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Abstract

The preventive maintenance of power transformers is essential to ensure their reliability
and is supported by efficient predictive techniques and accurate diagnostics. In this context,
the objective of this work is to present a hybrid Artificial Intelligence (Al) model for reliable
decision making in transformer maintenance based on performance index monitoring.
The innovation lies in the application of Monte Carlo filters to monitor the operational
state of transformers combined with a novel clustering strategy. The used methodology
includes the development of an algorithm for outlier removal in the historical series of
each predictive technique as well as the implementation of stochastic filters to forecast the
overall operational condition. The results demonstrate the robustness and effectiveness
of the developed model. This work contributes a new Al-based strategy for supporting
preventive maintenance decisions, enabling precise and individualized actions for each
piece of equipment, with broad applicability to companies in the electrical power sector.

Keywords: artificial intelligence; performance index; power transformers; preventive
maintenance; reliability

1. Introduction

Power transformers are frequently subjected to diagnostic tests aimed at predicting
the operational condition of their components [1]. These procedures produce datasets
for each predictive technique, typically composed of the normalized performance index
(ranging from 0 to 1 pu), measured at specific time intervals (in days, months, or years),
along with the operational status classified as either operation or intervention. However,
effective analytical strategies are needed to process these datasets in a way that allows
maintenance specialists to objectively and comprehensively assess the overall equipment
performance by integrating the outputs of all techniques. This integrated analysis supports
improved decision making and enhances the reliability of the power system. Although
the Al model developed in this work is general and applicable to any power transformer,
this paper focuses on case studies involving high-voltage power transformers immersed in
mineral-insulating oil.

Among the most used predictive techniques for evaluating the paper—oil system are
Dissolved Gas Analysis (DGA), Degree of Polymerization (DP), and Physicochemical Tests
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(PC), all of which are widely employed in the power sector to detect incipient faults in
transformers [2,3]. In addition, electrical tests are performed to assess the integrity of the
transformer and its components, including Insulation Resistance (ET_IR), Insulation Power
Factor (ET_PF), Turns Transformation Ratio (ET_TTR), Winding Resistance (ET_WR), Low
Voltage Excitation Current (ET_LVEC), and Capacitance and Tangent Delta of Condenser
Bushings (ET_CB).

However, potential outliers in the sample data, arising from electromagnetic
interference, environmental fluctuations, sampling inconsistencies, or calibration errors in
data acquisition equipment, can hinder the consistent interpretation of predictive technique
results. Such discrepancies introduce bias into the analysis, complicating the identification
of actual operational patterns. As a result, diagnostic quality may be compromised, directly
impacting maintenance decisions, especially regarding the optimal timing of interventions
to prevent catastrophic failures and unplanned service interruptions in utility operations.

Thus, it is essential to employ tools capable of detecting outliers in these datasets. To
this end, several solutions based on machine learning algorithms have been proposed for
analyzing predictive technique data, including the Local Outlier Factor (LOF), K-Nearest
Neighbors (KNN), Isolation Forest (IF), Gaussian Mixtures, and Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) [4-6]. However, these algorithms
exhibit some limitations: their accuracy is highly sensitive to the volume of data and
the number of neighbors selected. Moreover, for large datasets, they tend to impose a high
computational cost.

With regard to the prediction of power transformer performance during operation,
several tools have been proposed for continuous monitoring. One such approach involves
a methodology based on Analytic Hierarchy Process (AHP) multicriteria analysis, which
was developed to assess the operating conditions of power transformers by considering
both their lifespan characteristics (failure risk factor) and their systemic importance (impact
factor) within the electrical network [7]. Similarly, another diagnostic methodology was
proposed to estimate the operational state of transformers by incorporating the influence of
harmonic distortions into the calculation of the health index [8].

Moreover, a finite-state machine-based diagnostic model for power transformers
in substations was proposed by [9], in which chromatographic, physicochemical, and
electrical analyses are used to determine operational states and to recommend preventive
maintenance actions. In the context of applying artificial intelligence to preventive
maintenance processes, several studies have been conducted. For instance, machine
learning has been employed to estimate the Degree of Polymerization (DP), which is a key
indicator of transformer aging [10]. In addition, prognostics and the health management
of power transformers have been explored using a whale-inspired hybrid optimization
algorithm [11]. In the domain of dissolved gas analysis (DGA), gas forecasting has been
investigated through mixed-kernel support vector regression (SVR) combined with genetic
algorithms [12]. Furthermore, expertise-guided machine learning (EGML) has been applied
to diagnose internal faults in power transformers, using backpropagation neural networks
(BPNNSs) enhanced by genetic algorithms (GAs) and Memetic Evolutionary Algorithms
(MEAs) [13].

Advances in artificial intelligence research have also made significant contributions to
the modeling of predictive processes in dynamic systems. For example, an extensive
empirical comparison of time series anomaly detection algorithms was conducted,
many of which rely on forecasting mechanisms to model expected behavior and detect
deviations [14]. The study highlights how prediction-based techniques, including
deep learning architectures such as Long Short-Term Memory (LSTM) networks and
autoencoders, can effectively support maintenance strategies by anticipating performance
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degradation. Additionally, causal discovery methods tailored for time series data
are designed, offering new perspectives on identifying structural dependencies in
dynamic environments, presenting a comprehensive survey and an evaluation of
algorithms designed to uncover causal relationships across time, including constraint-based,
score-based, and functional-model-based approaches [15]. These methods can be
instrumental in preventive maintenance scenarios by enabling systems not only to forecast
future behavior but also to infer underlying causal mechanisms responsible for degradation.
This causal observation can augment traditional prediction strategies, such as those based
on recurrent neural networks or forecasting filters, like Kalman filters and particle filters,
by providing more robust explanations and improving interpretability in model-based
maintenance planning.

Furthermore, stochastic modeling approaches based on D-spectrum theory and failure
counting processes provide a probabilistic foundation for reliability assessment in complex
systems [16]. Performance improvements from time series data augmentation have also
been observed in small-sample signal recognition scenarios, highlighting the benefits
of enhanced data under constraints typical of industrial monitoring datasets [17]. This
scenario is particularly common in maintenance environments, as utilities often have
limited historical data for certain types of equipment due to infrequent failures, incomplete
records, or newly deployed assets. A hierarchical deep learning strategy combining
syntactic and semantic graph representations has also been proposed for defect prediction
in source code, offering transferable insights for degradation modeling through enriched
feature learning [18]. These studies reinforce the relevance of Al-based methods in reliability
engineering and point to the continued demand for interpretable and data-efficient models
under uncertainty.

In that way, the objective of this study is to present a hybrid artificial intelligence model
aimed at supporting assertive decision making in power transformer maintenance that is
grounded in performance monitoring data. The model is structured in the following stages:

*  Preprocessing stage: the accuracy of two unsupervised Al algorithms, the Local
Outlier Factor (LOF) and Isolation Forest (IF), is assessed using expert-labeled data.
Their outputs are compared to a novel outlier detection method developed in this
work, which removes inconsistencies based on historical neighborhood consistency
while preserving critical anomalies relevant to maintenance decisions.

*  Output stage: maintenance recommendations are generated based on the classification
of the performance index into five categories (A to E), reflecting the equipment’s
condition. Forecasting is then conducted using the AD-SIS and AD-Bootstrap
frameworks, which estimate the future evolution of the performance index by
modeling dynamic systems under uncertainty.

