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FAULT DIAGNOSIS IN POWER TRANSFORMERS USING RESAMPLED
DISSOLVED GAS ANALYSIS AND MACHINE LEARNING
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Fault diagnosis in power transformers is essential for ensuring operational reliability and minimizing maintenance downtime. This
paper presents a hybrid machine learning framework that leverages advanced resampling and optimization techniques to enhance
fault classification accuracy using dissolved gas analysis (DGA). To address class imbalance in the dataset, resampling methods
such as the synthetic minority oversampling technique SMOTE), edited nearest neighbors (ENN), and adaptive synthetic sampling
(ADASYN) are employed. Three classifiers, namely nonlinear support vector machine (NLSVM), linear discriminant analysis
(LDA), and artificial neural networks (ANN) are evaluated, with hyperparameter tuning performed using gradient-based
optimizer function (GFO) and firefly optimization (FFO). Among them, the FFO-optimized NLSVM combined with SMOTE-
ENN achieved the highest performance, with a recognition rate of 98.7%. The results, validated through confusion matrices and
ROC analysis, demonstrate the robustness of the proposed approach. This framework provides an effective and reliable tool for

condition-based maintenance, enabling precise multi-class fault identification in power transformers.

1. INTRODUCTION

Power transformers (PTs) are crucial components of
electricity distribution and transmission networks and may
fail during operation due to internal arcing, partial discharge,
short circuits, aging, and degradation of paper-oil insulation.
Numerous recent studies have established fault diagnosis
techniques using DGA in PT for condition monitoring [1-4].
DGA is widely used because thermal and electrical stressors
cause gases like CH4, C2Hg, C2Hz, C2Ha4, CO, CO2, and Ha to
dissolve in oil, indicating defects that shorten transformer
life and cause malfunction or outage. DGA data can also be
interpreted using the Doerneburg ratio, IEC ratio, Key gas,
Duval triangle, and Mansour Pentagon. However, these
conventional methods require multiple test results and are
affected by uncertainty in weight determination [5].

Deep learning enables the use of both labeled and
unlabeled DGA data [6-8]. While effective, accurate
diagnosis requires large, balanced datasets, yet most DGA
datasets are imbalanced since inspection is costly, and fault
occurrence is random. Resampling methods can address
imbalance effectively [9]. With DGA datasets, support
vector machine, extreme learning machine, radial basis
function, and back-propagation neural networks have been
applied, with the synthetic minority oversampling technique
(SMOTE) used to reduce imbalance (misclassified and
synthetic, MAS; misclassified initial samples, MIS)

Quantity of MAS

IR = - .
Quantity of MIS

)
A highly imbalanced data issue arises when the imbalance
ratio (IR) is high, given by eq. (1). Misdiagnosis of the minority
class is critical since it is financially sensitive. Treating
imbalance can be done at the data level (oversampling,
undersampling, hybrid), algorithm level (new or modified
algorithms), or hybrid approaches [10,11]. This paper addresses
class imbalance in DGA datasets using oversampling, under-
sampling, and hybrid sampling before classifier training.

Most existing works either solve imbalance using traditional
sampling only [12—17] or apply optimization without advanced
resampling [16,17]. Hybrid schemes like SMOTE-ENN remain
poorly explored with optimization for multi-class transformer
fault classification. This research proposes a hybrid diagnostic
model combining SMOTE-ENN and firefly optimization-

optimized NLSVM, achieving 98.7% diagnostic accuracy and
improving fault classification robustness for transformer
maintenance. In [18], the authors proposed this novel
methodology for fault detection and diagnosis of photovoltaic
systems that employs Fisher’s linear discriminant (FLD) with
Mahalanobis distance. The functioning operational data, used in
FLD, is projected in a low-dimensional space while maximizing
the separation between healthy and faulty conditions. Moreover,
in [19], the cuckoo-optimized modular neural network
(COMNN) is proposed to detect and classify a crack in the
blades of a wind turbine. Besides, the method is created using
the capability of a piezoelectric accelerometer to calculate the
vibration response of the blade while energizing it. Cuckoo
optimization is also employed to initialize and then re-adjust the
weight vector of the Modular Neural Network. In conclusion,
the experimentation findings reveal that COMNN detects and
categorizes faults accurately within an acceptable time frame on
the wind turbine’s blades.

