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Abstract

Reliable state assessment of railway traction power transformers is challenged by het-
erogeneous operating environments, measurement disturbances, coupled gas-generation
mechanisms, and uneven fault-sample distributions. Conventional dissolved gas analysis
(DGA) ratio rules and single-model classifiers often show insufficient generalization when
rare faults and boundary-ambiguous operating states are encountered. To address this
issue, this paper proposes a feature-guided stacking framework for state assessment of
oil-immersed railway power transformers. First, a DGA-oriented fusion-feature repre-
sentation is established by combining raw gas concentrations, gas-ratio descriptors, and
an aggregated dissolved-gas analysis factor. Second, DBSCAN-assisted sample structur-
ing is introduced to identify density patterns, sparse rare fault regions, and boundary
samples, thereby improving the organization of imbalanced monitoring records. Third, a
monitoring-feature-embedded stacking model is developed in which heterogeneous base
learners are adaptively weighted according to feature-reliability information and integrated
through a cross-validated meta-learner. This synthetic-data-based validation provides a
controlled and reproducible proof-of-concept. Therefore, the reported results should be
interpreted as evidence of methodological feasibility. Under the default synthetic setting,
the proposed feature-guided stacking (FE-stacking) method achieves an accuracy of 99.70%
and a macro-F1 of 99.55%. Under the severe minority-retention setting in which only 25% of
low-energy discharge (LD) and low-temperature overheating (LT) training samples are pre-
served, it obtains an accuracy of 99.62%, a macro-F1 of 99.40%, and an LT recall of 96.61%,
slightly surpassing random forest (RF) and outperforming Original Stacking in rare fault
robustness. These results indicate that feature-guided ensemble learning can improve the
generalization stability of DGA-based transformer state assessment under imbalanced and
boundary-ambiguous conditions. From a practical perspective, the proposed framework
can serve as a decision-support module for transformer condition screening, maintenance
prioritization, and alarm verification in railway traction power-supply systems.

Keywords: transformer state assessment; dissolved gas analysis; railway traction power
transformer; generalization enhancement; feature-guided stacking; sample imbalance

1. Introduction

Railway transportation systems are developing toward denser interconnection, higher
operating continuity, and stricter safety requirements. Under this trend, traction power
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transformers are exposed to diverse environmental disturbances and operating stresses,
including regional weather variation, installation heterogeneity, communication instability,
load-dependent thermal effects, and transformer-to-transformer differences. As a key
component of the traction power supply system, the oil-immersed traction transformer
directly affects electrical safety and supply continuity. Incipient abnormalities, such as weak
discharge or mild overheating, may not immediately trigger protection actions, but they
can gradually degrade insulation and increase the risk of service interruption. Therefore,
accurate transformer state assessment is essential for condition-based maintenance, asset-
management decision making, and intelligent railway power-system operation [1]. Existing
studies have investigated transformer maintenance modeling, asset criticality assessment,
communication-network equipment state prediction, winding deformation monitoring,
and transformer vibration/noise analysis from different perspectives [2,3]. Recent work on
transformer insulation condition assessment has further shown that transformer monitoring
is moving toward multi-source sensing, advanced feature representation, and intelligent
decision support [4,5].

Dissolved gas analysis (DGA) is one of the most widely used techniques for oil-
immersed transformer monitoring because it reflects the decomposition behavior of insu-
lating oil and solid insulation under electrical and thermal faults [6-8]. Conventional DGA
interpretation methods, including ratio-based rules, threshold-oriented criteria, fuzzy logic,
ANFIS models, and standard gas interpretation guidelines, have been widely used because
of their simplicity and engineering interpretability [9]. However, these methods usually
rely on fixed diagnostic boundaries and may become unreliable when gas signatures are
affected by mixed fault mechanisms, measurement disturbances, incomplete records, or
transformer-specific operating histories [10]. Recent review and multi-method studies have
confirmed that DGA-based transformer diagnosis is increasingly moving from conven-
tional rule-based interpretation toward machine-learning-assisted decision models, but
data quality, class imbalance, and model generalization remain important challenges [11].

To improve nonlinear state recognition from DGA measurements, machine-learning-
based methods have been introduced into transformer fault diagnosis. Existing studies
have investigated deep neural networks, stacked sparse auto-encoders, broad learning
systems, ANN-based diagnostic models [12], KPCA-WPA-SVM, complementary SaE-ELM
with arctangent transform, and wavelet-network-based diagnosis [13,14]. More recent
studies have further introduced feature extraction, feature selection, optimized ensemble
learning, hybrid kernel learning, Adaboost, and optimized machine-learning algorithms to
improve the representation and classification capability of DGA features [15]. Although
these methods improve feature-learning and diagnostic accuracy compared with tradi-
tional expert rules [16], many single classifiers and general data-driven models remain
sensitive to sample distribution, class imbalance, and boundary overlap. This limitation
is particularly important for railway power transformers because minority states, such as
low-energy discharge and low-temperature overheating, are often less represented than
normal or severe fault conditions [17,18]. When these minority samples are sparse or
close to neighboring classes in the feature space, a single model may generalize poorly
to unseen operating scenarios [19,20]. Thus, under the framework of integrated feature
description, the ability to evaluate the distinguishability of the operating status of railway
transformers remains a challenging problem. Furthermore, it is necessary to enhance the
robustness of the performance of deep learning algorithms under conditions of limited
samples and sparsity.

Ensemble learning provides a promising way to enhance diagnostic robustness by
combining heterogeneous learners with complementary decision patterns. Stacking learn-
ing is especially suitable for this purpose because it constructs a second-level meta-learner
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from the out-of-fold predictions of multiple base learners [21]. Feature-engineering and
ensemble-learning methods can improve nonlinear state recognition by constructing high-
dimensional gas-ratio descriptors and combining complementary classifiers. Imbalance-
learning methods, such as SMOTE-based sampling, cost-sensitive learning, and active
learning, have also been investigated to alleviate the adverse effect of sparse fault samples.
Nevertheless, conventional stacking still has two limitations in imbalanced DGA-based
assessment. First, the meta-learner may inherit the bias of base learners trained on majority-
dominated samples. Second, the conventional fusion strategy usually treats the reliability of
each base learner as fixed, whereas different learners may perform better in different feature
regions. In addition, density-based sample-structuring methods such as density-based spa-
tial clustering of applications with noise (DBSCAN) have been shown to be useful for iden-
tifying irregular data structures and clustering patterns in power-system applications [22],
but their potential for revealing sparse rare fault regions and boundary-ambiguous DGA
samples has not been sufficiently explored in transformer state assessment. A fixed or
globally estimated fusion strategy may cause the meta-learner to inherit majority-class
bias or underrepresent locally ambiguous DGA samples. Although imbalance-handling
techniques have been used in transformer fault diagnosis, many of them primarily operate
at the data-distribution level by modifying class frequencies or sample weights. These
methods are useful for improving minority-class exposure, but they do not necessarily
reveal whether a minority sample is located in a dense fault region, a sparse operating
region, or a boundary-adjacent transition area. Moreover, they usually do not adapt the
contribution of different base learners according to the local DGA feature structure. This
leaves a research gap for integrating sample-structure awareness with feature-dependent
ensemble fusion.

Different from these existing adaptive ensemble-learning approaches, this paper devel-
ops a feature-guided stacking framework for railway traction transformer state assessment.
The comparison of each algorithm is shown in Table 1. The proposed method integrates
DGA-oriented fusion-feature representation, DBSCAN-assisted sample structuring, and
monitoring-feature-embedded adaptive weighting into a unified ensemble model. Corre-
spondingly, the working hypothesis of this study is that coupling DGA-specific feature
reliability with density-structure information can improve the robustness of ensemble
fusion under imbalanced DGA conditions. Therefore, the novelty of this study does not lie
merely in applying a stacking classifier, but in constructing an adaptive fusion mechanism
that explicitly connects base-learner reliability with DGA feature reliability, sample-density
information, rare fault regions, and boundary ambiguity. This design is expected to im-
prove the generalization stability of transformer state assessment under imbalanced and
heterogeneous monitoring conditions.