The main contribution of this study lies in the development of two custom Monte
Carlo-based filtering frameworks (AD-Bootstrap and AD-SIS) specifically designed to
handle noisy, incomplete, and irregularly sampled conditions, enabling reliability-centered
probabilistic forecasting of equipment behavior. The proposed approach integrates
unsupervised learning for outlier detection, temporal clustering based on intervention
effectiveness, and Monte Carlo filtering, applied to real operational datasets. In contrast to
previous models that analyze predictive techniques in isolation, this methodology seeks to
consolidate nine predictive techniques into a unified and interpretable decision-making
framework. By structuring these elements within a single model, the framework is expected
to support a more informed analysis of degradation trends and assist utility professionals
in planning maintenance actions with greater confidence.
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2. Methodology

In the methodology adopted in this study, a computational tool was developed to
apply the classification criteria for the power transformer performance index, as defined in
Table 1 [19], based on the worst predicted value at each time instant.

Table 1. Recommended actions based on the predicted performance index classification of the power
transformer [19].

Performance Index (y)

Classification Recommended Actions

0.80 <y <1.00 A (Excellent)  The equipment should continue operating normally.

0.65 < 1 < 0.80 B (Good) Ee};i ﬁgl;;plir;ecr;;?&o;igcz?‘gg’nue operating, monitoring the evolution of
O30Sy <065 Cargina)  ThesiEmens fuudbeeigmed and ol st should e
0395y <0m  Dowy  Terniglor hespments o fom oprain ornen
0.00 < y < 0.35 E (Very Poor) The equipment must be immediately removed from operation for internal

inspection, fault identification, and correction.

The classification from Table 1 [19] considers a total of nine tests, namely Dissolved
Gas Analysis (DGA), Physicochemical Tests (PC), Degree of Polymerization (DP), Electrical
Tests of Low Voltage Excitation Current (ET_LVEC), Insulation Power Factor (ET_PF),
Turns Transformation Ratio (ET_TTR), Insulation Resistance (ET_IR), Winding Resistance
(ET_WR), and Capacitance and Tangent Delta of Condenser Bushings (ET_CB). These
tests represent the main predictive techniques used in transformer diagnostics, covering
chemical, electrical, and physical indicators of degradation, and thus ensure a comprehensive
assessment of equipment condition [1,19,20].

2.1. Artificial Intelligence Algorithms for Identifying Outliers

Initially, during the data preprocessing stage, two Artificial Intelligence algorithms,
the Local Outlier Factor (LOF) and Isolation Forest (IF), assess the performance history of
the power transformer throughout its operation, considering each set of the nine predictive
techniques. Individually, the tool performs a clustering based on the effectiveness of the
intervention. To this end, at each observed time instant, ¢;, with i € [1,n] and n being
the number of samples for each technique, the status is monitored. If an intervention
is recorded at time t;, the algorithm analyzes the performance index of the transformer
y(t;). If it shows improvement compared to the previous sample, y(t;_1), a new cluster
C is initiated. Otherwise, it is understood that the maintenance was not effective for the
evaluated predictive technique, i.e., it did not result in performance improvement for that
set, and the subsequent data remain within the previous cluster, according to the decision
rule defined in (1).

Cly(t)) = { CCneW, ify(t;) > y(ti-1) o

previous’ otherwise

At the end of this stage, the sets of each predictive technique may be divided into
subsets, in which the data exhibit well-defined temporal coherence, as the operational
status is taken into account in the assessment of power transformer performance. Then,
Artificial Intelligence algorithms are executed for the clusters. The first algorithm is the
Local Outlier Factor (LOF), which is an unsupervised tool for outlier detection based on
density and neighborhood. For each instance x = (y;,t;), with j € [1;n] and n’ being
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the total number of elements in the cluster, the Euclidean distance dj(x) between x and
its k-nearest neighbors is computed [21,22]. Additionally, M (x) represents the set of
training instances in the neighborhood of x, and for each s € M (x), the distance dj(s) is
determined. By comparing dj (x) with the mean value of di(s) for each s, the Local Outlier
Factor (LOF(x)) is calculated according to (2), where |[M(x)| = k. If the resulting value is
close to 1, the instance x is not considered an outlier; otherwise, it is likely to be an outlier.

_ di(x) - [IM(x)]
LOF(x) = Xklse/vi(x) dy(s)

The second algorithm used for outlier detection is Isolation Forest (IF). It generates

()

random trees to partition the data within each cluster and computes the number of nodes
required to isolate each training vector [23]. Thus, outliers are identified as the vectors
with the shortest average path lengths for isolation, based on the principle that they tend
to be more densely distributed and clustered than anomalies, requiring more nodes to
be isolated. The anomaly score, denoted by score(x), for each instance is computed in
(3), where E[h(x)] represents the expected average path length to isolate point x in the
forest, and c() is the average path length value for a dataset of size ¢, which is used as a
normalizing factor [23].
_ E[h(x)]
score(x) =2 <¥) 3)
Finally, the expected average path length 1(x) required to isolate a point in a dataset
with n elements, denoted as c(n), is computed for n samples in (4), where H(n) represents
the harmonic number of the n-th term. For large values, H(n) = In (n) + 0.577 [23].

2(n—1)

c(n)=2H(n—-1)— ”

(4)
Based on the values obtained in (3) and (4), the following conclusions are drawn:

e IfE[h(x)] = c(n), then score(x) = 0.5, indicating nominal behavior for x.

e If E[h(x)] — oo, then x is not isolated, meaning it exhibits nominal behavior.

e If E[h(x)] is small compared to c(n), then score(x) tends to one, indicating that x is
an outlier.

After the outlier detection and removal stage, the data from each predictive technique
are compared at each time instant, and the overall performance index y(t) is obtained as the
minimum value among all individual indices at that time. This conservative criterion
prioritizes the worst-performing predictive component at each instant, aligning with
preventive maintenance strategies by emphasizing early intervention based on the most
critical signal.

2.2. New Method Developed for Identifying Outliers

The algorithm developed (AD) in this work for detecting and eliminating outliers is
based on two main assumptions:

1.  The performance index of power transformers does not increase in the absence of
maintenance or intervention. Thus, any spontaneous increment is interpreted as an
undue improvement, i.e., for a given sample i, where y(t;) and y(t;_1) denote the
performance index at times ¢; and t;_1, respectively, as expressed in (5).

Ay(ti) = y(t;) —y(tii1) >0 5)

2. Abrupt drops in y(t), when compared to the local degradation pattern of neighboring
points, are considered outliers unless they are immediately followed by a consistent
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degradation trend. In this case, the drop is interpreted as a natural event of accelerated
aging rather than an inconsistency. The detection rule is expressed in (6), where 5,
and o, are, respectively, the mean and standard deviation of the negative variations
in cluster C.

Ay(ti) = y(t;) —y(tic1) < pay —20ay
Ay(tis1) = y(ti1) = y(t) = pay — 204y

This criterion detects outliers as abrupt drops in y; that significantly deviate from

(6)

the expected local variation. The 2¢ threshold assumes that the distribution of negative
variations within each cluster C is approximately normal. Importantly, the analysis is
carried out within clusters so that variability is assessed locally rather than globally.

Furthermore, the second condition in (6) ensures that an abrupt drop is only considered
an outlier if it is not immediately followed by a consistent degradation trend. This
distinction is crucial to avoid false positives, for example, in cases where the natural
degradation of components such as bushings produces sudden but legitimate declines. The
values flagged as outliers are replaced by empty cells, preventing them from influencing
subsequent analyses. The proposed AD algorithm combines domain-specific assumptions
with local statistical criteria, improving the reliability of outlier detection in power
transformer performance index data.

