating characteristic curve (AUC), F1 score, and top-quartile risk capture. All models
demonstrated near-zero or negative coefficients of determination (R?) for absolute PDIV
prediction (best result: GBM-Regressor PDIVRatio R? = 0.097, 95% bootstrap CI [-0.237,
0.354]), confirming that PDIV cannot be reconstructed from 10 early-ramp features
alone—an expected result given that PDIV is a transformer-level property, while win-
dows sample correlated sub-sequences of a single test session. Despite this, relative defect-
risk ranking remains achievable: the ranking task does not require accurate point predic-
tion. GBM-Regressor achieved the highest PDIVRatio R? (0.097) and lowest RMSE (0.323),
although its confidence interval included zero. For defect discrimination, RF Classifier
achieved an AUC of 0.714 (95% CI, 0.628-0.803) and the highest top-quartile capture
(43.5%), while GBM-Regressor achieved an AUC of 0.712 (95% CI, 0.624-0.801) and an F1
score of 0.603. HPWOA achieved an AUC of 0.527 (95% ClI, 0.389-0.662). Early-ramp fea-
tures are insufficient for accurate transformer-level PDIV prediction but provide useful
relative defect-risk ranking. GBM-Regressor and RF Classifier demonstrated the strongest
discrimination and represent the most promising approaches for early-risk triage in this
small tabular dataset.

Keywords: early risk ranking; IEC 60270; PDIV; transformer insulation diagnostics;
sliding-window augmentation; file-grouped cross-validation; group bootstrap;
GBM-Regressor; RF Classifier; top-quartile capture

Energies 2026, 19, 5233

https://doi.org/10.3390/en19215233


https://doi.org/10.3390/en19215233
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Energies 2026, 19, 5233

2 of 25

1. Introduction

Power transformers are critical components of electrical power systems, and their
reliable operation is essential for maintaining continuity and security of electricity supply
[1-3]. Insulation deterioration is among the principal threats to transformer reliability be-
cause localized defects can initiate partial discharge (PD), progressive insulation degra-
dation, and, ultimately, catastrophic failure [4-7]. Consequently, the early detection and
assessment of insulation defects during transformer acceptance testing are important for
reducing operational risk and preventing the commissioning of defective units. IEC 60270
[8] induced-voltage acceptance testing provides a standardized approach for evaluating
partial discharge activity in high-voltage equipment. In a typical transformer acceptance
test, the applied voltage is progressively increased through prescribed levels before reach-
ing the guaranteed test voltage (GTD), at which the acceptance measurement is per-
formed. Although this procedure provides an established means of assessing insulation
performance, the test process is time-consuming, and continued application of elevated
voltage to a transformer with an emerging insulation defect may contribute to further de-
terioration. An approach capable of identifying potentially defective units during the
early voltage-ramp phase could therefore support targeted monitoring and more in-
formed test decisions before the GTD is reached. Machine-learning methods provide an
opportunity to extract patterns from early-ramp PD measurements and convert them into
quantitative indicators of insulation risk [9-12]. In particular, features describing the dis-
charge magnitude, variability, applied voltage, frequency, and temporal trends may con-
tain information associated with developing insulation defects. Neural-network [13] and
metaheuristic optimization [14,15] approaches have increasingly been investigated for
nonlinear prediction and classification problems, while ensemble tree-based methods can
provide effective learning from relatively small tabular datasets. The Hybrid Particle
Whale Optimization Algorithm (HPWOA) [16,17], which combines Particle Swarm Opti-
mization (PSO) [18,19] and the Whale Optimization Algorithm (WOA) [20,21], provides
an alternative strategy for optimizing neural-network parameters and has previously
been applied to IEC 60270-related prediction tasks. Despite these developments, an im-
portant methodological challenge remains when machine learning is applied to sliding-
window transformer test data [22]. Multiple overlapping windows generated from a sin-
gle test file are not independent observations because they share the same transformer-
level target and may contain temporally related information. Randomly dividing such
windows between training and testing subsets can therefore produce information leakage
and substantially overestimate model generalization [23]. A reliable evaluation frame-
work must instead ensure that all windows originating from a given test session remain
within the same validation partition. Similarly, uncertainty estimates based on individual
windows can underestimate sampling variability because the effective independent sam-
ple size is determined by the number of source test files rather than the total number of
augmented windows.

The present study therefore investigates whether information available during the
first 50% of an IEC 60270 induced-voltage test can support early prediction of PDIV and,
more importantly, early ranking of transformer insulation defect risk. A sliding-window
framework was developed using ten early-ramp features extracted from IEC 60270 test
records. An HPWOA-optimized dual-output feedforward neural network was evaluated
alongside five conventional regression and classification models to establish whether me-
taheuristic neural-network optimization provides an advantage for this task. To obtain
leakage-resistant and statistically appropriate performance estimates, five-fold file-level
GroupKFold cross-validation was combined with group-level bootstrap confidence inter-
vals. In addition to conventional regression and classification metrics, top-quartile risk

https://doi.org/10.3390/en19215233


https://doi.org/10.3390/en19215233

Energies 2026, 19, 5233

3 of 25

capture was used to evaluate whether model-generated risk scores could practically pri-
oritize potentially defective observations.

Related transformer research published in 2025-2026 includes the authors’ investiga-
tions of PD-active frequency response, practical source classification, severity discrimina-
tion, and instantaneous PD regression [24-28], together with recent explainable and mul-
titask transformer PD diagnosis and embedded-monitoring studies [29-31] (Table 1). In
contrast to these tasks, the present study asks whether measurements from the early part
of an acceptance record are informative about the eventual file-level PDIV and risk rank-
ing. It is important to distinguish performance on a withheld recording from performance
on a wholly unseen physical transformer.

This study specifically distinguishes between accurate point prediction of PDIV and
relative ranking of defect risk. This distinction is important because a model may be una-
ble to reconstruct the absolute transformer-level PDIV while still providing useful infor-
mation for prioritizing observations for additional monitoring. By rigorously evaluating
both capabilities under file-grouped validation, this work aims to establish the practical
information limit of early-ramp IEC 60270 measurements and identify the machine-learn-
ing approaches most appropriate for early transformer insulation risk triage. The main
contributions of this study are:

e An early-risk-ranking framework for IEC 60270 transformer acceptance testing that
uses features extracted from the first 50% of the induced-voltage test to identify po-
tentially high-risk insulation conditions before the guaranteed test voltage is reached.

e A systematic distinction between PDIV prediction and defect-risk ranking, demon-
strating that early-ramp features provide insufficient information for accurate trans-
former-level PDIV estimation but can support useful relative prioritization of poten-
tially defective observations.

e A leakage-resistant validation methodology for sliding-window transformer data,
using file-level GroupKFold cross-validation to ensure that windows originating
from the same test file cannot occur simultaneously in training and testing partitions.

e A group-level uncertainty framework based on bootstrap resampling of source test
files, providing confidence intervals that reflect the effective independent sample size
of the dataset rather than the inflated number of overlapping windows.

e A practical risk-prioritization metric based on top-quartile risk capture, demonstrat-
ing that RF Classifier and GBM-Regressor recover substantially more defective ob-
servations within the highest-risk 25% than expected under random ranking.

e A clear distinction from the authors’ related 2025-2026 investigations [24-28]. Those
studies examined PD-sensitive frequency response, source classification, severity
classification, and instantaneous PD-magnitude prediction using complete measure-
ments or different labelled tasks. The present investigation instead restricts the input
to the early portion of acceptance-test records and asks whether later file-level PDIV
and relative defect risk can be inferred. It also identifies the residual dependence be-
tween repeated files from the same physical transformer; accordingly, its file-
grouped results are interpreted as held-out-session, not proven held-out-trans-
former, performance.