Motivated by these gaps, this paper proposes a feature-guided stacking framework for
adaptive state assessment of railway power transformers. The proposed method integrates
DGA-oriented fusion-feature characterization, DBSCAN-assisted sample structuring, and
monitoring-feature-embedded adaptive weighting within a stacking architecture. Different
from conventional DGA interpretation methods, single machine-learning classifiers, and
general ensemble-learning approaches, the proposed framework aims to improve the
representation of minority and boundary-ambiguous samples and to adaptively adjust the
contribution of heterogeneous base learners according to DGA-specific feature-reliability
information. In this way, the ensemble model is better aligned with the structure of DGA
monitoring data and becomes more robust under imbalanced synthetic test conditions.
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Table 1. Comparison of existing DGA-based transformer state assessment methods and the pro-
posed framework.

Method Category Main Idea Main Limitations Difference of This Paper
Use predefined gas ratios, lifxgtifl:l jilgstzgi‘i(t)u?:iﬂizi Uses data-driven feature
Conventional DGA thresholds, or graphical P y representation while retaining

interpretation rules

Single machine-learning
classifiers

Deep-learning and hybrid
feature-extraction methods

Imbalance-learning methods

Conventional
ensemble-learning methods

Conventional stacking models

Proposed FE-Stacking
framework

regions to identify
transformer fault types

Learn nonlinear mapping
from DGA features to
transformer states using SVM,
RF, neural networks, or
gradient boosting models

Improve diagnostic accuracy
through more sophisticated
feature extraction and
nonlinear representation
learning

Rebalance minority samples
using oversampling, sample
weighting, cost-sensitive
learning, or active learning

Combine multiple learners
through bagging, boosting, RF,
or XGBoost-based fusion to
improve prediction stability

Integrate heterogeneous base
learners through
cross-validated meta-learning

Combines DGA fusion
features, DBSCAN-assisted
sample structuring, and
feature-guided adaptive
stacking

faults, measurement noise,
and transformer-specific
operating conditions
Sensitive to sample
distribution, class imbalance,
sparse minority faults, and
boundary-overlapping
samples
Usually require sufficient
training samples;
interpretability and
robustness under imbalanced
monitoring data remain
challenging
Mainly address
class-frequency imbalance;
local density structure,
boundary ambiguity, and
feature-dependent learner
reliability are usually not
jointly modeled
Learner weights are mainly
determined by global training
or validation performance,
with limited use of
DGA-specific monitoring
structure
The meta-learner may inherit
bias from majority-dominated
base learners; learner
reliability is not
feature-dependent

Current validation is based on
synthetic data and requires
further field-data verification

DGA-oriented gas-ratio
information

Introduces sample-structure
awareness and
minority-region
characterization before
supervised learning

Focuses on generalization

stability under imbalanced

and boundary-ambiguous
DGA conditions

Integrates DBSCAN-derived
sample structure and DGA
feature reliability into
adaptive ensemble fusion

Embeds DGA feature
reliability and sample-density
information into adaptive
ensemble fusion

Develops monitoring-feature-
embedded adaptive
weighting within the stacking
architecture

Provides a reproducible
proof-of-concept for
improving generalization
under imbalanced and
boundary-ambiguous DGA
conditions

The main contributions of this study are summarized as follows.

A generalization-oriented DGA feature representation is constructed by combining

raw gas concentrations, gas-ratio descriptors, and a statistically estimated DGAF

descriptor. This representation is designed to improve the separability and strength-

ens the state sensitivity of transformer operating states under heterogeneous gas-

generation patterns

A DBSCAN:-assisted sample structuring mechanism is introduced to characterize den-

sity patterns, sparse rare fault regions, and boundary-ambiguous samples. This mech-

anism supports sample reorganization and addresses the minority-representation

issue on subsequent supervised learning.

A feature-guided stacking framework is proposed to overcome the fixed-fusion lim-

itation of conventional stacking. The reliability of heterogeneous base learners is

adaptively adjusted according to monitoring features and validation performance,
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thereby improving the generalization stability of transformer state assessment under
severe minority-sample compression.

The remainder of this paper is organized as follows. Section 2 introduces the DGA-
based state characterization and DBSCAN-assisted sample structuring strategy. Section 3
presents the feature-guided stacking framework and its adaptive learning procedure.
Section 4 reports simulation-based validation on a synthetic DGA dataset. Section 5 con-
cludes the paper and discusses future work.

2. Related Foundations
2.1. DGA-Based Characterization of Oil-Immersed Transformer States

During transformer operation, electrical, thermal, and insulation-related stresses
promote the decomposition of insulating oil and solid insulation, thereby generating
characteristic dissolved gases. Following standard DGA interpretation principles and
previous transformer diagnosis studies, key gases are considered in this study: Hy, CHy,
CyHg, CoHy, CoHy, and CO. These gases are selected because they are strongly associated
with the main electrical and thermal degradation mechanisms of oil-immersed transformers.
H, is sensitive to discharge-related phenomena, especially partial discharge and low-energy
discharge. CHy is related to low-temperature oil decomposition and may also appear
under discharge-related oil degradation. C;Hg is mainly associated with low-temperature
overheating, whereas C,Hy is more indicative of higher-temperature overheating. C;H, is
a key gas for arcing or high-energy discharge. CO is mainly generated from the thermal
degradation of cellulose insulation and is therefore useful for identifying overheating
involving solid insulation [7]

DGAF; = Y wglig+ Y prfiy (1)
8€G reR
Let ¢; = [CH,i, CCH, ir CCyHy ir CCoHy ir CCoHy ir CCO,i| denote the raw gas vector of sample

i. To improve state characterization, the raw gas values are combined with ratio-oriented
descriptors and an aggregated dissolved-gas analysis factor (DGAF) [23]. The DGAF
descriptor is constructed in this study as an aggregated training-set descriptor. Its weights
are statistically estimated from the state-discriminative capability of the candidate DGA
features. In this study, the DGAF weights are not manually assigned by experts and are not
optimized as additional free parameters of the final classifier. Instead, they are statistically
estimated from the training samples according to the state-discriminative capability of
each gas component and gas-ratio descriptor. Specifically, all gas concentrations and ratio
descriptors are first normalized using the statistics of the training set. For each candidate
feature f € GUR, a Fisher-type separability score is calculated by comparing its between-
state dispersion with its within-state dispersion, i.e.

_ Yche (Vc,f_ﬂf)z
ZcEiEDC( Zif — o) te

Sf (2)

where pi. r is the mean value of feature f in state ¢, jy is the global mean value of feature f
in the training set, 7. is the number of training samples in state ¢, D. denotes the training
samples belonging to state ¢, z; ¢ is the normalized value of feature f for sample i, and
¢ is a small positive constant used to avoid division by zero. The DGAF weights are
then obtained by normalizing the separability scores as wy = s¢/ ). 1ccurs:, where wy
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corresponds to wg when f is a gas-concentration feature and to o, when f is a gas-ratio
feature. Therefore, the DGAF used in this study can be expressed as follows:

DGAFi = ZgEngCg,i + ZreRprri,r (3)

In each training split, the weights are estimated only from the training subset and
then fixed when constructing validation and test features [24]. Therefore, the DGAF is
a statistically estimated training-set descriptor rather than an expert-defined index or
a classifier-optimized parameter. This design avoids introducing subjective empirical
coefficients and prevents the DGAF construction from using information from the test set.
In this framework, the DGAF is not used to replace conventional DGA ratios. Instead, it
is combined with gas proportions and derived state features to increase the descriptive
power of the monitoring data.