At the end, it is important to emphasize that power transformers do not exhibit
self-recovery of performance. The cellulosic insulation ages irreversibly through hydrolysis
and oxidation, leading to kraft paper depolymerization and a permanent loss of mechanical
strength [24,25]. Although interventions like oil drying and acid removal can slow
degradation, they cannot reverse the chemical damage that has already occured. The
aging process is autocatalytic, accelerated by moisture and acidic by-products, ensuring
that performance improvement stems only from corrective maintenance [26]. The degree of
polymerization (DP) monotonically declines over service life and can only be restored by
replacing the insulating material [27]. The transformer lifetime is consumed cumulatively,
and it is particularly influenced by hot-spot temperatures as prescribed in IEC/IEEE loading
guides [28]. High hot-spot temperatures degrade the insulation irreversibly and increase
brittleness [29,30]. This foundational understanding justifies the developed algorithm’s
assumption of degrading performance.

2.3. Statistical Validation of Maintenance Interventions

To assess whether a recorded intervention produced a statistically significant
improvement in the performance index y(t), a local comparison strategy is applied,
which is based on the last observation immediately before the intervention and the
first two observations available after it. Let {y denote the intervention instant. The last
pre-intervention observation is denoted by ypre, while the two post-intervention values
are denoted by y(t() (if available at the same time as the intervention) and y(fy+ ) (the first
non-intervention observation with ¢t > t). If no measurement exists exactly at ty, the first
two non-intervention points with t > fj are used instead.

The differences relative to the baseline are defined in (7). The sample mean d and
variability s; of these differences are computed as in (8). The test statistic in (9) follows
Student’s ¢ distribution under the null hypothesis with df = 1 degree of freedom.

dy = y(to) — Ypre and dy = y(tog+) — Ypre 7)
d_:dlzﬂ and  sq=\/(d —d)? + (dy — d)? ®)
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d

t VoL df=1 )
The hypotheses are formally written as Hy : d < 0 versus Hy : d > 0. The one-sided
p-value is defined as p = Pr{T; > t} = sf(t;1) where Tj is a t random variable with one
degree of freedom. Here, Pr{-} denotes probability: that is, Pr{ A} is the probability that
event A occurs. In addition, the notation sf(t;1) refers to the survival function of the ¢
distribution with one degree of freedom, defined as sf(x) = 1 — F(x) = Pr(X > x), where
F(x) is the cumulative distribution function (CDF). At the end, the decision rule relies

exclusively on the p-value.

e If p < a, the intervention is classified as Effective;
e If p > a, the intervention is classified as Not Statistically Effective (NSE).

2.4. Particle Filters for Predicting the Performance Index

Subsequently, two custom Monte Carlo-based filters developed in this study and
referred to as AD-SIS and AD-Bootstrap are applied. Unlike standard Sequential
Importance Sampling (SIS) and Bootstrap filters, these frameworks incorporate specific
mechanisms to address irregular sampling, autoregressive forecasting, and condition-based
classification. Monte Carlo techniques are widely used for probabilistic inference in
nonlinear dynamic systems [8,31,32] and constitute an important branch of Artificial
Intelligence (Al) for modeling uncertainty.

Initially, the unobserved signal (hidden states) x; with t € N is considered to be
modeled as a Markov process with an initial distribution p(xp) and transition probability
p(x¢ | x¢—1). The observations y; with t € N* are assumed to be conditionally independent
given the stochastic process and the marginal distribution p(y; | x¢). Additionally, let

A A . .
xo:t = {x0,...,xt} and y14+ = {y1,...,y:} represent, respectively, the signal and the
observations at time f. First, Bayes’ theorem is applied to compute p(x; | y1.4—1) in (10).

p(y1¢ | Xo:t) p(Xo:t) 10
fP Y1t | XOt) (XO:t)de:t (10)

In the Sequential Importance Sampling (AD-SIS) filter, the importance sampling

p(xo:t | y1t) =

method produces an estimate of p(xo.; | y1.t), defined as Py (dxo. | y1.¢), without altering
the past simulated trajectories, given by x(()l;zfl, withi=1,...,N, where N is the number
of independent and identically distributed (i.i.d.) random samples, which are referred
to as particles [32]. Thus, the importance function 7(xg; | x1.;) at time ¢, understood as
a marginal distribution at ¢ — 1, satisfies the relationship in (11), which is obtained by a
recursive structure of the posterior distribution based on the Markov assumption, serving as
the foundation for Sequential Importance Sampling. Furthermore, the importance weights
(i)

W, ' are computed recursively, as shown in (12).

mt(xo:t | y1:) = p(x0) | [ p(x | xe—1) (11)

(i) ~(i) ( Xl ) p(xgl - ) (12)

ZUt o<wt71 (
(Xt |x0t'y1 t)

In the AD- Bootstrap filter, the importance weights are considered as p(y; | ifi)),

()

ad]ustment of partlcles to observations by eliminating additional importance functions

-~

=~
Il
_

where X, ~ p(x¢ | x ) This modification, compared to the AD-SIS filter, enhances the
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present in the latter. As a result, the AD-Bootstrap filter discards low-relevance particles
and focuses computations on the most representative ones.

The observation y; is assumed to be conditionally dependent on the latent state
through an observation function h;(-), which is also subject to measurement noise. In this
study, two forms of observation models were considered:

1. Direct observation with additive Gaussian noise, modeled as h(x;) = x; + #,, with
1, ~ N(0,0%1);

2. Alikelihood function with exponential form, £(x¢;y;) = exp( — % (’“;723")2 , which is
suitable for simulating asymmetric or peaked behaviors in the observation process.

The transition model at time ¢ is defined as x; = clip(fi(x;—1) + &, 0, 1), & ~
N (0, (TZI), where fi(-) is a scalar-valued function applied component-wise to each
particle in x;_1, and clip(-) limits each resulting element to the interval [0, 1], ensuring
consistency with the normalized domain of the performance index. The following
forms were considered for f;(x), where x denotes a generic particle in the vector x;_1:
sine-based, fi(x) = 0.5(1 + sin(x)); linear decay, f;(x) = 0.8x; quadratic with sine,
fi(x) = 0.5(1 + sin(x)) + 0.1x%; and uniform noise, x; ~ (0, 1), independently drawn.

2.5. Filter Performance Metrics

Additionally, to evaluate the performance of the filters, the following metrics are
used: MAE (Mean Absolute Error) and R? (coefficient of determination), as defined in
Equations (13) and (14), respectively. In this context, §; and y; denote, in that order, the
predicted and observed values of the performance index at instance [, while ¥ represents
the mean of the observed values. High-performance models are expected to exhibit low
MAE values, indicating minimal prediction errors, and R? values close to one, reflecting
the high explanatory power of the model.

1 &
MAE = =) |9 — v (13)
3
RZ =1— 2?21(]/1 _91)2

Y (v —v)?

The best hyperparameter configurations for each model are determined using a

(14)

composite score, as defined in (15), which combines both prediction accuracy and
explanatory power. Lower values of the composite score indicate better overall performance,
as they reflect a combination of reduced prediction error (via MAE) and improved goodness
of fit (via R?).