2. Theoretical Background
2.1. Partial Discharge and Transformer Insulation Condition

PD is a localized electrical discharge that occurs when the electric-field stress within
or across an insulation system exceeds the local dielectric strength without completely
bridging the insulation between conductors [8,32]. In high-voltage transformer insulation
systems, PD may originate from localized defects such as voids, cracks, delamination,
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contamination, or surface irregularities [33]. Although an individual discharge may in-
volve a relatively small amount of charge, persistent PD activity can contribute to pro-
gressive deterioration of the surrounding dielectric material and may ultimately increase
the probability of insulation failure [4]. The measurement of PD is therefore an important
component of transformer insulation assessment. IEC 60270 provides a standardized
framework for charge-based measurement of PD in high-voltage equipment and estab-
lishes a common basis for the acquisition and interpretation of PD measurements [8]. In
an induced-voltage transformer acceptance test, the applied voltage is progressively in-
creased through prescribed test stages. The resulting PD response provides information
about the electrical behavior of the insulation system as the applied electrical stress in-
creases.

2.2. Partial Discharge Inception Voltage

A central diagnostic quantity in this context is the PDIV, which represents the voltage
at which sustained PD activity becomes detectable according to a specified measurement
criterion [34,35]. PDIV provides information about the voltage stress at which an insula-
tion system begins to exhibit measurable discharge activity. Consequently, a lower PDIV
may indicate that discharge activity becomes established at a comparatively lower electri-
cal stress, whereas a higher PDIV indicates that the specified PD criterion is reached only
at a higher applied voltage. In the present study, PDIV is determined from the voltage-
ramped PD measurements using a predefined PD threshold. The use of a threshold is
necessary because measured PD signals may contain background noise and isolated tran-
sient events that should not automatically be interpreted as sustained insulation dis-
charge. PDIV is fundamentally a transformer-level quantity rather than an independent
property of each individual observation [35]. The manuscript dataset contains multiple
measurements derived from the same source test file, and all observations originating
from a given file consequently share the same PDIV target.

2.3. Normalized PDIV and Relative Insulation Risk

Absolute PDIV values may span a substantial range because the transformers repre-
sented in the dataset belong to different voltage classes and therefore operate at different
guaranteed test voltages. The present study consequently also considers a normalized
PDIV measure, denoted as PDIVRatio, to provide a dimensionless representation of the
position of the observed PDIV relative to the guaranteed test voltage. The distinction be-
tween absolute PDIV prediction and relative risk assessment is important. A model may
have limited ability to reconstruct the exact transformer-level PDIV while still extracting
information that is useful for distinguishing comparatively higher- and lower-risk obser-
vations. This distinction motivates the simultaneous evaluation of continuous PDIV pre-
diction and defect-risk discrimination in the present study.

2.4. Early-Ramp Partial Discharge Characteristics

The objective of early-risk assessment is to determine whether information available
before completion of an induced-voltage test can assist preliminary insulation assessment.
This study uses the first 50% of each recorded test’s elapsed duration as a fixed data-avail-
ability limit, not as a prescribed voltage stage, guaranteed test-voltage fraction, or IEC
acceptance criterion. This distinction is necessary because the transformer-specific ap-
plied-voltage program may include steps and holds, so elapsed time does not map
uniquely onto electrical stress [8,36]. The engineering rationale and the previously re-
ported sensitivity results for this limit are given in Section 4.3.

Early-ramp PD measurements contain several potentially informative characteristics.
These include the magnitude of the discharge response, the variability of discharge
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activity, the applied voltage, the supply frequency, and the temporal evolution of PD ac-
tivity. Such characteristics may provide indirect information about how the insulation
system responds as electrical stress increases. The physical motivation for using temporal
information is particularly important. A single high PD measurement may represent an
isolated transient event, whereas a progressive increase in PD activity over time or voltage
may indicate a developing discharge process. Consequently, temporal descriptors can
complement conventional magnitude-based measurements and provide information that
is not captured by a single instantaneous PD value. The present study therefore uses a 120
s sliding-window representation of the early test record. Each window summarizes the
electrical and temporal behavior available during that portion of the voltage-ramp test.
The resulting windows are not treated as independent physical experiments because over-
lapping windows originating from the same source file share both temporal information
and the same transformer-level target.

2.5. Feature Representation of Early-Ramp PD Data

The predictive representation consists of ten variables designed to capture comple-
mentary characteristics of the early-ramp PD response. These include MeanPD, MaxPD,
StdPD, Voltage@End, Freq@End, Slope_Early, Slope_Late, NPhases, GuarPD_kV, and
NoiseLimit. The features therefore represent four broad categories: discharge magnitude,
discharge variability, temporal behavior, and test configuration. MeanPD represents the
average discharge magnitude within a window and provides a measure of the overall
level of PD activity. MaxPD represents the largest observed discharge magnitude and can
identify transient or peak discharge events. StdPD describes the variability of the dis-
charge response and may provide information about burst-like or intermittent discharge
behavior. The temporal characteristics are represented by Slope_Early and Slope_Late,
which describe the change in PD magnitude over the first and second portions of the 120
s window, respectively. A positive slope indicates increasing PD activity over the corre-
sponding interval, whereas a relatively stable slope indicates limited temporal change.
Voltage@End and Freq@End provide electrical operating context. NPhases represents the
test configuration, while GuarPD_kV represents the guaranteed test voltage. NoiseLimit
provides the threshold used in determining the PD response relevant to PDIV computa-
tion. The complete set of ten input variables and their physical interpretation are defined
in Table 2 below. Pulse-waveform parameters (rise time, pulse width, phase-resolved PD
patterns) were excluded because the IEC 60270 TXT acquisition files in this corpus record
charge-magnitude and timestamp data only—not individual pulse-level waveforms.
Pulse-waveform characterization requires a separate oscilloscope or pulse-discriminator
measurement chain that was not available for this dataset. The ten charge-based features
constitute the complete extractable set from this corpus.

2.6. Machine Learning for Transformer PD Diagnostics

Machine-learning techniques have increasingly been applied to transformer condi-
tion monitoring because they can identify nonlinear relationships between measured elec-
trical quantities and diagnostic outcomes. Previous research has investigated machine
learning for PD classification, localization, signal interpretation, and separation of PD ac-
tivity from interference [9-12]. Conventional statistical and machine-learning approaches
can provide useful baselines for relatively small tabular datasets. Linear regression pro-
vides a simple representation of approximately linear relationships, whereas ensemble
methods such as Random Forest and Gradient Boosting can represent nonlinear interac-
tions among heterogeneous input variables. Classification algorithms can alternatively es-
timate the probability that an observation belongs to a predefined defect category. Neural
networks provide another class of nonlinear function approximators. A feedforward
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neural network transforms the input feature vector through one or more hidden layers
and learns the mapping between input features and the target through optimization of an
objective function. Neural networks are particularly attractive when relationships be-
tween PD characteristics and insulation behavior are nonlinear; however, their perfor-
mance may depend strongly on dataset size, feature representation, parameter initializa-
tion, and optimization strategy. The present study therefore evaluates a neural-network
model alongside linear and tree-based machine-learning models rather than interpreting
neural-network performance in isolation. This comparative framework provides a basis
for determining whether the additional flexibility of metaheuristically optimized neural
networks translates into improved predictive performance for the available early-ramp
PD data.

2.7. Feedforward Neural Networks and Metaheuristic Optimization

A feedforward neural network (FNN) consists of interconnected layers through
which information propagates from the input layer to the output layer without recurrent
connections. The effectiveness of an FNN depends on the quality of its learned parame-
ters. Conventional gradient-based training can be sensitive to initialization and local op-
timization behavior. Metaheuristic optimization provides an alternative strategy in which
candidate parameter configurations are iteratively improved according to an objective
function. Metaheuristic algorithms are population- or trajectory-based optimization meth-
ods designed to explore complex search spaces without requiring gradient information.
They have been extensively investigated for engineering optimization and machine-learn-
ing parameter selection [14,15]. Their flexibility makes them attractive for neural-network
optimization when the objective surface is nonlinear or multimodal.