Based on this representation, the transformer state discrimination process shown in
Figure 1 converts raw dissolved-gas observations into state-relevant descriptors. This
feature construction stage provides a structured input space for sample structuring and
ensemble learning, making the subsequent learning process more consistent with the
fault-evolution characteristics of oil-immersed railway transformers.

Input layer Hidden layer Output layer
Hy
A
» 3 ) » NS
co '\ // . ’ '
X * » HD
|/ 4
CHy {_\ !
) |
(NS > o » LD
\/ -
\/ 1 4
CoHy < N\ \/\
\ <
J , 1 . HT
CoHy ¢ \ y ¢
¥ "
At N —» LT
v
CoHg Associated Feature
vector vector

Figure 1. Transformer state classification network based on dissolved gas monitoring. Note: Ar-
rows indicate the direction of data flow; colors distinguish raw gas inputs, intermediate feature

representations, and transformer-state outputs.

2.2. DBSCAN-Assisted Structuring of Transformer State Samples

Transformer state samples collected from monitoring systems are rarely distributed
uniformly. Normal-state samples usually dominate, whereas some abnormal states occur
infrequently and may overlap with adjacent operating states. This imbalance leads to
two difficulties for data-driven diagnosis: minority faults are insufficiently represented
during training, and ambiguous samples may be overwhelmed by majority-class patterns.
Direct supervised learning on the raw sample set may therefore result in unstable decision
boundaries and weak generalization to rare operating conditions.
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To address this issue, this study introduces density-based spatial clustering of ap-
plications with noise (DBSCAN) into the sample structuring stage. DBSCAN is suitable
for DGA monitoring data because it can identify dense structures and isolate irregular
or sparse observations without requiring a predefined number of clusters. In this study,
the DBSCAN parameters are not fixed arbitrarily. The neighborhood radius ¢ and the
minimum number of samples MinPts are selected based on the joint consideration of
k-distance variation, clustering compactness, noise proportion, and downstream classifi-
cation stability. Specifically, the k-distance curve is first used to determine a reasonable
candidate range of ¢, while MinPts is varied within a small interval related to the feature
dimension and sample density. For each candidate parameter pair, the silhouette coefficient
and the proportion of samples identified as sparse or boundary points are evaluated. The
final parameter setting is selected when the clustering structure remains stable and the
subsequent state-assessment performance does not show obvious degradation. To evaluate
the compactness and separation of the clustering structure, the silhouette coefficient is used
as follows (4). In this paper, DBSCAN is not used as the final classifier. Instead, its role
is to reveal density structure, rare fault regions, boundary samples, and outliers, which
are then used to support sample rebalancing and feature-guided learning. The sensitivity
of the proposed framework to DBSCAN parameters and the corresponding clustering
visualization results are further presented in Section 4.

o bi —a;
~ max(a;, b;)

S; (4)
where a; is the average distance between sample i and other samples in the same cluster, and
b; is the minimum average distance between sample i and samples in another cluster. A larger
silhouette coefficient indicates better intra-cluster compactness and inter-cluster separation.

2.3. Construction and Rebalancing of State Feature Samples

On the basis of DGA-oriented feature representation and DBSCAN-assisted structur-
ing, a cluster-aware rebalancing strategy is developed to improve the effective represen-
tation of minority and boundary-ambiguous transformer states. Let D = {(z;, y;)}M_,
denote the constructed training set, where z; is the DGA feature vector of sample i,
yi € {1,...,C} is the corresponding state label, N is the number of training samples,
and C is the number of transformer states. For class ¢, the number of samples is denoted by
n¢. To reduce the dominance of majority states, a class-level balancing factor is first defined
asa. = (N/(Cn))?, where ¢ € [0,1] controls the compensation strength for minority
classes. A larger value of a, is assigned to under-represented states such as low-energy
discharge and low-temperature overheating. Then, the DBSCAN clustering result is used
to further characterize the local sample structure. For each sample i, a structure-aware
factor is defined as B; = 1 + A I(i € B) + Agl(i € S), where B denotes the set of
boundary-ambiguous samples, S denotes the set of sparse or low-density samples identi-
fied by DBSCAN, and I(-) is the indicator function. The coefficients A, and A; determine
the additional emphasis placed on boundary and sparse samples, respectively. The final
rebalancing weight of sample i is therefore calculated as q; = ay,;/ Z]N: 1&y;Bj. During
model training, this weight is used as the sample weight in the supervised learning objec-
tive, so that the empirical loss is calculated as L = — ZZNZ 1 qi):f: 1 I(y; = c)logp; ., where
pi is the predicted probability that sample i belongs to state c. Accordingly, minority-state
samples and boundary-ambiguous samples contribute more effectively to the learning pro-
cess, while majority-state samples are not completely discarded. This strategy differs from
simple random oversampling because it considers not only class frequency but also the
local density and boundary structure of the DGA feature space. In this way, the rebalanced
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sample set better preserves representative majority-state information while strengthening
the influence of sparse rare fault regions in subsequent feature-guided stacking learning.

3. Feature-Guided Stacking Framework for Transformer State Assessment
3.1. Stacking Learning and Its Limitation in Transformer State Assessment

Stacking learning is a hierarchical ensemble framework in which multiple base learners
first generate preliminary predictions and a meta-learner subsequently integrates these
outputs into the final decision. Different base models often capture different aspects of the
feature distribution. Therefore, stacking can improve prediction stability when the task
contains heterogeneous, nonlinear, or partially overlapping patterns. This characteristic
is valuable for transformer state assessment because dissolved-gas signatures vary across
fault mechanisms and operating conditions.

However, the effectiveness of conventional stacking depends strongly on sample
composition and fusion strategy. If the training samples are severely imbalanced, base
learners may become biased toward dominant states, and the meta-learner may inherit
this bias. In addition, conventional stacking often combines base-learner outputs using a
fixed integration mechanism, which ignores the fact that different learners may be reliable
in different feature regions. Therefore, an adaptive stacking architecture should explicitly
account for sample structure and feature-dependent learner reliability.

Although adaptive stacking and adaptive ensemble-learning methods have been
studied to improve the flexibility of model fusion, most existing approaches adjust the
contribution of base learners mainly according to global validation accuracy, prediction
confidence, or sample-level classification difficulty. Such strategies are effective for general
classification tasks, but they do not explicitly consider the physical and structural char-
acteristics of DGA-based transformer monitoring data. In particular, the reliability of a
base learner may vary with gas-generation patterns, class-dependent fault signatures, local
sample density, and boundary ambiguity. Therefore, simply assigning adaptive weights
according to overall validation performance may still cause the meta-learner to inherit
majority-class bias or to underrepresent sparse rare fault regions. The advancement of the
proposed framework lies in embedding DGA-specific monitoring features and DBSCAN-
derived sample-structure information into the adaptive stacking process. Thus, base-learner
fusion is guided not only by prediction performance, but also by the local feature reliability
and structural position of each sample in the DGA feature space.

3.2. K-Fold Cross-Validation and Meta-Sample Construction

K-fold cross-validation is used in this study as an implementation procedure for
constructing leakage-free meta-samples rather than as an independent methodological
novelty. In the stacking framework, if the meta-learner is trained directly on the predictions
of base learners evaluated on the same samples used for base-model training, the resulting
meta-features may be overly optimistic and may increase the risk of overfitting. To avoid
this problem, the training subset is divided into K mutually exclusive folds. In each round,
K — 1 folds are used to train each base learner, and the remaining fold is used to generate
out-of-fold predictions. After all folds are traversed, the out-of-fold predictions of all
training samples are assembled to form the meta-sample set for training the second-level
learner. In this way, the meta-learner observes the validation behavior of the base learners
rather than their in-sample fitting results, which improves the reliability of the stacking
process under imbalanced DGA data.