In [20], two fault location methodologies were presented: the
Atom search optimization metaheuristic approach (ASO) and
machine learning (ML) with cubic spline models. The
performance of both approaches was estimated by considering
different fault types, fault distances, and fault resistance.

2. MATERIALS AND METHOD

2.1 DATASET DESCRIPTION

The dataset, compiled from multiple literature sources
[13—17], consists of 592 DGA records classified into six fault
types per IEC 60599 and IEEE C57.104: partial discharge
(PD), low energy discharge (LED), high energy discharge
(HED), low thermal fault (LTF), medium thermal fault
(MTF), and high thermal fault (HTF). The classification of
faults based on IEEE C57.104 and IEC 60599 standards is
presented in Table 1, while Table 2 shows the distribution.

Table 1
Classification of faults based on IEEE C57.104 and IEC 60599 standards.
Shortenings | Common Faults in PT
PD (1) | Partial discharge
LED (2) | Low energy discharge
HED (3) | High energy discharge
LTF (4) | Low thermal fault T<300°C
MTF (5) | Medium thermal fault 300°C < T < 700°C
HTF (6) | High thermal fault T>300°C
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A “No-fault” class was added using 145 DGA records
from healthy transformers verified by field inspection,
bringing the dataset to 737 samples across seven classes. To
ensure reproducibility, the dataset was split using stratified
sampling: 196 samples for testing (28 per fault type, 29 for
“No-fault”) and the rest for training.

Table 2
Distribution of gathered information following references to the faults in PT.
Fault Types
References PD LED HED LTF MTF HTF
[13] 0 32 32 0 0 0
[14] 16 35 15 29 19 30
[15] 32 51 74 85 41 56
[16] 7 2 2 0 5 4
[17] 0 7 18 0 0 0
Total 55 127 141 114 65 90

A “No-fault” class was added using 145 DGA records
from healthy transformers verified by field inspection,
bringing the dataset to 737 samples across seven classes. To
ensure reproducibility, the dataset was split using stratified
sampling: 196 samples for testing (28 per fault type, 29 for
“No-fault”) and the rest for training.

The six fault types, defined in IEC 60599, arise from
issues such as loose connections, poor cooling, short circuits,
and conductor or winding overheating. Table 2 shows their
distribution, which is highly imbalanced and reduces
classifier accuracy. To address this, the dataset was balanced
using three resampling approaches: under-sampling,
oversampling, and hybrid sampling. Figure 1 shows the
proposed workflow for PT fault recognition.

Power Transformer Data Pre-processing Data Conversion

DGA Dataset Collection (ppm)
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—
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Fig. 1 — Flow diagram of proposed work for fault recognition.

2.2 GREY WOLF OPTIMIZATION TECHNIQUES

Grey wolf optimization is a metaheuristic algorithm
proposed by Mirjalili and Lewis in 2014. It is a well-known
nature-inspired algorithm that has evolved to handle
complex, non-linear, high-dimensional problems. It delivers
the best optimal solution to issues with more uncertainty.
The stochastic nature of the algorithm initiates the
optimization of derivative-free search spaces and avoids
local maxima, which is highly useful in solving complex
real-world problems. The central theme of this algorithm is
a social hierarchy and the hunting of grey wolves [21].

Grey wolves live in closely organized packs. The average
pack size ranges from 5 to 12. The wolves are divided into
four groups based on their roles and contributions to the
pack. First comes the alpha wolf, the most dominant, and it
ranks top among its subordinates. It performs decision-

making activities about hunting, sleeping places, and the
time to wake up. It manages the pack in a highly organized
and disciplined way. The pack members pay due respect to
the alpha leader by holding their tails down. Beta Wolf
shares the next position on the ranking ladder and is
considered an equal performer to Alpha. It helps the alpha
wolf in decision-making activities and gives feedback to the
alpha about the pack's behaviour. It replaces the alpha's
position in the event of death and during old age.