2.8. Hybrid Particle Whale Optimization

The optimization strategy considered in this study is the HPWOA, which combines
PSO and the WOA. PSO is a population-based optimization method in which candidate
solutions adjust their positions according to their own previously identified best position
and the best position identified by the population [18,19]. The method provides an exploi-
tation mechanism around promising regions of the search space while retaining a popu-
lation-based exploration component. WOA is inspired by the bubble-net hunting behavior
of humpback whales and incorporates mechanisms for exploration, exploitation, and en-
circling candidate solutions [20,21]. The algorithm has been applied to a range of engi-
neering optimization problems and has also been investigated in hybrid configurations.

In HPWOA, the optimization process combines the search characteristics of PSO and
WOA. The implementation used in the present study applies PSO during the first optimi-
zation phase and WOA during the subsequent phase, with the best solution identified
during the PSO phase transferred to the WOA phase. This hybrid structure is intended to
combine the population-guided search of PSO with the exploitation and exploration
mechanisms of WOA. For the present application, the optimization objective is the pre-
diction error of the dual-output feedforward neural network. Thus, HPWOA does not
constitute a separate diagnostic measurement; rather, it is an optimization mechanism
used to identify a suitable set of neural-network parameters for mapping the early-ramp
feature vector to the target variables.

2.9. Risk Classification and Ranking

This study considers two related but distinct diagnostic objectives: prediction of the
continuous PDIV-related quantities and discrimination between comparatively defective
and non-defective observations. For binary discrimination, a model-generated risk score
can be converted into a binary decision using a specified threshold. The resulting
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predictions can be evaluated using sensitivity, specificity, precision, F1 score, and the area
under the receiver operating characteristic curve (AUC). These measures provide comple-
mentary information because a model with high sensitivity may simultaneously generate
a large number of false-positive predictions. Risk ranking provides an additional perspec-
tive. Rather than requiring the model to produce an exact PDIV estimate, observations can
be ranked according to their predicted risk score. The top-quartile risk-capture metric
used in this study measures the fraction of all defective observations recovered among the
highest-risk 25% of observations. The theoretical random-selection baseline for top-quar-
tile capture is 0.25. Consequently, a value greater than 0.25 indicates that the model con-
centrates a larger proportion of defective observations within the selected high-risk subset
than would be expected from random ranking. This metric is particularly relevant to
early-risk triage because an operator may use a risk score to prioritize observations for
additional monitoring rather than requiring an exact prediction of the eventual PDIV.

2.10. Grouped Validation and Generalization to Unseen Test Sessions

The IEC 60270 dataset has a hierarchical structure: overlapping measurement win-
dows are nested within source test files, and source test files are nested within physical
transformers. Windows from the same file share temporally related inputs and a common
file-level PDIV target. File-level GroupKFold therefore prevents the same recording from
appearing in training and testing partitions, and file-level bootstrap resampling acknowl-
edges within-recording dependence. However, the 39 usable source files originate from
only 18 transformers; at least some physical units consequently contribute multiple files.
Separate files obtained from the same unit may share winding construction, voltage class,
insulation characteristics, measurement configuration, and persistent defect signatures.
When such files are allocated to different folds, the trained model may encounter physical-
transformer information already represented in training even though the test file is new.
Thus, the reported grouped results establish out-of-file performance only, not independ-
ent out-of-transformer performance. Similarly, the published 95% intervals reflect
resampling of 39 files and do not account for any additional correlation between files from
the same transformer. A stricter prospective validation would group all sessions by a
unique transformer identifier in the cross-validation partition and resample physical
transformers as clusters. These additional tests cannot be reconstructed from the aggre-
gate scores alone and are identified as essential external validation, rather than being
claimed as already performed.

3. Literature Review and Study Positioning
3.1. State of Transformer PD Diagnostics

Transformer PD diagnostics has progressively evolved from conventional measure-
ment and threshold-based interpretation toward machine-learning and hybrid intelligent
approaches. IEC 60270 provides the measurement foundation for charge-based PD assess-
ment, while subsequent research has investigated machine learning for PD classification,
localization, and signal interpretation [8-12]. Existing studies demonstrate that machine-
learning methods can extract useful information from PD measurements, particularly
when multiple signal characteristics are combined. Deep-learning approaches have been
investigated for automated PD classification, while machine-learning methods have also
been applied to PD localization and the separation of PD signals from interference [10-
12]. These developments indicate the increasing feasibility of data-driven PD diagnostics.
However, the majority of machine-learning PD studies focus on classification or identifi-
cation using observations that are already available from the complete measurement pro-
cess. Comparatively less attention has been given to the more restrictive problem
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considered here: whether information available during the early portion of an IEC 60270
induced-voltage test can provide a reliable indication of the subsequent transformer-level
PDIV or support early defect-risk prioritization. A second methodological issue concerns
the statistical dependence created by repeated measurements and sliding-window aug-
mentation. When multiple observations originate from the same physical test session, con-
ventional random cross-validation can produce overly optimistic estimates because ob-
servations from the same source may occur in both the training and validation subsets.
The present study addresses this limitation explicitly through file-grouped validation.

Recent studies published in 2025-2026 further clarify the state of the art. Thango
(2025) investigated partial-discharge-activated impulse frequency response analysis as a
complementary transformer diagnostic measurement [24]. Thobejane and Thango (2025)
examined the classification of PD sources recorded during practical transformer testing
[25]. Their 2026 work subsequently compared linear and nonlinear representations for
PD-severity classification in Energies [26], evaluated feature engineering and PCA-as-
sisted ANN severity classification in Machines [27], and reported HPWOA-based instan-
taneous PD-magnitude prediction from IEC 60270 acceptance records in Algorithms [28].
These studies are directly relevant but address measurement, source/severity discrimina-
tion, or instantaneous discharge prediction, rather than the present file-level PDIV and
early-window risk-ordering endpoints.

Independent recent investigations also examine transformer insulation diagnosis
from PD patterns. Basharan and Rajamayil (2025) explored explainable semi-supervised
diagnosis of transformer defects using PD-pattern information [29], whereas Zhang (2026)
presented joint PD-type and severity assessment [30]. Owczarczuk and co-workers (2026)
reviewed AI/ML systems for PD monitoring, with particular attention to measurement
and deployment constraints [31]. These approaches rely on their respective signal modal-
ities and diagnostic labels. None of them should be treated as a direct numerical bench-
mark for predicting the future file-level PDIV from only the early portion of the same
acceptance record; their relevance is to diagnostic objectives, sensing, and validation de-
sign. The differences between these contributions and the present analysis are further
summarized in Table 1.

Table 1. Positioning of existing literature and the proposed study.

Category

Ref. Focus Strengths Limitations

PD Measurement
Standards

(8]

Provides standardized Defines measurement pro-
IEC 60270 charge-based PD  measurement principles cedures but does not pro-
measurement and test proce- and improves consistency vide machine-learning-
dures and comparability of PD based prediction or early-
measurements risk assessment

Transformer Insula-
tion Degradation

[4,7], mechanisms, transformer reli-

Primarily focused on
physical mechanisms and
reliability; does not di-
rectly provide predictive

Establishes the physical re-
lationship between insula-
tion deterioration and

Insulation aging, degradation

ability and failure processes .
transformer failure
early-ramp models

PD Condition Moni-
toring and Diagnos-
tics

[

Broad diagnostic focus;
limited emphasis on pre-
dicting transformer-level

PDIV from early test infor-

Machine-learning approaches Demonstrates the potential
for transformer condition  of data-driven methods for
monitoring using PD infor-  automated condition as-

mation sessment .
mation
Deep-learning methods for Can learn nonlinear repre- Commonly focuses on
PD Classification Us- p g_ . . . P e Y
. ) [10] automated PD identification sentations directly from classification of observed
ing Deep Learning

and classification complex PD data PD patterns rather than
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early prediction of subse-
quent test outcomes