In the experiments, K = 5 is adopted. This value is selected as a trade-off between
meta-sample reliability, minority-class representation, and computational cost. A smaller
value of K, such as K = 3, increases the size of each validation fold but reduces the
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number of out-of-fold evaluations, which may make the estimated base-learner behavior
less stable. A larger value of K, such as K = 10, allows each base learner to be trained
with more samples in each round, but it also increases computational burden and may
lead to very small validation folds for sparse minority states such as low-energy discharge
and low-temperature overheating. The five-fold setting keeps 80% of the training samples
for base-learner fitting in each round while retaining sufficiently large validation folds
for constructing stable meta-features. Therefore, the selected value of K is appropriate
for the present imbalanced DGA assessment task. The main methodological contribution
of this paper lies not in the use of K-fold cross-validation itself, but in the subsequent
monitoring-feature-embedded adaptive weighting and feature-guided stacking mechanism
built upon these reliable out-of-fold meta-samples.

3.3. Monitoring-Feature-Embedded Adaptive Learning

The key idea of the proposed framework is to embed monitoring features into the
stacking architecture, so that the ensemble does not rely only on fixed base-learner outputs.
Instead, the model uses feature-reliability information to determine how strongly each
base learner should contribute to the final decision. The overall architecture is shown in

Figure 2.
Prediction Flow
DGA monitoring Mo (e Heterogeneous base K-fold OOF meta-
data embeddin, LIUNCES > v — — Meta-learner
g SYM|RF|GNB|KNN

‘Weighted meta-features State assessment: NS’
HD, LD, HT, LT

| |
| |
| |
| |
| |
| |
| |
‘ Feture vectol ‘
| |
| |

Validated reliability

Adaptive learner

weights
| Feature-guidange flow T }
‘ v
| Gas ratios + DBSCAN- Density structure Feature reliability ‘
| DGAF + state- — assisted sample —  minority regions — uidance ‘
| sensitive indices structuring boundary samples g |
|

Figure 2. Architecture of the proposed feature-guided stacking framework for DGA-based railway
transformer state assessment.

The adaptive learning process consists of four main steps. First, a feature-enhanced
training objective is adopted for the meta-learner 21. The objective combines supervised
classification error and a feature-structure regularization term, as shown in Equation (5):

2

gi— .M(yi)Hz )

1 c .
Lmeta = 7N22yi Hog(Pz‘,c) +)“
1 [

(©)
i
Pi,c is the predicted probability of the meta-learner, g; is the monitoring-feature vector, 1,

where N is the number of training samples, y. ’ is the one-hot label of sample i for class c,
is the feature centroid of the corresponding state, and lambda is a regularization coefficient.
This term encourages the meta-learning process to remain consistent with the underlying
state-feature structure.

Second, the fold-wise validation performance of each base learner is evaluated during
K-fold training [25]. The validation error of base learner m in fold k is expressed by
Equation (6):

1
ek = Wil Y (hm(xi) # i) (6)

k iGVk

https:/ /doi.org/10.3390/a19070598


https://doi.org/10.3390/a19070598

Algorithms 2026, 19, 598

10 of 23

where Vi denotes the validation subset in fold k, i, is the prediction function of base
learner m, and I(.) is the indicator function. The average validation performance provides
a global reliability reference for each base learner.

Feature-dependent adaptive weights are calculated for the base learners by combining
global validation reliability and local DGA feature-structure information. Different from
conventional adaptive stacking methods that mainly rely on learner-level validation accu-
racy or prediction confidence, the proposed weighting mechanism evaluates whether a base
learner is reliable for the specific monitoring pattern of a given sample. For sample i and
base learner m, the feature-reliability score is constructed from three components: the fold-
wise validation performance of learner m, the class-wise validation reliability for the state
region predicted by learner m, and the local structure information obtained from the DGA
feature space. The local structure information includes the distance between the sample and
the corresponding state-feature centroid, as well as whether the sample belongs to a sparse
or boundary-ambiguous region identified by DBSCAN. Therefore, the adaptive weight is
not a fixed learner-level coefficient, but a sample-dependent fusion coefficient. For sample
i, the weight assigned to base learner m is formulated as Equation (5), where # controls the
sharpness of the weighting distribution and ¢; ,, denotes the monitoring-feature-embedded
reliability score. A larger ¢; ,,, indicates that learner m shows stronger validation reliability
and better consistency with the local DGA feature structure of sample i. In this way, learners
that are more reliable for minority, sparse, or boundary-ambiguous samples can receive
larger contributions during meta-feature construction, which distinguishes the proposed
FE-Stacking from conventional stacking and general adaptive ensemble fusion. Specifically,
¢:; m can be represented as a composite reliability score integrating validation reliability,
class-wise recall, centroid consistency, and DBSCAN-based structure indicators, so that
the adaptive fusion process is jointly driven by model performance and DGA-specific
sample structure.

To make the monitoring-feature-embedded adaptive learning process reproducible, the
variables used in the adaptive fusion module are explicitly defined as follows. For sample
i, the DGA feature vector is denoted as z;, which contains normalized gas concentrations,
gas-ratio descriptors, the DGAF descriptor, and DBSCAN-derived structure indicators.
The base-learner set is denoted as M = {1,..., M}, and the probability output of base
learner m for sample i is denoted as p;,, = {p},m, ey pgm], where C is the number of
transformer states. The reliability score of learner m for sample i is constructed from three
components: the average fold-wise validation accuracy A, the class-wise validation recall
Rug,,, corresponding to the predicted class §;, = argmaxcp;,, and the local feature-
structure consistency H;. The local consistency term is calculated according to the distance
between sample i and the centroid of its predicted state in the normalized DGA feature
space, together with the DBSCAN-derived sparse and boundary indicators. Specifically,
H; = exp(—d?/0?)(1 + Al(i € S) + Ayl(i € B)), where d; is the Euclidean distance
to the corresponding state centroid, ¢ is the average centroid distance of the training
samples, S and B denote the sparse-sample set and boundary-sample set identified by
DBSCAN, respectively, and I(-) is the indicator function. The composite monitoring-
feature-embedded reliability score is then calculated as ¢;,, = aA;; + :BRm,?i,m + J0H;,
where «, B, and J are nonnegative coefficients satisfyinga + § + 6 = 1.

() — P (xi))
() ;EXP(’WI(XJ) 7

where a,,(x;) is the adaptive weight, eta controls the sharpness of the weighting distri-
bution, and g, (x;) is a feature-reliability score derived from monitoring features and
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validation performance [26]. Thus, a base learner that is more reliable for a specific feature
pattern obtains a larger contribution in the ensemble decision. The following objective
function and adaptive weighting formulation are constructed in this study to embed
monitoring-feature information into the stacking process. The classification-loss term fol-
lows the standard supervised learning setting, whereas the feature-structure regularization
and adaptive reliability score are introduced to reflect the local DGA feature structure and
DBSCAN-derived sample indicators.