Delta Wolf occupies the third position on the ladder. They
act as scouts, sentinels, elders, hunters, and caretakers.
Scouts warn the pack in case of danger and guard the
territorial boundaries. Sentinels ensure the safety of the pack
and protect it from danger. The mathematical model for
encircling the prey is as follows,

R=|GW, — W(t)|, 2
W(t + 1)=|W,(t) — GH], (3)

where t determines the current iterations, Wp represents the
position of prey, W characterize the position of the grey wolf.

The coefficient vector of GFO is represented as G&H. A
mathematical model for hunting is as follows,

W1=|W4, - le(t)L 4
W,=|Wy — H,W (¢)), Q)
V—>V3=|W8 - H3W(t)|'- (6)
The updated grey wolf position is
W(t + 1)=2rtWarWs ™

3
where Wa , WB , ngs a position vector of a, 3, dwolves, and
G,, G,, G3, Hy, H,, H;is a coefficient vector for GFO.

The hunting process involves searching for the prey,
encircling, and attacking. Initially, the wolves wait for the
target to reach their territorial boundary. They encircle them
with other wolves and choose the weak target. They chase
the target until it stops running. Finally, the leader attacks the
prey and completes the hunting process.

2.3 FIREFLY OPTIMIZATION TECHNIQUES

The firefly algorithm is a metaheuristic algorithm
proposed by Xin-She Yang in 2007. It is based on the
flashing behavior of fireflies. The bright flashes they emit
serve as a means of communication, attraction, and warning
to predators. Drawing inspiration from past endeavors, Yang
developed this approach based on the assumption that every
firefly is unisexual, meaning that each can attract other
fireflies and that each firefly's attraction is directly correlated
with its brightness. As a result, brighter fireflies attract less
bright ones to approach them. In addition, if there are no
fireflies that are brighter than a particular firefly, then it
moves at random. The objective function in the firefly
algorithm determines the light intensity level. Individual
fireflies must make random movements within the
population to optimize the fitness function.

Fireflies’ algorithm execution is controlled by three
parameters: attractiveness, randomization, and absorption.
The attractiveness parameter is defined using exponential
functions based on the light amount between two fireflies.
FFO fitness value and its light intensity are determined by

Fly) =X (@yi—1)*, ®)
1(d) = e, ©)
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where I, represents the light intensity of the initial firefly, d is the
distance between the two fireflies, and y represents the optical
absorption coefficient. The attractiveness between any two fireflies
is directly proportional to the intensity of their brightness.

B(d) = Boe ™", (10)
where 3, is the absorbance at d = 0. The random walk
occurs when the attractiveness parameter is set to zero,
corresponding to the randomization parameter chosen by the
Gaussian distribution principle. Conversely, absorption
parameters impact attractiveness parameter values, which
vary from zero to infinity. Additionally, the movement of the
firefly appears to be a random walk in the situation of
convergence to infinity. The pseudocode for the proposed
model is given as follows:

Input: D _train, D_val, bounds for (C, Conv), optimizer, N, T
Output: (C_best, Conv_best)
Initialize N random candidates (C[i], Conv[i]) within bounds
Repeatt=1..T:
For each candidate i:
Train SVM on D_train using (C[i], Conv[i])
fitness[i] = score on D_val
best = argmax(fitness)
For each candidate i:
(C[i], Conv[i]) = OptimizerUpdate((C[i], Conv[i]),
(C[best], Conv[best]), t)
Clamp (C[i], Conv[i]) to bounds
Return the candidate with the highest fitness

This proposed work shows SVM hyperparameters with
ranges and optimal values chosen by FFO in Table 3.