. Localization is different
. . Demonstrates the ability of .
L Machine-learning-based local- from early prediction of
PD Localization Us- . . ML models to extract spa- .
. ) . [11]  ization of PD sources in trans- ) .. . PDIV and does not di-
ing Machine Learning tial/diagnostic information
former tanks rectly address early-ramp
from PD measurements

risk ranking
Improves the reliability of Primarily addresses signal
PD and Interference [12] Machine-learning separation = PD signal interpretation discrimination rather than
Classification

of PD pulses from interference and automated pulse clas- transformer-level PDIV

prediction
Generic optimization

sification

Metaheuristic algorithms for  Provides flexible deriva-

framework; diagnostic
Metaheuristic Optimi- [14,15] optimization of complex engi- tive-free optimization for performance depends on
zation ! neering and machine-learning nonlinear and multimodal the selected model, fea-
problems search spaces tures and validation strat-
€gy
‘ . Population-based optimiza- Efficient exploration of =~ May req.uire: careful pa-
Particle Swarm Opti- L. . complex search spaces and rameterization and can
L [18,19] tion inspired by collective par- . . . .
mization . . widely applied to engi-  converge prematurely in
ticle behavior ; N
neering optimization some search problems
Stand-al f
o Exploration and exploitation Provides complementary anc-a‘one pet orman.ce
Whale Optimization . . .. can depend on population
. [20,21]  using whale-inspired search global-search and exploita- . )
Algorithm . . . diversity and problem-
mechanisms tion mechanisms o .
specific parameter settings
id ifically ad-
. L Combines complementary evidence spectiicatly @
. L Hybrid combinations of
Hybrid Optimization

optimization mechanisms dressing early-ramp trans-
[16] PSO/WOA and related optimi- P

f PDIV predicti
for Neural Networks and can improve neural- ormer predicion

zation strategies under source-level
network parameter search

grouped validation
Prediction of transformer- Uses physically interpreta- Thirty-nine recordings

level PDIV and carly defect- ble PD magnitude, varia-  originate from only 18
Early-Ramp PD Pre- risk ranking using features ex- bility, temporal and test- transformers; the original
diction tracted from the first 50% of condition features; evalu- study does not establish
the induced-voltage test ates both continuous pre-  equipment-level inde-
diction and risk ranking pendence

. Repeated recordings of

. 1 Keeps all windows from .
File-grouped cross-validation . the same physical trans-

each source recording to-
and group-level bootstrap . former can occur across
. ., gether and resamples files . .

evaluation of correlated slid- . . folds; file-level intervals

. . . to reflect within-recording

ing-window observations are not transformer-clus-
dependence )

ter intervals

Leakage-Resistant
Validation

PD-active £ -
di: ;‘fstffsque:;giclzsﬁgnse Provide measured trans- Do not evaluate the future
Recent studies by the & > PTo ., former evidence and estab- file-level PDIV and early
[24-28] source classification, severity . . . i .
authors (2025-2026) e L lish distinct complemen- 50% risk-ranking objective
classification, and full-record

instantaneous PD prediction tary diagnostic targets of the present study

ignal modalities, diag-

. Explainable transformer PD Advance model interpreta- Slgr_la modaities, diag
Recent independent . . . . L. . . . nostic labels, and test de-

. . defect diagnosis, multitask PD tion, joint diagnostic objec- = . .

PD diagnostics (2025~ [29-31] severity classification, and Al tives, and implementation =0 differ from early-

2026) y casst v g pe ramp IEC 60270 file-level
monitoring review analysis , .
risk ranking
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Integrates early-ramp fea-

Generalizability to inde-
ture extraction, hybrid op- Y

HPWOA-optimized FNN and pendent transformers,

timization, continuous pre-

Overall Proposed conventional ML baselines for . . X . manufacturers, and sites
o . . diction, binary risk assess- . .
Framework early PDIV prediction and risk . requires transformer-dis-
SR ment and source-level vali-, . .. .
prioritization . s joint and multi-site valida-
dation within one frame- .
tion
work
Table 2. Ten input features.
Feature Symbol Eq. Physical Motivation
MeanPD Upp (7) Mean discharge; elevated mean under low voltage signals active defect
MaxPD max(PD) (7) Peak discharge; early spike above noise limit is a PDIV precursor
StdPD Opp (7) Burst variability; episodic spikes indicate cavity discharge
Voltage@End V (tena) - Applied voltage context at window end
Freq@End f(tend) - Supply frequency deviations correlate with PD loading of test generator
Slope_Early oo ®) OLS PD slope in first 60 s; rising tliend at low voltage indicates progressive
discharge
Slope_Late feo-120 8) OLS PD slope in second 60 s; acceleration signals worsening discharge
NPhases N, - 1-phase vs. 3-phase test configuration
GuarPD_kV GTD - Guaranteed test voltage; denominator of PDIVRatio
NoiseLimit NL - 100 pC threshold; defines PDIV trigger in Equation (1)

The literature therefore motivates three requirements for an early-risk framework.
First, the input representation should capture both instantaneous PD characteristics and
their temporal evolution. Second, the evaluation should distinguish between exact pre-
diction of transformer-level PDIV and relative defect-risk discrimination. Third, perfor-
mance should be evaluated using source-level grouping so that the reported results reflect
generalization to previously unseen test sessions.

3.2. Positioning of the Present Study

The recent literature [24-31], together with established PD measurement and ma-
chine-learning research [8-12], identifies a specific gap between recognizing discharge
features from a complete record and prioritizing insulation risk before a test has ended.
The authors’ published 2025-2026 studies [24-28] establish related but distinct experi-
mental questions; the present manuscript neither presents those publications as new re-
sults nor transfers their performance measures to the early-ranking problem. Instead, it
evaluates whether the limited information in 120 s windows selected from the first half of
each recording can rank subsequent file-level PDIV-related risk under test-file-grouped
evaluation. The number of physically independent transformers is smaller than the num-
ber of files and limits the generalization claims that can be drawn from that evaluation.

The present study evaluates two complementary outcomes from ten early-ramp IEC
60270 features: continuous PDIV-related quantities and relative defect-risk ranking. An
HPWOA-optimized neural network is compared with linear, tree-ensemble, and binary
classification methods under identical test-file-grouped folds. The dataset comprises 1705
derived windows from 39 usable source files originating from 18 physical transformers.
The use of file-level GroupKFold and file-level bootstrap resampling prevents within-file
training—test overlap and yields uncertainty estimates appropriate for repeated windows
within each file. It does not, however, remove dependence between separate tests of the
same transformer. Consequently, the central contribution is a conservative examination
of early-ramp information and a comparative within-population, out-of-file assessment of
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risk ranking, rather than a claim of external transformer-level generalization. Table 1 sum-
marizes earlier and recent related work and the present study.

4. Dataset and Sliding-Window Augmentation
4.1. Source Data and File Count Reconciliation

The dataset originates from a corpus of 49 IEC 60270 TXT acceptance-test files rec-
orded for 18 power transformers rated 40-315 MV A, spanning voltage classes 11/132 kV
to 22/400 kV and ONAN/ONAF cooling. The units came from one South African utility
and one manufacturer; the recordings were acquired between 2019 and 2021. Forty files
passed the initial duration screen (at least 20 measurements and an elapsed span of at least
240 s). One file was excluded during early-ramp window construction because it pro-
duced no admissible windows with at least five measurements. The final modeling dataset
therefore contains 39 files and 1705 overlapping windows. Crucially, these are 39 test re-
cordings, not 39 independent transformers: repeated recordings of some of the 18 units
can retain common equipment characteristics across files. Figure 1a shows the PDIV dis-
tribution (54-670 kV); Figure 1b gives the unequal contribution of windows by test file;
and Figure 1c plots the mean PD against PDIVRatio. The 39-file denominator is used con-
sistently for recording-level validation, while 18 is the physical transformer count.

-
w
o
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140 4 all windows from same file
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Figure 1. Dataset characteristics: (a) PDIV distribution, (b) windows per source file, and (c) mean
PD vs. PDIVRatio.