Based on the above reliability score, the adaptive weight assigned to base learner m for
sample i is obtained through softmax normalization, a; ,, = exp(17¢; ) /L' | exp(7 ‘Pi,l) ,
where 7 controls the sharpness of the weighting distribution. A larger 1 makes the fu-
sion more dependent on the learner with the highest reliability score, whereas a smaller
1 produces a smoother combination of base learners. The weighted meta-feature vec-
tor is then constructed as u; = [ai,l Pi1,8i2Pi2, - - .,al-,Mpl-,M,zﬂ, where z denotes the
structure-related indicators used in the implementation, such as the DBSCAN noise indica-
tor, sparse-sample indicator, and boundary-sample indicator. The meta-learner is trained
on {(u;,y;) }lN: 1 with the rebalanced sample weights defined in Section 2.3. During testing,
the trained base learners first generate probability vectors for a new sample; then the
reliability score and adaptive weights are calculated using the training-set centroids, fixed
DGAF weights, and fixed DBSCAN parameter settings; finally, the trained meta-learner out-
puts the transformer state. All normalization parameters, DGAF weights, state centroids,
DBSCAN parameters, and reliability coefficients are estimated only from the training data
and fixed during validation and testing to avoid information leakage.

zi = [oq (x;) p1(x:), a2 (%) pa (i), - - - aepa (3) paa (i), 8 (8)

where pp(x;) is the prediction vector generated by base learner m and M is the number
of base learners. The meta-learner is trained on z; to produce the final transformer state
assessment. Compared with Original Stacking, the proposed FE-Stacking not only preserves
the diversity of heterogeneous base learners, but also links ensemble fusion to DGA feature
structure and sample-density information. This design improves the generalization stability
of the model under imbalanced and boundary-ambiguous monitoring conditions.

3.4. Algorithmic Procedure

The feature-guided stacking learning procedure for DGA-based transformer state
assessment is presented as follows. The procedure is described in a stepwise format,
including the input, output, and sequential operations.

Input: training dataset D = {(x;,y;)}_,, where x; denotes the raw DGA mea-
surements and y; denotes the transformer state label; candidate gas-ratio feature set R;
DBSCAN parameters € and MinPts; number of folds K; base-learner set M = {1,..., M};
adaptive-weighting parameter 7; rebalancing parameters v, A5, and A;.

Output: trained FE-Stacking model for transformer state assessment.

Step 1. Normalize raw gas concentrations and diagnostic gas-ratio descriptors using
the statistics of the training set. Estimate the DGAF weights from the training data according
to the feature separability scores described in Section 2.1, and construct the DGA feature
vector z; for each sample.

Step 2. Apply DBSCAN to the normalized DGA feature space using the selected ¢
and MinPts. Identify dense regions, sparse samples, boundary-ambiguous samples, and
noise samples. Construct the structure indicators used for subsequent rebalancing and
adaptive fusion.

Step 3. Calculate the class-level balancing factor and DBSCAN-based structure-aware
factor for each training sample according to Section 2.3. Obtain the final sample weight g;,
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which increases the effective contribution of minority, sparse, and boundary-ambiguous
samples during supervised learning.

Step 4. Divide the training set into K folds. For each base learner m € M and each fold
k, train the base learner on K — 1 folds and generate out-of-fold probability predictions
on the remaining fold. Assemble the out-of-fold prediction vectors p; ,, for all training
samples.

Step 5. Calculate the monitoring-feature-embedded reliability score ¢; ,,, for each sample
and each base learner by combining fold-wise validation accuracy, class-wise validation recall,
centroid-based feature consistency, and DBSCAN-derived sparse/boundary indicators.

Step 6. Normalize the reliability scores through softmax to obtain the sample-
dependent base-learner weight 4;,,. Construct the weighted meta-feature vector
u; = [ai,l Pil1, Ai2Pi2s - - A MPi M, Zf] , where z§ denotes the structure-related indicators.

Step 7. Train the meta-learner using the weighted meta-feature set {(1;,y;)}_ ; and
the rebalanced sample weights g;. The final state assessment model consists of the trained
base learners, the adaptive weighting module, and the trained meta-learner.

Step 8. For a new sample, normalize its DGA features using training-set statistics,
construct its DGAF descriptor, obtain the probability outputs of all trained base learners,
calculate the monitoring-feature-embedded reliability scores and adaptive weights using
fixed training-stage parameters, construct the weighted meta-feature vector, and output
the transformer state through the trained meta-learner.

The computational complexity of the proposed framework mainly consists of DGA
feature construction, DBSCAN-assisted sample structuring, K-fold base-learner training,
adaptive meta-feature construction, and meta-learner training. Let N be the number of
training samples, d be the number of DGA features, C be the number of transformer states,
M be the number of base learners, and K be the number of folds. The DGAF and feature-
construction stage requires O(Nd) operations. The complexity of DBSCAN is generally
O(NlogN) when an efficient neighborhood-search structure is used, and may increase
to O(N?) in the worst case. The dominant computational cost comes from K-fold base-

learner training, which can be expressed as O (KZ% _1Tw(N(K - 1)/K,d )) , where Ty, (+)
denotes the training complexity of base learner m. The construction of reliability scores
and adaptive weights requires O(NMC) operations because probability outputs from all
base learners are processed for all samples and classes. The meta-learner is trained on
weighted meta-features with dimension approximately MC + d;, where d; is the number
of structure-related indicators. Therefore, its cost can be written as O(Tmeta (N, MC + ds)).
Overall, the computational burden of the proposed framework is mainly determined by the
repeated training of heterogeneous base learners in the K-fold stacking procedure, while
the DGAF calculation, DBSCAN-based indicators, and adaptive weighting introduce only
moderate additional overhead.

The memory requirement mainly includes storage of the DGA feature matrix,
DBSCAN-related structure indicators, out-of-fold base-learner probability outputs, and
weighted meta-features. The feature matrix requires O(Nd) memory, while the out-of-fold
prediction matrix requires O(NMC) memory, where N is the number of samples, d is
the number of DGA features, M is the number of base learners, and C is the number of
transformer states. The additional structure indicators introduced by DBSCAN require
only O(Nd;) memory and therefore contribute limited additional storage overhead. If
DBSCAN is implemented using a full pairwise distance matrix, the memory requirement
may increase to O (N 2); otherwise, neighborhood-search implementations can reduce the
practical memory burden. In the present implementation, the main memory cost comes
from storing the out-of-fold probability outputs for meta-learning, rather than from the
DGAF construction or the adaptive weighting module. The offline training time is mainly
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determined by the repeated K-fold training of heterogeneous base learners, whereas the
DBSCAN:-assisted structuring and adaptive-weight calculation introduce relatively small
additional computational overhead. During online testing, only one forward prediction
of each trained base learner, adaptive-weight calculation, and meta-learner inference are
required; therefore, the per-sample testing time remains suitable for offline assessment and
decision-support applications.

4. Simulation-Based Validation and Discussion
4.1. Dataset Description and Feature Construction

To verify the effectiveness of the proposed FE-Stacking method under controlled
and reproducible conditions, a synthetic dissolved-gas-analysis dataset was constructed
for railway power transformer state assessment. The synthetic samples were generated
according to physically consistent gas-distribution patterns associated with five transformer
states, namely, normal state (NS), high-energy discharge (HD), low-energy discharge (LD),
high-temperature overheating (HT), and low-temperature overheating (LT).

Each sample contains six raw gas variables, namely, H,, CHy, CoHg, CoHy, CoHp, and
CO. These gases were selected according to standard DGA diagnostic principles because
they represent the main combustible and insulation-decomposition gases associated with
discharge-related and overheating-related transformer states. Based on these raw variables,
three diagnostic gas-ratio features and one DGAF-related aggregated descriptor are further
constructed. To improve the realism of the simulation, transformer-specific offsets, multi-
plicative measurement noise, and a small proportion of outliers were introduced during data
generation. The synthetic dataset was generated under a controlled proof-of-concept valida-
tion setting. The generation process was designed to reflect five representative transformer
states, including NS, HD, LD, HT, and LT. The state-dependent gas patterns were set to be
consistent with DGA diagnostic knowledge: discharge-related states contain higher H, and
CyHj; levels, whereas overheating-related states contain higher CoHy, CoHg, and CO levels.
The generated samples were then perturbed by virtual-transformer-level offsets, multiplicative
noise, and a small proportion of outliers to approximate monitoring variability.