Composite score = MAE + (1 — R?) (15)

Each particle was initialized by sampling from a uniform prior distribution over the
interval [0, 1], which corresponds to the normalized domain of the performance index.
The state transition model incorporated Gaussian noise added to each particle with the
standard deviation ¢. In Monte Carlo methods, the typical estimation error decreases on
the order of O(1/+/N) as the number of samples N increases [33,34] yet with diminishing
returns beyond a certain threshold. The set N € {400;800; 1000; 1600; 4000; 10,000} was
selected to span a wide computational range that enables an evaluation of the error curve
as a function of N, where precision gains stabilize, typically between approximately 10°
and a few thousand particles [35]. It is also useful to observe convergence behavior and
compare outcomes to a high asymptotic reference point, N = 10,000.
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Adaptive resampling via the Bootstrap approach is triggered when the Effective
Sample Size (ESS) falls below N /2. This is a well-established heuristic widely reported
in the literature [36,37], which helps prevent weight degeneracy while preserving
particle diversity. For the process and observation noise, the levels were set to
o € {0.005,0.01,0.05,1.5,2.0}, with all values defined over the normalized domain [0, 1], as
follows [38]:

¢ Low values of ¢ (0.005 to 0.01): represent near-deterministic dynamics where weight
collapse is likely if the likelihood function is sharp.

¢  Intermediate value (around 0.05): corresponds to typical post-normalization variability,
offering a balance between tracking flexibility and smoothing.

*  High values (1.5 to 2.0): serve as stress tests (negative controls), inducing excess
diffusion that challenges the filter’s robustness under over-smoothed or poorly
identifiable regimes.

2.6. Workflow of the Developed Method

For better visualization, the developed method is outlined in the flowchart of Figure 1.
It depicts the main sequence of steps described in Section 2, which comprise the designed
approach, from data input to output.

INPUT: Temporal data
from nine predictive techniques
(DGA, PC, DP, ET_LVEC,
ET_TTR, ET_PF, ET_IR,
ET_WR and ET_CB)

v
Preprocessing with
temporal segmentation based on
intervention effectiveness and
outlier elimination by algorithm developed (AD)

Statistical validation
of maintenance
interventions

Y

Performance comparison General performance index y(t):

with LOF and IF min value over the sets for each instant

Y

tuni Precglcl’sng d Particle filters
(.umng of ( ’.(7.)’ an . (AD-SIS & AD-Bootstrap)
observation and transition functions)

PROCESSING STAGE

\4
OUTPUT: Maintenance decision
(decision-making support,
intervention scheduling and
operational status classification)

Figure 1. Workflow of the methodology developed in this study.

As illustrated, the workflow in Figure 1 presents the sequential logic of the method,
from data preprocessing to decision-making support, and provides a basis for the reader to
follow the subsequent results.
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3. Results and Discussion
3.1. Operating Conditions, Weather Events and Maintenance Interventions

In this study, the simulated faults, defined according to the operating conditions of each
unit, and their respective implications for the predictive techniques are presented in Table 2.
To enhance comparability and emphasize the observed effects, five power transformers

(TR1 to TR5) immersed in insulating mineral oil with broadly similar characteristics
were selected.

Table 2. Power transformers: simulated operating conditions, weather events, maintenance

interventions, and observed effects.

Operating Conditions, Weather Events and

Equipment Maintenance Interventions Observed Effects
¢ Natural aging.
*  No electrical overloads.
TR1 * No severe atmospheric events or weather Slight and general decay in the performance
conditions. indices of various techniques.
* No damaging systemic transients.
¢ No maintenance intervention.
e Natural aging.
*  No electrical overloads.
TR? e No severe atmospheric events or weather Slight and general decay in the performance
conditions. indices of various techniques.
* No damaging systemic transients.
¢  No maintenance interventions.
¢ With electrical overloads.
*  Without severe atmospheric events and bad  Accelerated decay in the performance indices of
TR3 weather. DGA, DP, and a slightly lower decay in ET_IR,
e  Without damaging systemic transients. ET_PF, and PC.
¢ With maintenance interventions.
¢ Normal loading.
*  With severe atmospheric events.
*  With severe weather conditions and water
penetration through the seals in the active Accelerated decay in the performance indices of
TR4 part. PC, ET_IR, ET_PF, and ET_CB, with a slightly
*  With systemic transients that are stressful to  lower decay in DGA and DP.
the insulation.
¢ With maintenance interventions and bushing
replacement.
*  With electrical overloads in some years and
R ;0; ;relvoetiei;nospheric events and bad Accelerated decay in the performance indices of
TR5 DGA and DP with a slightly faster decay in ET_IR

weather.
*  No stressful systemic transients.
e  With maintenance interventions.

and PC.

Table 2 includes the adoption of a common set of predictive techniques and uniform
data-sampling procedures, which collectively provide a standardized framework for
performance assessment. While the equipment shares these structural and methodological
attributes, it differs in specific operational aspects, such as the occurrence of electrical
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overloading, exposure to extreme weather events, and the execution of maintenance
interventions. These controlled variations allow for a comparative analysis of how distinct
fault scenarios influence the outcomes of the predictive techniques.

Although the operating conditions and fault scenarios presented in Table 2 are
simulated, they were designed to reproduce patterns actually found in practice. Each
case mirrors plausible degradation processes and intervention outcomes, showing how
stress factors such as overloading, weather events, and maintenance actions interact with
the deterioration of insulating materials and structural components. By integrating a broad
range of predictive techniques, the dataset preserves completeness and represents consistent
behaviors across different scenarios. Hence, this synthetic yet realistic construction ensures
methodological control while still reflecting field-relevant dynamics, thus strengthening
the connection between simulated analysis and operational evidence.

3.2. Performance Comparison Between Artificial Intelligence Algorithms Tested and the
One Developed

Tables 3 and 4 present the comparison of the success rates of the outlier classification,
based on the labeling provided by experts in power transformer maintenance, considering
the three algorithms evaluated: the Local Outlier Factor (LOF), Isolation Forest (IF) and the
algorithm designed (AD) in this work.

Table 3. Success rates of the applied tools for TR1 to TR3.

Predictive TR1 TR2 TR3
Technique LOF IF AD LOF IF AD LOF IF AD
DGA 100% 80.0% 100%  100%  80.0% 100% 100% 84.1% 100%
PC 100% 85.7% 100% 98.3% 82.0% 97.1% 98.3% 84.1% 100%
DP 100% 80.0% 100%  100%  80.0% 100% 100% 87.4% 100%
ET_LVEC 943% 91.4% 100% 94.3% 914% 100% 94.3% 91.4% 100%
ET_PF 100% 829% 97.1% 983% 853% 100% 98.3% 87.4% 91.4%
ET_TTR 971% 94.3% 94.3% 971% 943% 943% 971% 943% 94.3%
ET_IR 100% 85.7% 97.1% 98.3% 85.3% 91.4% 98.3% 874% 97.1%
ET_WR 94.3% 88.6% 91.4% 943% 88.6% 100% 943% 88.6% 91.4%
ET_CB 100% 829% 943% 100% 88.5% 100%  100%  88.5%  100%
Result 98.4% 85.7% 97.1% 97.8% 862% 98.1% 97.8% 88.1% 97.1%

Table 4. Success rates of the applied tools for TR4 and TR5.