4.2. PDIV and PDIV Ratio Target Computation

Both targets are file-level properties shared by all windows from the same file. PDIV
is extracted using a 5-point causal rolling mean:

PDIViy = min{V (¢): fis(t) > NL,V(t) > 50 kV} 1)

t

=15 @

If PD never exceeds NL =100 pC below GTD, PDIV defaults to GTD. The PDIVRatio
clips at 1.5. The upper bound of 1.5 (rather than 1.0 or 2.0) is justified as follows: a clip at
exactly 1.0 would discard information that some healthy transformers do not initiate PD
before GTD (PDIVRatio > 1.0); a clip at 2.0 permits measurement anomalies to distort the
regression target. A sensitivity analysis showed that changing the clip from 1.5 to 2.0 al-
tered GBM R? by less than 0.005, while the 1.5 ceiling excludes only 3 of 1705 windows
(0.18%), confirming that the choice is robust:

PD(j) [5-point causal rolling mean]
-4

PDIVRatio = clip(PDIViy/GTDyy,0,1.5) ©)
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4.3. Sliding-Window Augmentation

The 50% observation limit is a fixed engineering compromise between earliness and
diagnostic information, not a standard-prescribed threshold or the experimentally proven
optimum. The PD recording may include voltage-rise intervals and voltage holds; there-
fore, half of the elapsed recording cannot be equated with half of the guaranteed test volt-
age, half of the insulation stress, or a fixed 3045 min interval across all transformer tests.
IEC 60270 specifies the charge-based PD measurement method, while transformer-in-
duced-voltage test levels and sequences are governed by the applicable equipment-testing
requirements, including IEC 60076-3 [8,36]. Restricting the input to a completed early por-
tion of the record provides a preliminary risk score before the full recording is available,
potentially allowing the operator to review the PD trend and measurement quality while
standard test and safety requirements remain in force. The existing duration-sensitivity
analysis reports RF Classifier AUCs of 0.632, 0.714, 0.741, and 0.758 when 25%, 50%, 75%,
and 100% of the recorded test duration are available, respectively. The increase from 25%
to 50% (0.082 AUC units) is larger than the subsequent increases from 50% to 75% (0.027)
and from 75% to 100% (0.017). Thus, 50% retains appreciable discrimination with the latter
half of the recorded time withheld; later limits provide higher AUCs, as expected. Without
a formal time-dependent cost function, data on the exact voltage stage at each cutoff, or
prospective operating trials, 50% cannot be claimed as universally optimal or as an au-
thorized point to interrupt acceptance testing. Sliding windows of width W =120 s and
stride S =30 s are extracted only from the first 50% of each file’s elapsed duration:

W, = {measurements: t;, < elapsed < t;, + W} 4)

tk=tmin+k-S, k:0,1,2,..., tk+WS05 'tmax (5)

The 1705 derived windows are overlapping subsequences of 39 files and are not in-
dependent physical experiments. All windows originating from a given recording share
its file-level PDIV target. Figure 2a depicts the file-level GroupKFold assignment, which
keeps those windows together in a single fold, and Figure 2b shows the defective-window
fraction by file. This figure documents recording-level separation only: a physical trans-
former that contributes more than one file could be present in both the training and held-
out test files. That second dependence level is explicitly considered in Sections 5.1-5.3 and
9.3.

(a) GroupKFold Split Structure (b) Defective Window Rate per Source File
(windows from same file kept together) (constant within file: PDIV is file-level property)
T
|
Fold 5 8 files / 341 win, 1
17.5 4 |
| [Mean defect
Fold 4 8 files / 341 win. 15.0 A | rate = 0.49
8 I
L 12,5 I
‘s
Fold 3 8 files / 344 win. g |
g 10.0 A 1
£
5 |
2 754
Fold 2 7 files / 340 win, 1
|
5.0
|
Fold 1 8 files / 339 win. 2.5 1 :
k T T T T T T T T T 0.0 '—v—- T T 1 T T S
0 50 100 150 200 250 300 350 400 450 500 0.0 0.2 0.4 0.6 0.8 1.0
Test-Set Window Count Per-File Defective Window Fraction

Figure 2. (a) GroupKFold split structure, and (b) per-file defective window fraction.
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5. Validation Design: GroupKFold and Group Bootstrap
5.1. File-Grouped Cross-Validation

The reported five-fold GroupKFold scheme allocates each of the 39 source files to one
held-out fold and keeps all of that file’s windows out of the corresponding training set.
Consequently, no training window and test window originate from the same recording.
This corrects the within-file overlap of a naive random window split, for which the
HPWOA apparent PDIV_kV R? was +0.109 compared with —0.129 under file-grouped val-
idation. However, the allocation unit was the file identifier, not the physical transformer.
Multiple recordings from 1 of the 18 transformers could therefore be assigned to different
folds. The present experiment tests the generalization to withheld recorded sessions
within the available transformer population; it does not demonstrate independent gener-
alization to a previously unseen transformer. A transformer-disjoint GroupKFold split
would be the appropriate next experiment when the recording-to-transformer map and
original observations are available.

5.2. Group-Level Bootstrap Confidence Intervals

Because windows within a file are correlated (they share both a PDIV label and over-
lapping time-series segments), window-level bootstrap Cls underestimate the true sam-
pling uncertainty. Group-level bootstrap resamples the 39 source files with replacement,
including all windows from each selected file:

B, = {windows w: File(w) € F,},

F, ~ Uniform({fy, ..., f30})3° with replacement (6)

Each of the 1000 reported bootstrap replicates resamples the 39 source files with re-
placement and includes the windows belonging to each selected file; the replicate window
count varies with the sampled file sizes. The 2.5th and 97.5th percentiles provide the
quoted recording-level 95% intervals. For example, the HPWOA AUC intervals widen
from [0.502, 0.558] under window resampling to [0.389, 0.662] under file resampling.
These are improvements over treating 1705 windows as independent, but they are not
transformer-cluster intervals: any dependence among distinct files belonging to the same
1 of 18 transformers remains unaccounted for. Confidence bounds and model rankings
must therefore be interpreted within this limitation. Transformer-cluster resampling and
validation on additional independently sampled units are recommended before opera-
tional risk claims or field deployment.

5.3. Dependence Between Test Files from the Same Transformer

The experimental unit must be identified at three levels: window, test file, and phys-
ical transformer. File-level grouping prevents a single test recording from being parti-
tioned across training and testing, but it does not prevent repeated tests on the same trans-
former from contributing to both sets. Such repeated tests may share the winding insula-
tion architecture, dielectric aging state, PD source geometry, measurement connections,
test-generator conditions, and voltage class. As a result, the out-of-file AUC may be higher
than the AUC obtained when every recording from an unseen transformer is withheld.
The 39-file bootstrap similarly does not quantify uncertainty for a random sample of in-
dependent transformers because the equipment-level count is 18. The present analysis re-
ports the original file-grouped estimates unchanged; a transformer-disjoint evaluation
and a bootstrap clustered by physical transformer are required to quantify this additional
uncertainty. No transformer-independent accuracy, uncertainty bounds, or performance
advantage is asserted from the current validation.
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6. Input Features and Neural Network
6.1. Ten Early-Ramp Features

Table 2 summarizes the ten early-ramp features used as inputs to the predictive mod-
els. The features capture complementary aspects of the partial-discharge response, includ-
ing the discharge magnitude (MeanPD and MaxPD), variability (StdPD), voltage and fre-
quency conditions, temporal discharge trends (Slope_Early and Slope_Late), test configu-
ration, and the guaranteed test voltage and noise-limit parameters. Together, these varia-
bles provide a compact representation of the electrical and temporal characteristics avail-
able during the early portion of the induced-voltage test. The inclusion of both instanta-
neous discharge characteristics and temporal trends allows the models to evaluate
whether early-ramp behavior contains information associated with subsequent PDIV and
defect status.

Feature equations (PDy, = {PD(t): t € W, },ny, = |[Wgl):

Upp = 1/nwz PD(t); MaxPD = max(PDy,); opp = std(PDy,) ?)
tEW

fo—so = OLS slope on PD[t;:t; + 60 s];

feo—120 = OLS slope on PD[t), + 60 s: tenq] (8)

6.2. Dual-Output FNN
The DO-FNN has 10 input, 12 hidden (ReLU), and 2 sigmoid output neurons:

D =(10x12) + 12+ (12 x 2) + 2 = 158 weight parameters 9)

Output 1 predicts the normalized PDIViv. Output 2 predicts the normalized PDIV-
Ratio. The HPWOA minimizes the equal-weight combined training MSE (averaged over
both normalized outputs).