The synthetic dataset was generated at the virtual-transformer level rather than by in-
dependently sampling isolated records. Each virtual transformer carries mild domain shifts
in thermal response, discharge tendency, and gas-level offsets. Therefore, the data partition
is more consistent with cross-device generalization and reduces the risk of record-level
information leakage. In addition, the sample distribution was intentionally imbalanced,
with LD and LT treated as minority and boundary-ambiguous fault categories. This set-
ting is aligned with the objective of evaluating generalization stability under imbalanced
DGA-based state assessment.

Although the synthetic DGA dataset enables controlled and reproducible evaluation
of the proposed framework under imbalanced and boundary-ambiguous conditions, vali-
dation using real transformer monitoring records is essential for further assessing its field
applicability. In practical railway traction power-supply systems, long-term DGA records
are usually subject to data confidentiality, incomplete maintenance annotations, inconsis-
tent sampling intervals, and a limited number of confirmed fault events. These factors make
it difficult to construct a sufficiently labeled real-world dataset covering all considered
transformer states. Therefore, this study uses a virtual-transformer-level synthetic dataset
as a proof-of-concept validation platform, where transformer-specific offsets, measurement
disturbances, outliers, and rare fault imbalance are introduced to approximate realistic
data heterogeneity. Nevertheless, the present results should be interpreted as evidence of
methodological feasibility rather than direct field-deployment validation. Future work will
further evaluate the proposed framework using long-term field DGA records from railway
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traction transformers and compare its diagnostic performance with expert maintenance
records and operational inspection results.

The values reported in Table 2 are not field-measured DGA concentrations. They are
statistical summaries of the generated synthetic dataset. Specifically, for each transformer
state and each gas variable, the reported concentration is the arithmetic mean of all gener-
ated samples belonging to that state after applying the state-specific gas-generation pattern,
virtual-transformer offset, multiplicative measurement disturbance, and outlier injection.
The unit is ppm. The sample count column reports the number of generated samples in
each state. To visualize the distribution of the synthetic DGA guide features, the projected
distribution is shown in Figure 3.

Table 2. Class-wise sample means and class distribution of the generated synthetic DGA dataset.

State H; (ppm) CH; (ppm) C;Hg (ppm) CHy (ppm) CoH; (ppm) CO (ppm) Sé(l)tlll[:llte
NS 8.63 15.23 4.50 9.72 0.45 71.07 960
HD 644.60 690.32 81.07 393.08 190.92 253.47 380
LD 277.81 136.50 31.37 62.60 26.54 151.32 130
HT 185.84 336.76 172.61 769.07 28.59 206.53 470
LT 174.15 164.30 64.69 463.88 11.30 156.31 190

Note: The gas concentrations in this table are generated dataset statistics. For each state, the reported value is the
arithmetic mean of the corresponding gas concentration over all generated samples in that class. The unit is ppm.

Projected distribution of synthetic DGA guide features

HD

HT
g0 CouP iy

-4

-2 0 2 4 6
PC1

Figure 3. Projected distribution of synthetic DGA guide features.

To improve the reproducibility of the experimental protocol, the key hyperparameters
and implementation settings used in this study are summarized in Table 3. The table
reports the random seeds, transformer state labels, raw gas variables, derived DGA features,
DBSCAN parameter settings, base learners, evaluation metrics, and minority-retention
sensitivity settings. All feature preprocessing, DBSCAN-assisted structuring, and model
evaluation procedures were conducted under the same random seeds and data partitions.
The items summarized in Table 3 were selected according to the principles of reproducibility,
task relevance, fair comparison, and consistency with the research questions. The selected
base learners cover different learning mechanisms, including margin-based learning, tree-
based ensemble learning, probabilistic classification, and instance-based classification. The
ensemble variants are used to isolate the effects of DBSCAN-assisted sample structuring
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and feature-guided adaptive weighting. Cross-validation, random seeds, and evaluation
metrics are included to ensure reproducible and fair model evaluation. The minority-
retention sensitivity setting is included to examine whether the proposed framework
remains robust when LD and LT minority samples are progressively compressed.

Table 3. Experimental configuration and item-selection rationale for reproducible evaluation.

Item Setting
Random seeds 2026, 2042, 2058
Transformer states NS, HD, LD, HT, LT
Raw gas variables Hy, CHy, CHg, CoHy, CHy, CO

Gas ratios, DGAF-related descriptor, thermal index, discharge index, logarithmic

Derived features
gas features

DBSCAN epsilon Representative value 1.760; sensitivity range {1.408, 1.584, 1.760, 1.936, 2.112}
DBSCAN MinPts Representative value 10; sensitivity range {8, 10, 12}
DBSCAN evaluation note Silhouette coefficient 'computed after excluding noise points; sParse/ boundary
proportion reported as noncore samples plus noise
Base learners SVM, RF, GNB, KNN
Evaluation metrics Accuracy, macro-F1, balanced accuracy, class-wise recall
Minority-retention sensitivity setting LD and LT training samples retained at 100%, 70%, 40%, and 25%

The same settings were used across the compared methods unless otherwise specified,
so that the performance differences mainly reflect the proposed feature-guided stacking
and sample-structuring mechanisms rather than inconsistent experimental configurations.

STD = /(L (m, — mean)?/ (R — 1)) 9

4.2. Experimental Protocol and Evaluation Metrics

The synthetic dataset was partitioned according to virtual transformer identities into
training, validation, and test subsets, thereby reducing information leakage caused by
record-level random splitting. All numerical features were standardized using training-set
statistics only. The FE-Stacking framework employed four first-level learners, namely, a
linear support vector machine (SVM), a random forest (RF), a Gaussian naive Bayes classifier
(GNB), and a k-nearest neighbor classifier (KNN). Five-fold cross-validation was adopted to
generate out-of-fold meta-features for the second-level learner. In the improved framework,
DBSCAN-assisted sample handling was used to enhance rare fault representation, while
feature-guided adaptive weighting dynamically adjusted the contribution of different base
learners according to ratio-oriented fault descriptors.

The performance of different methods was evaluated using accuracy, macro-F1, bal-
anced accuracy, and class-wise recall. Because the synthetic dataset was deliberately
imbalanced, macro-F1 and balanced accuracy were treated as primary indicators in addi-
tion to overall accuracy. Besides the default synthetic test setting, an additional sensitivity
experiment progressively reduced the retained LD and LT training samples to 70%, 40%,
and 25%, respectively. This harder setting was designed to examine whether the proposed
method can maintain robust rare fault recognition when class imbalance becomes severe.

A parameter-stability analysis was conducted for the DBSCAN-assisted structuring
module on the training-side DGA feature space. DBSCAN was evaluated as an auxiliary
sample-structuring tool rather than as the final classifier. The default neighborhood radius
was estimated from the 10-NN distance curve, which yielded an elbow near epsilon = 1.760.
A narrow perturbation range of epsilon in {1.408, 1.584, 1.760, 1.936, 2.112} and MinPts
in {8, 10, 12} was then examined. As shown in Table 4, the results show that excessively
small epsilon values increase cluster fragmentation and the proportion of points labeled as
noise, whereas overly large epsilon values tend to merge adjacent state regions and reduce
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the amount of sparse/boundary samples highlighted by DBSCAN. In contrast, within the
moderate parameter range around epsilon = 1.760 and MinPts = 10, the number of clusters,
noise proportion, and silhouette coefficient remain comparatively stable, indicating that
the sample-structuring behavior is not overly sensitive to small parameter perturbations.

Table 4. Parameter-stability analysis for the DBSCAN-assisted sample-structuring module.