Predictive TR4 TR5

Technique LOF IF AD LOF IF AD
DGA 94.3% 94.3% 97.1% 91.7% 81.7% 91.4%
PC 94.3% 94.3% 100% 93.8% 89.2% 91.4%
DP 97.1% 91.4% 97.1% 100% 91.4% 97.1%
ET_LVEC 94.3% 91.4% 91.4% 94.3% 91.4% 100%
ET_PF 88.6% 85.7% 100% 100% 84.5% 97.1%
ET _TTR 97.1% 94.3% 94.3% 97.1% 94.3% 94.3%
ET IR 82.9% 85.7% 100% 100% 87.5% 82.9%
ET_WR 94.3% 88.6% 91.4% 94.3% 88.5% 97.1%
ET_CB 95.6% 83.1% 100% 100% 82.9% 100%
Result 93.2% 89.9% 96.8% 96.8% 87.9% 94.6%

For the LOEF, the main hyperparameter is the number of nearest neighbors k, which
controls the local density estimation. To determine the optimal value of k for each temporal
cluster in the LOEF, the Silhouette score (S) was employed, defined in (16) [21,39,40], where
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a; denotes the mean intra-cluster distance, b; represents the mean nearest-cluster distance,
and 7 is the number of samples in the cluster, as illustrated in Figure 2.

s=ly _bizai (16)
-~ n = max(a;, b;)

=== Best=17.000

0.4

0.2 1

0.0 1

70.2 .

_0'4 .

Silhouette score

-0.6

-0.8 1

_1‘0 .

Figure 2. Example of Silhouette curve for a cluster of the predictive technique ET_PF, which is used
to determine the optimal k of the LOF for TR4.

Similarly, for the IF, the contamination parameter, which represents the expected
proportion of outliers in Scikit-learn library [41-43], was optimized using a grid:
contamination € {0.01,0.03,0.05,...,0.20}, because the lower bound reflects the realistic
assumption that anomalies in equipment time series are rare, while the upper bound
accounts for clusters with higher proportions of abnormal behavior due to concentrated
interventions. Figure 3 exemplifies that optimization process.

0.26
=== Best=0.031
0.24
0.22
0.20 A

0.18

0.16

Silhouette score

0.14

0.12 A

0.10 1

0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
Contamination

Figure 3. Example of Silhouette curve for a cluster of the predictive technique ET_TTR, which is used
to determine the optimal contamination of the IF for TR4.

The results presented in Tables 3 and 4 highlight the high success rate of the proposed
algorithm (AD). For instance, in the DGA, PC, and DP techniques, AD achieved a success
rate of 100% for TR1 and TR3, whereas the LOF and IF almost always exhibited lower
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performances. On average, considering the five evaluated transformers, AD reached a
success rate of 96.7%, which is superior to IF (87.6%) and comparable to the LOF (96.8%). It
is worth noting that IF consistently yielded lower accuracies among the tested methods,
although still maintaining values above 80%. These findings demonstrate that the proposed
strategy is consistent across different techniques and power transformers, confirming its
robustness and broad applicability.

3.3. Hyperparameters of the Particle Filters

Tables 5 and 6 summarize the optimal hyperparameter configurations identified for
each particle filter and power transformer based on training performance, corresponding
to AD-SIS and AD-Bootstrap, respectively. A time-aware split was adopted, where the first
70% of the temporal data was allocated to the training set and the subsequent 30% to the
testing set, in order to avoid data leakage and maintain the natural sequence of events.

Table 5. Best hyperparameter configuration based on training performance for each power
transformer (AD-SIS).

Equipment Transition Observation N o

TR1 Uniform Exponential 1000 0.01
TR2 Uniform Gaussian 800 0.01
TR3 Uniform Exponential 4000 0.005
TR4 Uniform Exponential 4000 0.005
TR5 Uniform Exponential 400 0.005

Table 6. Best hyperparameter configuration based on training performance for each power
transformer (AD-Bootstrap).

Equipment Transition Observation N o

TR1 Uniform Exponential 10,000 0.005
TR2 Uniform Exponential 10,000 0.01
TR3 Uniform Exponential 10,000 0.005
TR4 Uniform Exponential 10,000 0.005
TR5 Uniform Exponential 10,000 0.005

All reported results were obtained using the best-ranked combinations of transition and
observation functions, as determined by the consolidated analysis. For the AD-Bootstrap
filter, increasing the number of particles to N = 10,000 consistently resulted in outstanding
predictive performance. The test set R? values approached unity, reaching 0.99998, 0.99988,
0.99999, 0.99998, and 0.99999 for TR1 through TR5, respectively. Furthermore, the training
metrics exhibited extremely low error levels with MAE values ranging from 0.00033 to
0.00037. These findings demonstrate the model’s strong ability to fit the training data while
maintaining excellent generalization when a sufficiently high number of particles is used.

These results provide an intuitive understanding of how the number of particles (N)
and the noise level (¢) jointly influence filter performance. For instance, for transformer
TR1, the best configuration for the AD-Bootstrap filter was N = 10,000 and ¢ = 0.005,
using a uniform transition function and an exponential observation function. This same
combination yielded the best result on the test set. In the case of the AD-SIS filter, the
optimal configuration on both the training and test sets was N = 1000 and ¢ = 0.01, under
the same transition and observation functions as AD-Bootstrap. Figures 4 and 5 present
the composite score heatmaps for the test set of TR1 under the evaluated configurations of
AD-Bootstrap and AD-SIS filters with the best-performing combination of transition and
observation functions.
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Figure 4. Composite score heatmap for TR1 test set, AD-Bootstrap, uniform transition, and

exponential observation.
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Figure 5. Composite score heatmap for TR1 test set, AD-SIS, uniform transition, and

exponential observation.

Conversely, the Sequential Importance Sampling (AD-SIS) filter exhibited substantially
lower predictive accuracy even when using its best configuration of transition and
observation functions. The best R? values on the test set were significantly lower, with
some even negative (e.g., 0.4430 for TR1, —0.3060 for TR2, and —1.6606 for TR4), and
only moderate or acceptable results for TR3 (0.5678) and TR5 (0.2601). Although a few
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configurations achieved decent training performance (with MAE ranging from 0.0618 to
0.0816), the large gap between training and testing metrics indicates overfitting and limited
generalization capacity. These outcomes suggest that AD-SIS is more sensitive to noise and
less robust than AD-Bootstrap, especially when using fewer particles or under conditions
of higher model variance.

3.4. Execution Time Analysis and Memory Usage

The computational time required by each configuration was evaluated as a function
of the number of particles N. All simulations were executed on a laptop equipped with
an Intel(R) Core(TM) i5-1035G1 CPU @ 1.0-1.2 GHz (8 logical cores) and 12 GB of RAM,
running Windows 11 Home 64-bit. The implementation was developed in Python 3.12
using the Spyder IDE. Figures 6 and 7 illustrate, for TR1, the computational runtime (in
seconds) of the particle filters as a function of the number of particles (N) for different
noise levels (¢). Each curve represents the mean runtime across transition and observation
models, including both training and test phases.

—8— 0=0.005
0=0.01
—8— 0=0.05
0054 @ o=15
—0— 0=2.0

0.04

Runtime (s)
o
3

0.02 1

0.01

0 2,000 4,000 6,000 8,000 10,000
Number of particles (N)

Figure 6. Runtime as a function of the number of particles (N) for different noise levels (¢) in TR1,
averaged across transition and observation models, including both training and test phases for the
AD-Bootstrap filter.

The runtime in Figures 6 and 7 increases approximately linearly with N for all levels
of 7, reflecting the additional sampling and weight update operations required by particle
filters. This analysis is essential to assess the practical feasibility of the proposed models,
since although larger N values generally improve accuracy, as illustrated in Figures 4 and 5,
the execution cost must remain acceptable for real-world applications. Moreover, it is
necessary to seek a balance between computational cost and the improvement in the
composite score given in (15), as beyond a certain point the accuracy gains become marginal
relative to the additional runtime.