7. Models, Objective Function, and Evaluation Metrics
7.1. HPWOA

The HPWOA uses PSO (Phase I, iterations 1-50) followed by WOA (Phase 1I, itera-
tions 51-100), with the PSO global-best transferred as WOA leader at the phase boundary.
np =25, N =100, positions clipped to [-3, 3]. A single global random seed is set at the start
of each cross-validation fold (rng(42 + fold_index) in MATLAB R2025b) rather than reset-
ting inside the HPWOA function, preserving stochastic independence across folds.

7.2. Baseline Models

Five baseline models are evaluated under identical grouped CV. Consistent naming
distinguishes regression from classification tasks. Table 3 presents the configuration of the
six predictive approaches evaluated in this study. HPWOA is implemented as a dual-out-
put feed-forward neural network optimized through the proposed hybrid PSO-WOA
strategy, while Linear Regression provides a linear baseline. RF-Regressor and GBM-Re-
gressor represent nonlinear ensemble regression approaches for estimating PDIV and
PDIVRatio, whereas Logistic Regression Classifier and RF Classifier directly address the
binary defective/safe classification problem. The table also identifies the risk score gener-
ated by each model, thereby clarifying how both continuous regression outputs and direct
classification probabilities are subsequently used for defect-risk ranking and evaluation.
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Table 3. Model configurations.

Model Type Key Parameters Risk Score
HPWOA DO-FNN (regression) np=25, N=100, D =158 1~ Vratio
Lin. Reg. OLS Regressor [1,X]\y per target 1 - predicted PDIVRatio
RE-Regressor Ensemble Regressor 100 trees, default 1 - predicted PDIVRatio
GBM-Regressor Ensemble Regressor 100 estimators, Ir = 0.1 1 - predicted PDIVRatio
Log. Reg. Classifier Binary Classifier max_iter = 1000 P(defective)
RF Classifier Ensemble Classifier 100 trees, default P{(defective)

7.3. Evaluation Metrics and Corrected Top-Quartile Baseline

Six evaluation metrics are reported. The median predicted risk score is used as a fixed
descriptive threshold for reporting the sensitivity, specificity, precision, and F1 score. Its
use creates a roughly half-sample flagged subset in this dataset but does not optimize the
AUC: the ROC AUC is evaluated across score thresholds and is independent of this one
operating point. For operational transformer triage, false-negative and false-positive costs
are asymmetric; a prospective implementation would require a threshold chosen from ex-
plicit utility, missed-defect, and inspection-cost requirements rather than treating the
sample median as an established safety optimum. The separate top-quartile risk-capture
metric (Equation (10)) measures the proportion of defective observations recovered
among the highest-scored 25%:

|[{windows in top-25% risk score} N {defective windows}|

TopQ = (10)

|defective windows]|

The correct random baseline for TopQ is 0.250. Proof: under random risk ranking, the
expected fraction of defective windows in the top 25% is E[ID n T1/IDI] = (ID|/n) x
(n/4)/1D1 =0.25, where n=1705, | D| = 616, and T = top-25% subset. The defect prevalence
36.1% (I D|/n) is a different quantity: it measures the fraction of all windows that are de-
fective, not the fraction of defective windows recovered by a specific selection rule. A
model achieving TopQ > 0.250 provides triage value; TopQ < 0.250 means worse-than-
random risk ordering

8. Experimental Results
8.1. HPWOA Convergence

Figure 3 compares the training convergence behavior of HPWOA with PSO, WOA,
and the Stochastic Fractal Search Algorithm (SFSA). As shown in Figure 3a, the optimiza-
tion trajectories demonstrate the progressive reduction in the combined training MSE over
the 100 iterations. The detailed view of the final iterations in Figure 3b provides a closer
examination of the optimization behavior near convergence, while Figure 3c compares the
final training MSE values obtained by the different optimization strategies. HPWOA
achieves the lowest final training MSE of 0.07784, indicating that its hybrid two-phase
optimization strategy was able to identify a lower-error neural-network weight configu-
ration than the individual benchmark optimizers on the representative training partition.
However, this convergence result should be interpreted as an optimization result rather
than evidence of superior generalization, because the curves represent in-sample training
performance and do not reflect the file-grouped test performance.
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Figure 3. HPWOA training convergence vs. PSO, WOA and SFSA, (a) full 100 iteration trajectory,
(b) detail of 71-100 iterations, and (c) final training MSE.
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8.2. Regression Performance and File-Grouped CV

Figure 4 presents the coefficient of determination (R?) obtained by the evaluated re-
gression models, together with 95% confidence intervals derived using group-level boot-
strap resampling. Figure 4a, corresponding to PDIV_kV, shows that all models produce
near-zero or negative R? values, indicating that the early-ramp features do not provide
sufficient information to accurately reconstruct the transformer-level PDIV when source
files are properly withheld during validation. Figure 4b shows somewhat improved per-
formance for the PDIVRatio, particularly for the ensemble models. GBM-Regressor
achieves the highest central R? estimate of 0.097, followed by RF-Regressor at 0.073; how-
ever, the corresponding confidence intervals include zero. Thus, although the normalized
PDIVRatio appears to contain more information that can be exploited by the regression
models than the absolute PDIV, the evidence remains statistically uncertain at the effective
sample size of 39 independent source files.

(b) Group-Bootstrap R2: PDIVRatio
(File-grouped CV, group-level bootstrap +£95% Cl)

—50 -

| —100 4

R2 — PDIV_kV
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Figure 4. R? with group-level bootstrap at 95% CI: (a) PDIV_kV, and (b) PDIVRatio.

Figure 5 complements the R? analysis by presenting the RMSE obtained for PDIV_kV
and PDIVRatio with group-level 95% confidence intervals. For PDIV_kV, the relatively
large RMSE values across the models reinforce the difficulty of estimating an absolute
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(a) RMSE: PDIV_kV
(File-grouped CV, group-level bootstrap £95% CI)

transformer-level PDIV from short early-ramp observations. The results are particularly
pronounced for Linear Regression, which exhibits an extreme error associated with its
inability to adequately represent the nonlinear relationship between voltage class and
PDIV. For PDIVRatio, the ensemble regression models produce substantially smaller er-
rors, with GBM-Regressor achieving the lowest reported RMSE of 0.323 and RF-Regressor
achieving 0.336. Nevertheless, these improvements should be interpreted alongside the
corresponding R? results, since reduced prediction error does not necessarily imply statis-
tically reliable transformer-level prediction under grouped validation.

(b) RMSE: PDIVRatio
(File-grouped CV, group-level bootstrap +95% ClI)

2500 4
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RMSE (kV)
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RMSE (ratio units)

1 3

18p.3

GBM-Reg.

RF-Reg. GBM-Reg. HPWOA Lin. Reg. RF-Reg.

Figure 5. RMSE with group-level bootstrap at 95% CI: (a) PDIV_kV, and (b) PDIVRatio.

Table 4 summarizes the regression and defect-discrimination performance of the
evaluated models under file-grouped cross-validation, with uncertainty represented by
95% group-level bootstrap confidence intervals. For absolute PDIV prediction, all models
produce negative or near-zero (R?) values, indicating that the early-ramp features provide
limited ability to reconstruct the transformer-level PDIV when source-file leakage is pre-
vented. GBM-Regressor achieves the least negative PDIV (R?) and the lowest PDIV RMSE
among the evaluated approaches, although its confidence interval remains consistent with
zero predictive (R?). For PDIVRatio, GBM-Regressor provides the strongest central per-
formance, achieving (R? = 0.097) and an RMSE of 0.323, followed by RF-Regressor. How-
ever, the confidence intervals for the positive (R?) estimates include zero, indicating that
the apparent regression capability remains statistically uncertain at the level of the 39 in-
dependent source files. In contrast, the AUC results show substantially stronger discrim-
ination, with GBM-Regressor and RF Classifier achieving the highest central AUC esti-
mates. The table therefore demonstrates the central distinction of this study: early-ramp
information provides limited evidence for accurate PDIV point prediction but shows
greater potential for defect-risk discrimination.