. . Number of Noise Proportion Silhouette Sparse/Bounda

Epsilon MinPts Clusters (%)p Coefficient Ilzroportion (%;y LD/LT Coverage
1.408 8 3 4.96 0.578 13.28 LD: 12.1%; LT: 26.3%
1.584 8 3 2.88 0.576 7.65 LD: 7.7%; LT: 14.3%
1.760 8 3 1.95 0.572 5.10 LD: 6.6%; LT: 6.0%
1.936 8 3 1.41 0.570 3.82 LD: 6.6%; LT: 4.5%
2112 8 2 1.07 0.595 248 LD: 5.5%; LT: 2.3%
1.408 10 3 5.37 0.580 15.69 LD: 14.3%; LT: 31.6%
1.584 10 3 3.42 0.577 9.86 LD: 11.0%; LT: 19.5%
1.760 10 3 2.28 0.574 5.90 LD: 7.7%; LT: 9.0%
1.936 10 3 1.54 0.571 4.76 LD: 7.7%; LT: 6.0%
2.112 10 2 1.21 0.596 2.88 LD: 5.5%; LT: 3.8%
1.408 12 3 6.17 0.582 18.18 LD: 19.8%; LT: 36.1%
1.584 12 3 3.89 0.578 12.07 LD: 12.1%; LT: 24.8%
1.760 12 3 241 0.574 7.31 LD: 8.8%; LT: 14.3%
1.936 12 3 1.61 0.571 5.16 LD: 7.7%; LT: 8.3%
2.112 12 2 1.27 0.596 3.55 LD: 6.6%; LT: 4.5%

Note: For each method and each metric, the reported mean and standard deviation are calculated as the arithmetic
mean and sample standard deviation. STD denotes the sample standard deviation of the test-set metric values
over three repeated computational runs with random seeds 2026, 2042, and 2058. It does not denote the standard
deviation of repeated gas-concentration measurements.

Under the representative setting epsilon = 1.760 and MinPts = 10, DBSCAN identified 3 clus-
ters with a noise proportion of 2.28%, a silhouette coefficient of 0.574, and a sparse/boundary
proportion of 5.90%. The sparse-region observations (LD: 7.7%; LT: 9.0%) further show that
minority states are more frequently located in low-density or boundary-adjacent regions than
dominant samples, which is consistent with the intended role of DBSCAN in this framework.
Figure 4 visualizes the same DGA samples in a two-dimensional PCA space. Figure 4a dis-
plays the ground-truth transformer states, while Figure 4b shows the corresponding DBSCAN
clusters, with noncore sparse/boundary samples and noise points explicitly marked. The
visualization confirms that DBSCAN mainly serves to expose dense operating regions, sparse
minority patterns, and ambiguous transition areas, thereby providing structural guidance for
later supervised learning instead of replacing the classifier itself.

N Visualization of DBSCAN-assisted sample structuring
(2) Ground-truth transformer states (b) DBSCAN-assisted structuring results

Figure 4. Visualization of DBSCAN-assisted sample structuring. (a) Two-dimensional projection of
DGA samples labeled by transformer states. (b) DBSCAN clustering results with sparse and noise
samples marked.
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4.3. Results and Discussion
4.3.1. Overall Classification Performance

Under the default synthetic setting, RF remained the strongest single method, indi-
cating that the generated DGA features were highly compatible with tree-based nonlinear
partitioning. Nevertheless, FE-Stacking achieved a competitive and balanced recognition
profile across all five states. This result suggests that the proposed framework can effec-
tively combine complementary base learners while maintaining stable generalization under
mixed and imbalanced gas patterns.

The overall performance comparison and representative-split confusion matrix under
the default synthetic setting are shown in Figure 5. Although RF achieved the highest
average performance under the default synthetic setting, with an accuracy of 99.85% and
a macro-F1 of 99.79%, this result should be interpreted together with the difficulty level
of the default dataset and the objective of the proposed framework. The default synthetic
setting still provides relatively sufficient rare fault samples and clear feature separability,
under which a strong tree-based ensemble such as RF can already learn highly effective
decision boundaries. Therefore, FE-Stacking is not intended to be claimed as universally
superior to RF in all scenarios, nor is its additional complexity justified by marginal
accuracy improvement under this relatively easy setting alone. Instead, the main value
of FE-Stacking lies in improving robustness when the training distribution becomes more
imbalanced and boundary-ambiguous. As shown in the subsequent minority-retention
sensitivity analysis, the proposed feature-guided sample structuring and adaptive fusion
mechanism become more beneficial when LD and LT samples are severely compressed.
From a practical perspective, RF may be sufficient for routine assessment when labeled
DGA samples are abundant and well separated, whereas FE-Stacking provides a more
robust decision-support option for difficult diagnostic scenarios involving sparse minority
faults, boundary-overlapping DGA signatures, and cross-transformer heterogeneity.

(b) Confusion matrix

Confusion matrix of FE-Stacking on a representative synthetic split

(a) Overall performance
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Figure 5. Overall performance comparison and confusion-matrix visualization under the default
synthetic setting.

4.3.2. Ablation Study on Sample Rebalancing and Feature Embedding

To evaluate the contribution of each module, a more challenging ablation experiment
was performed by retaining only 25% of the LD and LT training samples while keeping the
test set unchanged. This setting better matches the intended use of FE-Stacking, namely,
rare fault recognition under severe class imbalance. Table 5 shows that FE-Stacking obtained
the highest accuracy (99.62%), macro-F1 (99.40%), and balanced accuracy (99.25%) among
the ensemble variants under the 25% minority-sample retention setting. The overall test-set
performance under the default synthetic setting is summarized in Table 6. The result
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indicates that DBSCAN-assisted sample handling and feature-guided weighting become
more valuable when rare fault information is strongly compressed.

Table 5. Ablation results under 25% minority-sample retention for LD and LT (mean, %).

Method Accuracy Macro-F1 Balanced Accuracy
Original Stacking 99.23 98.70 98.18
Stacking + DBSCAN 99.46 99.13 98.88
Stacking + Guided Weighting 99.38 99.02 98.66
FE-Stacking 99.62 99.40 99.25
RF 99.53 99.26 98.98

Table 6. Overall test-set performance under the default synthetic setting (mean =+ std, %).

Method Accuracy Macro-F1 Balanced Accuracy
Ratio-Centroid 87.32 £ 0.70 76.23 + 0.94 72.69 £ 1.07
SVM 95.09 £ 0.32 90.47 + 0.73 88.00 £+ 0.74
KNN 99.23 +0.27 98.72 + 0.56 98.57 +0.43
GNB 99.63 £+ 0.63 99.47 +0.92 99.58 £+ 0.73
RF 99.85 £ 0.25 99.79 £ 0.37 99.86 £ 0.24
Original Stacking 99.63 £ 0.45 99.44 £ 0.66 99.46 £ 0.53
FE-Stacking 99.70 £ 0.33 99.55 £ 0.49 99.53 £0.43

The ablation comparison under the 25% minority-sample retention setting is visualized
in Figure 6. Compared with Original Stacking, the full FE-Stacking framework improved
macro-F1 by 0.70 percentage points under the 25% minority-retention setting. Compared
with the guided-weighting-only variant, FE-Stacking also retained a measurable advantage.
This indicates that explicit enhancement of rare fault representation still contributes to
performance when the synthetic data are intentionally made more challenging.

1000 Ablation comparison under 25% minority-sample retention

I Macro-F1
mmm Balanced Accuracy
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Figure 6. Ablation comparison under 25% minority-sample retention.

4.3.3. Recognition of Minority and Boundary-Ambiguous Faults

The recognition of LD and LT is particularly important, because these two classes were
designed as minority and partially overlapping fault states in the synthetic dataset. Table 7
shows that, under the 25% minority-retention setting, FE-Stacking maintained a recall of
100.00% for LD and 96.61% for LT. Its LD recall was tied with several strong baselines, while
its LT recall was higher than those of RF, Original Stacking, and the guided-weighting-only
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variant. The rare-fault recall results for LD and LT are visualized in Figure 7. This result
is meaningful because LT is the more boundary-ambiguous overheating category and is
therefore more sensitive to insufficient rare fault representation.These observations indicate
that the advantage of FE-Stacking does not lie in uniformly dominating RF under easier
conditions. Rather, it lies in maintaining stronger rare fault robustness when the training
distribution becomes more challenging. In this sense, the proposed framework better
matches the objective of adaptive state assessment under imbalanced DGA data.