In addition, the computational assessment considered both runtime and memory
usage, since these aspects are decisive for the feasibility of particle filter implementations. In
that way, peak memory was measured with tracemalloc to capture Python-level allocations.
Although native buffers (such as those handled by NumPy) may not be fully accounted
for, the observed memory footprints remained well below the RAM capacity of a standard
laptop. While the full set of results was obtained across all (N, ¢) configurations, Table 7
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highlights both the maximum and minimum runtime and memory usage observed per
transformer and filter. This representation not only indicates the upper bound of execution
time but also makes explicit the associated peak memory usage. It is interesting to note
that since the series lengths across TR1 to TR5 are similar, the most critical runtime and
memory usage values are essentially the same for all transformers, being driven primarily
by the (N, o) configuration rather than by equipment-specific characteristics.

—8— 0=0.005
0=0.01
—&— 0=0.05
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—0— 0=2.0
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0.025
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0 2,000 4,000 6,000 8,000 10,000
Number of particles (N)

Figure 7. Runtime as a function of the number of particles (N) for different noise levels (¢) in TR1,
averaged across transition and observation models, including both training and test phases for the
AD-SIS filter.

Table 7. Runtime and peak memory from TR1 to TR5: AD-Bootstrap versus AD-SIS across N and ¢.

Configuration Average Runtime (s) Peak Memory (MB) Filter
N =400, ¢ = 0.005 0.01 0.02 AD-Bootstrap
N = 10,000, o = 2.000 0.04 0.51 AD-Bootstrap
N =400, ¢ = 0.005 0.01 0.02 AD-SIS
N = 10,000, o = 2.000 0.02 0.46 AD-SIS

The results in Table 7 show that memory usage remained very modest across all
settings, even for N = 10,000 particles. Thus, runtime is the dominant limiting factor in
practice, whereas memory requirements are not expected to restrict real-world applications
on standard hardware. The relative difference between AD-Bootstrap and AD-SIS mainly
reflects the resampling overhead of the former, confirming that the performance gain
of AD-Bootstrap comes at the cost of longer execution times but without substantial
memory impact.

3.5. Future Behavior Simulation and Technical Assessment of Equipment Operational Patterns

To simulate the future behavior of the equipment performance index, a forecasting
strategy based on the AD-Bootstrap particle filter was employed, using the best configuration
identified during the training phase for each transformer. This configuration includes
the best combination of transition and observation models, particle count N, and noise
level o. In the absence of actual future observations, the forecast was conducted under
a conservative hypothesis: no new maintenance actions are performed, and the system
undergoes continuous natural degradation. This assumption reflects a worst-case scenario,
which is relevant to planning and risk analysis in asset management.
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At each forecasting step, the most recent estimated value is reused as a proxy
observation to feed the filter, forming an autoregressive process. This iterative procedure
allows the uncertainty to propagate throughout the horizon, generating a sequence of
performance index estimates. To ensure that the resulting trajectory remains physically
consistent, i.e., exhibits progressive degradation, a controlled correction mechanism is
applied. The procedure includes the following;:

1.  Trend correction: At each step, the local trend is estimated by fitting a linear model
to the last k predicted values. If the trend is positive (indicating improvement), it is
replaced by a fixed negative slope to ensure a conservative decay pattern.

2. Noise injection: A small Gaussian perturbation is added at every iteration to simulate
the intrinsic variability of equipment behavior, accounting for minor fluctuations that
may arise even in the absence of external events.

3. Value clipping: All predicted values are constrained to the interval [0, 1] to maintain
consistency with the normalized domain of the performance index.

This approach avoids unrealistic increases in the performance index when no
maintenance is performed and results in a smooth downward curve that represents
the system’s natural aging. The forecasted values offer a practical basis for estimating
degradation timelines and scheduling preventive interventions. Figure 8 illustrates the
predicted decline in the performance index of transformer TR1 under ideal operating
conditions with no electrical overloads, nor severe weather events, nor harmful transients,
nor maintenance actions.

0 2,000 4,000 6,000 8,000 10,000 12,000 14,000 16,000
Time (days)

Figure 8. Predictive modeling of performance index dynamics for TR1 via AD-Bootstrap and
AD-SIS filters.

According to the simulation, TR1 is expected to reach a performance index of
0.65 pu (Classification C—Marginal) in approximately 6946 days (around 19 years),
and 0.5 pu (Classification D—Poor) in around 9864 days (around 27 years), which
significantly increases the probability of failure. These results suggest that timely preventive
maintenance could considerably extend the useful life of the equipment.

In the forecast for TR2, this observation is imposed, as depicted in Figure 9, which
illustrates the natural degradation trajectory of the performance index y under favorable
operating conditions with no electrical overloads, nor atmospheric discharges, nor severe
weather events, nor damaging transients in the power system.

Differently from TR1, however, TR2 underwent three maintenance interventions.
The first was performed at 3295 days of operation (approximately 9 years), but it
proved ineffective, resulting in virtually no change in the performance index. The
second intervention, conducted at 7306 days (around 20 years), led to a more substantial
improvement, increasing the index from 0.638 pu (Classification C—Marginal) to 0.796 pu
(Classification B—Good). Finally, the third intervention, carried out at 11,326 days
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of operation (approximately 31 years), raised the performance index from 0.611 pu
(Classification C—Marginal) to 0.676 pu (Classification B—Good). This contrast underscores
the importance of technically sound maintenance actions in achieving measurable
improvements in transformer performance.

X Observed signal
—— AD-SIS prediction
AD-Bootstrap prediction
~=- AD-Bootstrap forecast (low noise)
----- Intervention
~ =~ TForecast start
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Performance index y

0.6
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0 2,000 4,000 6,000 8,000 10,000 12,000 14,000 16,000
Time (days)

Figure 9. Predictive modeling of performance index dynamics for TR2 via AD-Bootstrap and
AD-SIS filters.

Nevertheless, it is important to highlight that as a result of the three maintenance
interventions, the forecasting framework developed in this study, when applied via the
AD-Bootstrap particle filter, projects that the overall performance index for TR2 will remain
above 0.6 pu (Classification C—Marginal) until approximately 16,000 days of operation
(around 44 years), which is the upper bound of the forecasting window. This projected
trajectory reflects a considerably more favorable degradation profile when compared to
TR1. Therefore, the findings strongly support the conclusion that timely and technically
appropriate maintenance actions have a substantial positive impact on extending the service
life of power transformers, as quantitatively captured by the developed methodology.

In that way, Figure 10 presents the degradation trajectory of the overall performance
index for TR3 under adverse operating conditions. The equipment was subjected to
electrical overloads, but neither atmospheric events nor severe weather nor harmful system
transients occurred. Maintenance interventions were performed. The first intervention
occurred at 3295 days of operation (approximately 9 years), and the second occurred
at 7306 days (approximately 20 years), during which the overall index showed only a
slight improvement from 0.629 pu (Classification C—Marginal) to 0.693 pu (Classification
B—Good).

This limited recovery is explained by the fact that although the oil treatment
improved the performance indices of the Physicochemical Tests (PC), Insulation Resistance
(ET_IR), and Power Factor (ET_PF), the Degree of Polymerization (DP) was significantly
impacted by the electrical overloads. These overloads accelerated the degradation of the
cellulose insulation in the windings, which was a component directly associated with DP
measurements. When comparing Figure 10 (TR3) with Figure 9 (TR2), it becomes evident
that TR3 undergoes faster degradation due to the effects of overload. Notably, the third
intervention carried out on TR3 at 10,595 days (around 29 years) proved ineffective, as
no significant improvement in the overall performance index was observed following its
execution. In such scenarios, the tool developed in this study proves valuable for predicting
the equipment’s degradation trend, enabling preventive maintenance actions or even its
removal from operation at a more favorable time.
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Figure 10. Predictive modeling of performance index dynamics for TR3 via AD-Bootstrap and

AD-SIS filters.