Table 4. Regression metrics. * Highest R? and lowest RMSE.

PDIV RMSE kV Ratio R2 Ratio RMSE Defect AUC [95%
Model PDIVR:195% CIl [95% CI] [95% CI] [95% CI] cIl

HPWOA -0.157 194.0 -0.143 0.374 0.527
[-0.341, 0.002] [181.3,209.9] [-0.353, 0.062] [0.352, 0.395] [0.389, 0.662]

Lin. Reg. -70.3 1506.7 -108.9 3.61 0.441
[extreme CI] [off-scale] [extreme CI] [off-scale] [0.322, 0.567]

RF-Regressor -0.188 196.6 0.073 0.336 0.693
[-0.448, 0.063] [182.1,211.8] [-0.261,0.343]  [0.313, 0.358] [0.615, 0.770]

GBM-Regressor * -0.071 186.6 0.097 0.323 0.712
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[-0.341, 0.150] [169.7, 202.0] [-0.237,0.354]  [0.301, 0.346] [0.624, 0.801]

8.3. Defect Detection AUC

Figure 6 compares the defect-detection AUC values for all six evaluated models using
group-level bootstrap confidence intervals. The results identify RF Classifier and GBM-
Regressor as the strongest performers, with AUC values of 0.714 and 0.712, respectively.
Their confidence intervals overlap substantially, indicating no statistically meaningful dif-
ference between these two models at the 95% confidence level. RF-Regressor and Logistic
Regression Classifier occupy an intermediate performance range, while HPWOA achieves
an AUC of 0.527. Importantly, the HPWOA confidence interval extends across the 0.5 ran-
dom-classification threshold, indicating that its apparent above-chance discrimination is
not statistically reliable at the level of the 39 independent source files. Linear Regression
produces the lowest AUC, with a central estimate below the random baseline. These re-
sults demonstrate that the strongest predictive value in the present dataset arises from the
tree-based approaches rather than the optimized neural-network model.

Defective-Unit Detection AUC
File-Grouped CV, Group-Level Bootstrap £95% CI (n=39 files)

0.9
~== Random baseline (AUC = 0,500)
0.8 - 0.7120 0.7141
' 0.6932
0.7 1
Cl crosses 0.5:
0.6 marginal discrimination

/ 04211

0.5 1

Defect Detection AUC

0.4

0.3 1

0.2 - T
HPWOA Lin. Reg. RF-Reg. GBM-Reg. Log. Reg. RF Classifier

Figure 6. Defect detection AUC with group-level bootstrap at 95% CIL.

8.4. ROC Curves and Confusion Matrices

Figure 7 presents the receiver operating characteristic (ROC) curves for the evaluated
models and provides a visual representation of their ability to distinguish defective from
safe windows across different decision thresholds. The ROC analysis is consistent with
the AUC results, with the strongest discrimination being obtained from RF Classifier and
GBM-Regressor. Their curves provide the most favorable balance between the sensitivity
and false-positive rate among the evaluated approaches. HPWOA exhibits a curve that is
comparatively close to the random-classification reference, consistent with its AUC of
0.527 and the associated confidence interval spanning the 0.5 threshold. The ROC results
therefore reinforce the conclusion that the tree-based models provide the most useful
early-risk discrimination for the present small, tabular dataset.
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Figure 7. ROC curves.

Figure 8 presents the confusion matrices obtained using the median predicted risk
score as the classification threshold. The matrices provide a direct comparison of true-
positive, false-positive, false-negative, and true-negative predictions across the six mod-
els. The results show that GBM-Regressor and RF Classifier provide the strongest overall
defect identification performance, with 443 and 438 true positives, respectively. These
models also achieve the highest F1 scores among the evaluated approaches, at 0.603 for
GBM-Regressor and 0.596 for RF Classifier. In contrast, HPWOA produces a more bal-
anced but weaker classification outcome, with 316 true positives and 300 false negatives.
The confusion matrices therefore demonstrate that the superior AUC of the tree-based
models translates into practically useful classification performance at the selected thresh-
old.

(b) Rand. Forest 600 (c) Grad. Boost (d) RF Classifier
AUC=0.6909 F1=0.557 AUC=0.7112 F1=0.603 600 AUC=0.7125 F1=0.596 600

Safe 645 444 500 Safe 679 500 674 500

Actual
Actual
Actual

400

173 443 Defective 178 438
300

400

Defective 207 350 Defective

300

Safe Defective Safe Defective Safe Defective
Predicted 250 Predicted Predicted
200 200

Figure 8. Confusion matrices at median risk score threshold.

8.5. Threshold Metrics and Top-Quartile Risk Capture

Table 5 presents the threshold-based classification performance and top-quartile risk-
capture results for all evaluated models. At the median-risk threshold, GBM-Regressor
achieves the highest sensitivity (0.719) and F1 score (0.603), while RF Classifier provides
closely comparable performance with a sensitivity of 0.711 and an F1 score of 0.596. RF
Classifier achieves the highest top-quartile risk capture, recovering 43.5% of all defective
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windows within the highest-risk 25% of observations, followed by GBM-Regressor at
40.7%. Both exceed the corrected random baseline of 25.0%, demonstrating that the model
outputs contain useful information for prioritizing potentially defective observations.
HPWOA achieves a lower AUC and F1 score than the leading tree-based approaches but
still produces a top-quartile capture of 34.6%, corresponding to a 38% improvement over
random ranking. These results reinforce the finding that the principal value of the early-
ramp models lies in relative defect-risk prioritization rather than precise estimation of ab-
solute PDIV.

Table 5. Threshold-based classification metrics. * Highest F1; t highest AUC and TopQ.

Model Sens. Spec. Prec. F1 TP/FP/EN/TN TOP(?Z(;;;‘d = [9?()}321]
HPWOA 0513 0507 0370 0430  316/537/300/552  0.346 (+38%) 0'5%)?6[602";’89'
Lin. Reg. 0.458 0476 0331 0384  282/571/334/518  0.182 (-27%) 0'4%?5[607'?22'

RF-Regressor 0.664 0592 0479 0557  409/444/207/645 0377 (+51%) 0'6?)?7[706?151
GBM-Regressor*  0.719 0624 0519 0603  443/410/173/679  0.407 (+63%) 0'738[5)1'?24'
Log. Reg,. Cls. 0.627 0571 0458 0526  386/489/230/600  0.354 (+42%) 0'6%?7[502'?05'
RF Classifier + 0711 0619 0513 059  438/415/178/674 0435 (+74%) 0'72"18[5)528'
Random baseline ~ =0.361  =~0.639 - - - 0.250 (proof 0.500
Section 7.3)

Sensitivity

0.8

e
@

e
=

0.2

0.0 -

8.6. Feature Importance Analysis

Figure 9 compares the sensitivity, specificity, precision, and F1 score across the eval-
uated models. The results indicate that GBM-Regressor and RF Classifier provide the most
favorable overall balance between the four classification measures. GBM-Regressor
achieves the highest sensitivity of 0.719 and the highest F1 score of 0.603, while RF Clas-
sifier achieves a sensitivity of 0.711 and an F1 score of 0.596. RF-Regressor also performs
competitively, with an F1 score of 0.557. HPWOA produces relatively balanced sensitivity
and specificity values of 0.513 and 0.507, respectively, but its lower precision and F1 score
indicate weaker overall classification effectiveness. These findings demonstrate that
model performance should not be assessed using a single metric, as the ability to identify
defective windows must be considered alongside false-positive control and overall classi-
fication balance.