Table 7. Rare fault recall under 25% minority-sample retention (mean, %).

Method Recall of LD Recall of LT
SVM 9.44 27.33
Original Stacking 98.41 92.49
Stacking + DBSCAN 100.00 94.76
Stacking + Guided Weighting 100.00 93.28
FE-Stacking 100.00 96.61
RF 100.00 94.89

Minority-fault recall under 25% minority-sample retention
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Figure 7. Rare fault recall under 25% minority-sample retention.

4.3.4. Robustness and Sensitivity Analysis

To assess how the methods behave when the test samples increasingly differ from the
training distribution, we gradually increased the proportion of unseen samples from 20%
to 100%. As shown in Figure 8, the macro-F1 score declined for all methods, although the
decline was much less pronounced for FE-Stacking. When only a relatively small proportion
of samples was unseen, FE-Stacking achieved a macro-F1 of around 0.985, while the other
methods generally performed between approximately 0.91 and 0.97. As the proportion of
unseen samples increased, the performance gap became more noticeable. Under the most
challenging setting, FE-Stacking still remained close to 0.92, whereas Stacking + Guided
Weighting and Original Stacking fell to roughly 0.88 and 0.82, respectively. The scores of RF
and SVM decreased further, reaching below 0.70 and approximately 0.62. Overall, FE-Stacking
lost only about 0.07 in macro-F1 across the tested range, while the other methods experienced
larger declines, particularly RF and SVM. At the highest unseen-sample proportion, FE-
Stacking performed more than 0.2 higher than RF and nearly 0.3 higher than SVM. This trend
suggests that the feature-guided fusion mechanism helps preserve useful class-discriminative
information when the test distribution becomes less familiar.
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Figure 8. Sensitivity of macro-F1 to the proportion of unseen samples.

The slower degradation of FE-Stacking under severe minority-sample compression is
attributed to the combined effect of DBSCAN-assisted sample structuring, cluster-aware
rebalancing, and monitoring-feature-embedded adaptive weighting. DBSCAN helps iden-
tify sparse and boundary-adjacent DGA samples. The rebalancing strategy increases their
effective contribution during training. The adaptive weighting module further adjusts
the contribution of heterogeneous base learners according to local feature reliability and
validation behavior. Therefore, FE-Stacking can better preserve minority-state information
when LD and LT samples are severely reduced. Nevertheless, this interpretation is based
on the controlled synthetic validation setting and should be further examined using real
railway transformer DGA records.

The sensitivity trend supports a nuanced conclusion. RF yields the highest average
score under the default synthetic setting, while FE-Stacking provides a more favorable trade-
off between ensemble enhancement and rare fault robustness under the more demanding
imbalance-oriented setting. This behavior is consistent with the proposed motivation that
feature-guided ensemble learning is most useful when rare fault information is insufficient
and boundary ambiguity becomes more pronounced.

4.4. Discussion

The simulation-based experiments provide several observations regarding the pro-
posed FE-Stacking framework. Under the default synthetic validation setting, both RF and
FE-Stacking achieve highly competitive overall performance. In particular, RF obtains the
highest average score on the default synthetic test set, indicating that tree-based ensemble
models remain strong baselines when DGA feature regions are relatively well separated
and minority-state samples are still sufficiently represented. Therefore, the proposed FE-
Stacking framework should not be interpreted as being universally superior to RF under
all diagnostic conditions. These findings support the use of feature-guided stacking as
a adaptive ensemble framework for imbalanced DGA-based railway power transformer
state assessment.

From a practical perspective, the proposed framework may be useful as a decision-
support module for railway transformer condition screening, alarm verification, and main-
tenance prioritization. In such applications, the model output should not replace expert
judgment or standard maintenance procedures. Instead, it can provide an additional
data-driven reference for identifying suspicious operating states, prioritizing transformers
requiring inspection, and supporting maintenance decision making. The feature-guided
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structure also provides a more transparent way to relate model behavior to DGA feature re-
liability and local sample density, which is valuable for condition-monitoring applications.

Although some critical results have been achieved, this work still has limitations.
The dataset is generated at the virtual simulation. Although the generator introduces
transformer-specific offsets, measurement disturbances, outliers, and class imbalance, it
cannot fully reproduce sensor drift, oil-sampling uncertainty, maintenance-history un-
certainty, irregular monitoring intervals, aging trajectories, and site-specific operating
disturbances. In addition, the proposed model may still learn patterns that are specific
to the synthetic data-generation mechanism. The virtual-transformer-level split and the
use of multiple random seeds reduce record-level information leakage and improve the
stability of the evaluation, but they cannot completely eliminate the possibility that the
model adapts to generator-specific regularities. The practical applicability of the proposed
framework should be further verified using multi-site monitoring data and long-term on-
line condition-monitoring records. Therefore, the reported performance should be regarded
as proof-of-concept evidence for methodological feasibility.

Future work will focus on three aspects. First, long-term field DGA records from
railway traction power transformers should be collected and anonymized to validate the
proposed framework under real monitoring conditions. Second, multi-site datasets should
be used to evaluate cross-transformer and cross-region generalization. Third, additional
monitoring variables, such as CO;, O,, Ny, moisture content, oil temperature, loading
level, and maintenance-history information, should be incorporated to improve field
applicability. These extensions will help determine whether the proposed feature-guided
fusion strategy can be reliably transferred from controlled synthetic validation to practical
railway transformer condition assessment.

5. Conclusions

This paper presented a feature-guided stacking framework for adaptive state assess-
ment of railway traction power transformers. The proposed method integrates DGA-based
fusion-feature characterization, DBSCAN-assisted sample structuring, and monitoring-
feature-embedded adaptive weighting within a stacking architecture. The objective is to
improve the representation of imbalanced fault samples and enhance the discrimination of
boundary-ambiguous states.

Simulation-based experiments on a synthetic DGA dataset show that FE-Stacking
remains highly competitive under the default synthetic setting and becomes more advanta-
geous when rare fault categories are severely underrepresented. Specifically, FE-Stacking
achieves an accuracy of 99.70% and a macro-F1 of 99.55% under the default setting. Under
the 25% minority-retention setting, it obtains an accuracy of 99.62%, a macro-F1 of 99.40%,
and a higher LT recall than RF and other ensemble variants. These results indicate that
feature-guided ensemble learning can improve rare fault robustness and generalization
stability in imbalanced DGA-based state assessment.

The present study should be regarded as a reproducible proof-of-concept based on virtual-
transformer-level synthetic data. Future work will validate the proposed framework using
real railway traction transformer DGA records, multi-site monitoring data, and long-term
online condition-monitoring datasets. Further research will also examine model calibration,
uncertainty quantification, and online updating strategies for practical deployment.

A limitation of this study is that the experimental validation is currently based on
a virtual-simulation synthetic DGA dataset, for which design supports controlled com-
parison and reproducible analysis under rare fault and boundary-ambiguous conditions.
Nevertheless, it cannot fully represent the complexity of real railway transformer mon-
itoring data, such as sensor drift, maintenance-history uncertainty, irregular sampling,
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incomplete fault annotations, transformer aging histories, and site-specific operating distur-
bances. Therefore, the present results should be interpreted as proof-of-concept evidence for
methodological feasibility rather than direct evidence of operational deployment readiness.
The robustness of stagey against synthetic-data bias and generator-specific patterns requires
further investigation. Future work will focus on collecting and anonymizing long-term
field DGA records from railway traction power transformers, validating the proposed
framework on real monitoring datasets, and further assessing its robustness under practical
condition-screening, maintenance-prioritization, and alarm-verification scenarios.
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