The evolution of the performance index y for TR4 reveals the impact of various
stressors encountered throughout its operational life, as illustrated in Figure 11.
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Figure 11. Predictive modeling of performance index dynamics for TR4 via AD-Bootstrap and
AD-SIS filters.

Although the transformer operated under nominal loading conditions, it was exposed
to a combination of external aggressions, including atmospheric discharges, severe weather
events, water ingress through sealing points, and harmful transients in the electrical
network. These adverse conditions triggered two maintenance interventions; the second
involved the replacement of bushings.

The first intervention, performed at 5116 days of operation (approximately 14 years),
resulted in a notable performance improvement, increasing y from 0.67 pu (Classification
B—Good) to 0.85 pu (Classification A—Excellent). The second occurred at 8399 days
(approximately 23 years), following an abrupt decline in the bushing performance index
to 0.22 (Classification E—Very Poor), which was caused by damage attributed to systemic
transients. In response, the bushings were replaced preventively prior to catastrophic
failure, and additional preventive maintenance actions were carried out on the transformer.
As a result, the global performance index recovered to 0.67 (Classification B—Good).

In light of these interventions, the forecasting tool developed in this study, using
the AD-Bootstrap particle filter, estimates that the overall performance index will remain
close to 0.6 pu (Classification C—Marginal) until approximately 16,000 days of operation
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(around 44 years), which is the upper limit of the forecasting window. This outcome
reinforces the model’s ability to capture long-term trends and highlights the effectiveness
of condition-based maintenance strategies in preserving asset performance and extending
its operational lifespan.

A similar analysis applies to TR5, whose performance trajectory is depicted in
Figure 12. Throughout its operational life, the transformer experienced alternating periods
with and without electrical overloads but remained unaffected by atmospheric discharges,
severe weather events, and systemic transients, which are factors that typically impose
additional stress on insulation systems.
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Figure 12. Predictive modeling of performance index dynamics for TR5 via AD-Bootstrap and
AD-SIS filters.

Nonetheless, the persistent exposure to overload conditions led to a progressive
decline in the overall performance index. In response, four maintenance interventions
were executed at 2922 days (approximately 8 years), 5116 days (around 14 years),
8768 days (around 24 years), and 10,961 days (around 30 years). Despite improvements in
oil quality parameters following these interventions, their impact on the overall condition
of the transformer was limited. The primary reason lies in the accelerated degradation of
the cellulose insulation, which was particularly evidenced by the persistent deterioration
in the Degree of Polymerization (DP) index. Given that such degradation is irreversible
without complete factory-level reconditioning of the windings, the interventions failed to
produce sustained improvements in the equipment’s health.

This case underscores the value of the predictive framework developed in this study.
By revealing consistent long-term downward trends in the general performance index,
the tool enables the early identification of irreversible degradation processes and offers
quantitative support for asset retirement decisions, thereby contributing to more reliable
and cost-effective fleet management strategies.

3.6. Statistical Validation of Maintenance Interventions

Table 8 presents the results of the statistical validation procedure of maintenance
interventions for each equipment unit (from TR1 to TR5), considering a significance level
of « = 0.10. It details, step by step, each parameter employed, as well as the results
of Student’s t-test and the corresponding p-value. Based on the formulated hypothesis
test, the applied maintenance intervention is classified as Effective or Not Statistically
Effective (NSE).
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The formulation shown in Table 8 formalizes the graphical interpretation of the
intervention effectiveness analysis. Thus, what could previously only be visually inferred
from the behavior of the performance index after the intervention is now supported by a
parametric hypothesis test. Therefore, it was possible to demonstrate, in a mathematical
and reproducible manner, whether the variation observed in the performance index
after each intervention can be attributed to a real maintenance effect or merely to
chance. It is important to highlight, in this sense, that the graphical interpretations are
consistent with the statistical results obtained, reinforcing the validity and reliability of the
proposed procedure.

Table 8. Results of one-sided predictive t-tests for maintenance interventions using « = 0.1.

Equipment ty (Days) y(t)) ypre Y(fp+) t-Student p-Value Decision
TR1 — — — — — — No intervention
3295 0.791 0.830 0.768 —4.391 0.929 NSE *
TR2 7306 0.775 0.638 0.766 29.444 0.011 Effective
11,326 0.676  0.611  0.660 7.125 0.044 Effective
3295 0.787 0.826  0.763 —4.250 0.926 NSE *
TR3 7306 0.672  0.629  0.655 4.059 0.077 Effective
10,595 0.467  0.52 0.439 —4.786 0.934 NSE *
5116 0.824 0.668 0.825 277.133 0.001 Effective
TR4 8399 0.663 0.222  0.627 23.066 0.014 Effective
11,326 0.676  0.535  0.660 16.595 0.019 Effective
2922 0.826 0.790 0.813 4.538 0.069 Effective
TR5 5116 0.723  0.69 0.717 10.000 0.032 Effective
8768 0.564 0.602  0.551 —6.846 0.954 NSE *
10,961 0.446 0400 0435 7.364 0.043 Effective

* The term NSE means Not Statistically Effective.

3.7. Time Series Cross-Validation with One-Step-Ahead Forecasting

The evaluation of the predictive performance of particle filters was conducted to avoid
bias from a single train—test split. To this end, a nested temporal cross-validation procedure
with one-step-ahead prediction was adopted. In the outer loop, each series was divided
into k = 5 progressive folds. Moreover, within each training segment, an inner loop (k = 3
folds) was applied to select the best hyperparameter configuration (number of particles
N, noise level o, and transition and observation models). This design ensured that model
selection was carried out solely on the training data, while the external test fold remained
completely unseen until the final evaluation.

The metric used for hyperparameter selection is defined in (15), where lower
values indicate a better trade-off between accuracy and explanatory power. Once the
best configuration was identified in the inner loop, it was fixed and evaluated on the
corresponding test fold. In addition to regression-based indicators, categorical performance
was assessed by discretizing the performance index into classes A to E, according to Table 1.
The following classification metrics were considered:

1.  Strict accuracy (Ac), corresponding to exact matches between predicted and
observed classes;
2. Accuracy £1 (Aq+1), which allows deviations of at most one adjacent class.

Figure 13 summarizes the one-step-ahead nested CV results. Random seeds were
deterministically varied across outer/inner folds and candidate configurations (offsets of a
base seed) to reduce sensitivity to stochastic sampling and resampling.

The average performance of the AD-Bootstrap and AD-SIS filters, shown in Figure 13,
considers all time series evaluated under the nested time-series cross-validation scheme.
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The AD-Bootstrap filter achieved globally superior results compared to AD-SIS with a strict
accuracy of 85.33% and perfect accuracy +1 (Aq.+1 = 100%). This indicates that even when
AD-Bootstrap misclassifies, it tends to remain within the neighborhood of the correct class.

In contrast, AD-SIS exhibited lower values across all metrics with strict accuracy of
79.67% and tolerant accuracy of 97.00%. These findings highlight the superior predictive
performance of AD-Bootstrap over AD-SIS in one-step-ahead forecasting scenarios,
although the latter still demonstrates reasonable generalization, making it a viable option
in contexts where lower computational cost or model simplicity are decisive factors.