(a) Sensitivity (b) Specificity (c) Precision (d) F1 Score
0.8 0.8 0.84
0.719 0.711
0.624 0.619
0.603
0.6 0.6 0.6 — 0595
= 5 0.519 0.513 o 0526
= & 0.479 S
& 2 0.453 g
o o 0.430
2 4 -
& 0.4 & 041 asr0 S 0.4 0.384
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0.2 0.2 0.24
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Figure 9. (a) Sensitivity, (b) specificity, (c) precision, and (d) F1 score.
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Figure 10 provides two complementary perspectives on the practical usefulness and
interpretability of the proposed early-risk framework. Figure 10a compares the top-quar-
tile risk capture achieved by each model against the corrected random baseline of 0.250.
RF Classifier achieves the highest top-quartile capture at 0.435, followed by GBM-Regres-
sor at 0.407. These values correspond to improvements of approximately 74% and 63%,
respectively, over random selection. HPWOA achieves a top-quartile capture of 0.346, cor-
responding to a more modest 38% improvement over random ranking. Thus, although
the regression models do not accurately estimate PDIV itself, their continuous risk scores
can nevertheless provide useful prioritization of potentially defective windows.

Figure 10b presents the feature-importance analysis for HPWOA and provides in-
sight into why accurate PDIV regression remains difficult. GuarPD_kV is the dominant
feature, indicating that the neural network relies strongly on the guaranteed test voltage,
which is a transformer-level specification rather than a direct measurement of the early-
ramp defect signature. MeanPD and Slope_Early contribute additional information re-
lated to discharge magnitude and its early temporal progression, but their contribution is
insufficient to recover the transformer-level PDIV reliably from a 120 s window. The fea-
ture-importance results therefore support the interpretation that the model primarily
learns voltage-class information while only partially capturing the early-ramp character-
istics associated with insulation defects.

(a) Top-Quartile Risk Capture (b) HPWOA Feature Importance
Random baseline = 0.250 (not defect prevalence) (GuarPD_kV dominates — model learns voltage scaling, not defect severity)
0.6 4 == Random baseline (0.250)
- Defect prevalence (0.361, = random baseline) 0.12 4
All models > random (0.250)
0.5 1 except Lin. Reg.

o 0.10
£3 0.435 5
® 8 =
cc c

2%  0.08 A
8% p
o
z<E )
o k]

23 = 0.06
52 3
R =
£k :

La = 0.04 4
o S S
ag= =

0.02 4

0.00 T T T T T T T T
NOP L ped orest 005t red el & &4 W X <& & of & ©
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Figure 10. (a) Top-quartile risk capture vs. corrected random baseline, and (b) HPWOA feature im-

portance.

9. Discussion
9.1. Why Regression R? Is near Zero

The near-zero and negative PDIV regression R? values are the empirical result of the
reported file-grouped evaluation, not a theoretical requirement for every early-ramp da-
taset. PDIV depends on the insulation system, applied-voltage conditions, defect initia-
tion, and test-specific measurement criteria; the available early-ramp descriptors evi-
dently provide insufficient information for accurate absolute PDIV reconstruction. Figure
10b indicates strong dependence on the guaranteed test voltage, a voltage-class specifica-
tion, while MeanPD and Slope_Early add more limited information about early discharge
activity. For GBM-Regressor, PDIVRatio R? = 0.097 with the reported 95% file-bootstrap
interval [-0.237, 0.354], which includes zero. This estimate is based on 39 withheld source
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recordings from 18 physical transformers. Because some units contribute more than one
file, the bootstrap interval does not quantify independence across transformers, and ex-
ternal out-of-transformer regression performance remains unknown.

9.2. Risk Ranking Value Despite Near-Zero R?

For the recorded windows, GBM-Regressor’s top-quartile capture of 0.407 means that
the 25% highest-ranked windows contain 40.7% of all defective windows, compared with
the random-selection expectation of 25.0%; RF Classifier increases the capture to 0.435.
These are useful discrimination results for within-corpus, out-of-file triage, not estab-
lished improvements in transformer-level failure probability or a prospectively validated
safety intervention. HPWOA has a lower capture of 0.346. The ensemble methods outper-
formed the optimized neural network on the present small, heterogeneous tabular da-
taset, but this observation does not establish universal algorithm superiority. Dependence
between repeated files from the same physical transformer must be evaluated before ex-
trapolating those capture rates to new equipment.

9.3. Practical Deployment

A feasible future application is to calculate a risk score as each 120 s partial-discharge
window becomes available on the acquisition workstation and to display it alongside the
measured PD-magnitude trace. The retrospective study, however, evaluates windows se-
lected from the first 50% of completed recordings and has not validated first-window-only
decisions, real-time scoring latency, or prospective intervention effectiveness. A high
score would prompt the test engineer to review the PD-magnitude time history, noise
conditions, calibration, and the applicable standard test plan; it is not an instruction to
terminate, extend, or otherwise modify a required IEC acceptance test. Before deploy-
ment, a proposed operating threshold must be validated using physically independent
transformers and the prescribed safety procedures [8,36].

The generalizability is limited by the sample structure and collection setting. The
available 39 test files represent only 18 transformers supplied by one utility and manufac-
turer within a single region. The present five-fold file-grouped evaluation controls overlap
within each test recording but does not guarantee that the same physical transformer is
absent from training when another of its recordings is tested. The 1000-replicate file-level
bootstrap may also understate uncertainty at the transformer population level. Conse-
quently, the AUCs and top-quartile capture rates reported here are retrospective record-
ing-level estimates, not validated probabilities for new transformers, manufacturers, or
sites. Future work should use a transformer-disjoint split, a two-level or equipment-clus-
ter bootstrap, explicit 25-100% cutoff testing with voltage-stage identification, and inde-
pendent multi-site datasets. The actual operational benefit will additionally depend on
the facility’s transformer-level defect prevalence rather than the window-level defect frac-
tion in the present corpus.

10. Conclusions

The results support three conclusions. First, using information limited to the first 50%
of arecorded IEC 60270 test permits retrospective risk ranking with useful discrimination,
although the selection of 50% is a pragmatic trade-off rather than a standard-mandated or
proven optimal decision point. The reported duration sensitivity increases from RF Clas-
sifier AUC 0.632 at 25% to 0.714 at 50%, 0.741 at 75%, and 0.758 at 100%. Second, early-
ramp features do not accurately reconstruct absolute PDIV in the file-grouped experi-
ment, whereas GBM-Regressor and RF Classifier achieve risk-ranking AUCs of 0.712 and
0.714 and top-quartile captures of 0.407 and 0.435, respectively. Third, the 39-file GroupK-
Fold and file-bootstrap procedures address dependence among windows from the same
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recording but cannot by themselves establish independence among separate test record-
ings from the same 1 of 18 physical transformers. These important limitations temper con-
fidence intervals and claims of generalization to new transformers. No measured results
have been recomputed in this revision.

HPWOA exhibits weaker discrimination in the present experiment (AUC = 0.527,
95% file-bootstrap interval [0.389, 0.662], top-quartile capture = 0.346) than the tree-based
comparators. The substantive conclusion is therefore that the observed early signals con-
tain some ranking information but limited absolute PDIV information. Prospective trans-
former-disjoint validation, equipment-cluster uncertainty estimation, and operating-
stage-based sensitivity assessment are prerequisites for interpreting the reported ranking
as a reliable equipment-level decision aid.

The present study is distinct from, and explicitly references, the authors” published
2025-2026 studies [24-28]. Those papers address frequency-response-based PD diagnosis,
source or severity classification, or prediction of instantaneous PD magnitude from dif-
ferent feature and target definitions. This paper instead evaluates restricted early-window
information for subsequent file-level PDIV and defect-risk prioritization. The earlier pa-
pers’ numerical performance estimates are not used as matched baselines for this different
endpoint.
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Abbreviations

The following abbreviations are used in this manuscript:

AUC Area Under the ROC Curve
FNN Feedforward Neural Network
GTD Guaranteed Test Voltage

GWO Grey Wolf Optimization

HPWOA Hybrid Particle Whale Optimization Algorithm

HPWOA- Hybrid Particle Whale Optimization Algorithm Dual-Output Feed Forward Neural
DO-FNN  Network

HV High Voltage

IEC International Electrotechnical Commission
PD Partial Discharge

PDIV Partial Discharge Inception Voltage

PSO Particle Swarm Optimization

RF Random Forest

ROC Receiver Operating Characteristic

WOA Whale Optimization Algorithm
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