BN A (Bootstrap) Acc =1 (Bootstrap)
— A (SIS) Acc=1 (SIS)
W W S '

o

Accuracy (%)

TR3
Equipment

Figure 13. Accuracy comparison between AD-Bootstrap and AD-SIS across power transformers.

Overall, these results demonstrate that particle filters are effective in preserving
the ordinal structure of transformer performance classes even under different operating
conditions. In particular, the robustness of AD-Bootstrap makes it the most promising
candidate for practical deployment.

3.8. Comparison with State-of-the-Art Methods

To perform systematic and comprehensive diagnostics, Al has been employed in
the interpretation of DGA. Applications of Multilayer Perceptron networks trained with
Levenberg-Marquardt and adaptive backpropagation achieved accuracies above 96% for
CyH; and 87% for Hj, significantly outperforming conventional IEEE/IEC methods (key
gas and Rogers) [44]. There are also models of autoassociative neural networks combined
with Mean Shift, enabling unsupervised diagnostics with accuracies close to 84% [45]. Other
Al approaches combine artificial neural networks with rule-based logic, reaching more than
95% accuracy in critical faults [46]. Advances include Double-Stacked Autoencoders,
which achieved 96.83% accuracy [47]. Also, a mathematical approach and Support
Vector Machines (SVMs) were employed as decision-making methods in hybrid fault
diagnosis systems. Tests conducted with 317 real fault datasets from power transformers
demonstrated an accuracy of 95.58% for the mathematical approach and 96.23% for the
SVM-based model [48]. These contributions highlight that modern Al techniques can
outperform traditional diagnostic methods but still present high computational complexity
and sensitivity to hyperparameters.

Regarding the aging of cellulosic insulation, Al-based approaches have been applied to
diagnostics using the degree of polymerization (DP). For example, temporal networks are
explored, where LSTM achieved 92.3% accuracy, outperforming convulotional networks
(89.6%) [49]. Despite promising results, these techniques require large volumes of labeled
data and high computational costs. Physicochemical tests have also been interpreted with
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Al Hybrid artificial neural networks have been applied, reaching a maximum accuracy
of 89% in multiclass classification, although with low interpretability and dependence
on input normalization [50]. However, these approaches still depend on limited datasets
restricted to specific voltage classes.

Partial discharge (PD) detection by acoustic emission has also benefited from Al
Fourier and wavelet transforms integrated with classification models achieved up to 94%
accuracy in controlled conditions [51]. Methods such as Cubic-Support Vector Machine and
tree ensembles with bagging surpassed 98% accuracy [52]. Nevertheless, challenges remain,
including class imbalance and dependency on the quality of acoustic signals. In addition,
the recent production has explored the use of systems analysis and virtual modeling to
support predictive maintenance in complex energy infrastructures [53].

In the specific problem addressed in this study (one-step-ahead forecasting of a
continuous index mapped into ordinal classes A to E), the AD-Bootstrap filter achieved
85.33% strict accuracy and 100% =1-class accuracy, while AD-SIS achieved 79.67% and
97.00%, respectively. Although this is not a direct comparison with other studies, given
the differences in datasets, diagnostic and prognostic objectives, and performance metrics,
the results obtained here indicate that AD-Bootstrap, in particular, is competitive with
state-of-the-art Al algorithms and especially stable under the £1-class metric (more
appropriate for ordinal classifications).

Moreover, in this study, performance is evaluated with respect to the temporal
forecasting of an ordinal index, unlike most approaches that focus on fault classification in
static scenarios without incorporating the temporal dimension. Therefore, the developed
methodology provides a balanced trade-off between accuracy, computational efficiency,
and interpretability, directly addressing limitations reported in previous works, and making
it suitable for practical deployment in utility maintenance planning.

3.9. Limitations and Future Works

As a limitation of this study, it is noted that the transition and observation models
employed represent abstractions of the real behavior of power transformers; however, this
does not necessarily constitute a drawback, as it allowed for a more tractable analysis.
In addition, the performance of particle filters is strongly influenced by the number of
particles N, which creates a balance between accuracy and computational cost. Recursive
forecasting, in turn, propagates uncertainties over time. From a computational perspective,
runtime grows with N, which reinforces the need to reconcile accuracy with practicality.

As suggestions for future research, it is considered that integrating advanced resampling
schemes and adaptive noise strategies could further mitigate particle degeneration in particle
filters while preserving computational efficiency.

4. Conclusions

This study presented a hybrid Artificial Intelligence (AI) model incorporating
two novel Monte Carlo-based filtering frameworks: AD-Sequential Importance Sampling
(AD-SIS) and AD-Bootstrap, which were both developed to enhance probabilistic
forecasting and classification in power transformer monitoring systems. The methodology
integrated an innovative outlier removal algorithm, based on neighborhood consistency and
temporal clustering derived from intervention effectiveness, with probabilistic inference
mechanisms tailored to handle noisy and incomplete time-series data.

The experimental results highlighted the superior performance of the AD Bootstrap
filter, which achieved 85.45% accuracy across all simulated scenarios. Its effectiveness is
attributed to the adaptive resampling mechanism, which mitigates particle degeneracy
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and enables dynamic response to abrupt changes in system behavior, such as
maintenance interventions.

In contrast, the AD-SIS filter demonstrated reduced generalization capacity under
conditions of high variability. This limitation is primarily due to its reliance on fixed
importance sampling without resampling, which often results in particle impoverishment
and a loss of diversity in the particle set over time. Furthermore, the outlier detection
strategy developed in this work outperformed standard approaches such as the Local
Outlier Factor (LOF) and Isolation Forest (IF), efficiently filtering inconsistent measurements
while preserving critical behavioral patterns and rare anomalies essential for assertive
decision making.

The main contributions of this research include the consolidation of heterogeneous
diagnostic techniques into a unified and interpretable decision-support framework; the
robust identification and treatment of inconsistencies in operational time-series data from
the performance index; and the capability to simulate realistic degradation trajectories for
preventive maintenance. The developed strategy strengthens both the interpretability and
reliability of performance index monitoring, supporting more assertive and individualized
maintenance decisions. As a result, the approach offers valuable support to utility
companies by enhancing asset management and facilitating intelligent, data-driven decision
making with the explicit objective of reducing failure rates and ensuring the continuity of

energy supply.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

AD Algorithm Designed

AD-Bootstrap ~ Algorithm Designed Bootstrap Particle Filter

AD-SIS Algorithm Designed Sequential Importance Sampling filter
AHP Analytic Hierarchy Process

DBSCAN Density-Based Spatial Clustering of Applications with Noise
DGA Dissolved Gas Analysis

DP Degree of Polymerization

EGML Expertise-Guided Machine Learning

ESS Effective Sample Size

ET_CB Capacitance and Tangent Delta of Condenser Bushings
ET_IR Insulation Resistance

ET_LVEC Low-Voltage Excitation Current

ET_PF Insulation Power Factor

ET_TTR Turns Transformation Ratio

ET_WR Winding Resistance

GA Genetic Algorithms

IF Isolation Forest

KNN K-Nearest Neighbors

LOF Local Outlier Factor

LST™M Long Short-Term Memory

MEA Memetic Evolutionary Algorithms

NSE Not Statistically Effective

PC Physicochemical Tests

TR1 Power Transformer 1

TR2 Power Transformer 2

TR3 Power Transformer 3

TR4 Power Transformer 4

TR5 Power Transformer 5
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