Table 3
SVM hyperparameters range.
Hyperparam | Description Minimu Maximum | Optimal
eters m Value
C Intricacy Constant -1 100 42
Conv Convergence 0.001 0.1 0.05
Epsilon

Regulating the trade-off between minimizing the
classification error and maximizing the margin is the
regularisation parameter (C). Greater values of C enable
more intricate decision limits, which could improve the
training data fit but increase the risk of overfitting. Although
a broader margin is encouraged by lower values of C,
underfitting may occur.

Finding the ideal variance ratio to bias is aided by tuning
C. Optimizing hyperparameters can also help make the SVM
model more straightforward. The decision boundaries
become more logical and indicate the underlying patterns in
the data by determining the ideal settings.

3. RESULT AND DISCUSSION

In this proposed work, the DGA dataset is balanced using
three different resampling approaches, and the resampled
data are used as input for three multi-class classification
models to identify the types of faults occurring in power
transformers. The machine learning models used in this
experiment are NLSVM, LDA, and ANN. The classification
results of these models are presented in Tables 4-6, while
Table 7 summarizes the overall performance comparison.
Resampling was performed only on the training set; the test

set was kept unchanged for unbiased evaluation.

Confusion matrices are used to evaluate the classification
performance for each balanced dataset, helping to identify
which classifier performs best with each sampling technique. A
total of 196 samples is used for testing, comprising 28 samples
for each fault type and 29 samples for the no-fault class.

Table 4

Effect of resampling techniques on various classifier performances without
hyperparameter tuning.

Support Vector Machine without Hyperparameter Tuning

Under- Oversampling Hybrid sampling
sampling
Parameters RUS TL ADASYN BI- SMOTE- SA
SMOTE ENN
Accuracy 0.781 | 0.760 0.824 0.714 0.852 0.789
Precision 0.781 | 0.746 0.814 0.743 0.821 0.799
Recall 0.792 | 0.754 0.817 0.784 0.834 0.754
F1-Score 0.788 | 0.762 0.817 0.748 0.870 0.748
RoC 0.812 | 0.841 0.846 0.733 0.921 0.795
Linear discriminant analysis
Under- Oversampling Hybrid sampling
sampling
Parameters RUS TL ADASYN BI- SMOTE- SA
SMOTE ENN
Accuracy 0.765 0.744 0.801 0.698 0.799 0.805
Precision 0.772 | 0.715 0.800 0.714 0.801 0.819
Recall 0.784 | 0.705 0.812 0.700 0.822 0.822
F1-Score 0.754 | 0.741 0.799 0.727 0.847 0.854
RoC 0.801 | 0.792 0.827 0.734 0.887 0.899
Artificial neural network
Parameters RUS TL ADASYN BI- SMOTE- SA
SMOTE ENN
Accuracy 0.711 0.722 0.711 0.684 0.741 0.721
Precision 0.688 | 0.714 0.721 0.699 0.744 0.705
Recall 0.674 | 0.714 0.701 0.674 0.722 0.699
F1-Score 0.687 | 0.701 0.701 0.677 0.702 0.701
RoC 0.654 | 0.671 0.721 0.690 0.754 0.700

Several performance metrics, such as accuracy, precision,
recall, and Fl-score, are derived from the confusion
matrices. These metrics provide a quantitative assessment of
the model's ability to distinguish between different fault
classes.

From Table 4, hybrid sampling SMOTE — ENN attains an
accuracy rate of 85% using the NLSVM classifier without
tuned hyperparameters. LDA attains 80% accuracy because
it assumes that the data are distributed according to Gaussian
distributions, which may not necessarily be true in real-world
scenarios. LDA's sensitivity to outliers stems from its
attempt to reduce variance within each class. However,
knowing its assumptions and limits is crucial when using it
on real-world datasets.

Table 5

Effect of resampling techniques on SVM classifier performance with
hyperparameter tuning using the GFO algorithm.

Support Vector Machine with Hyperparameter Tuning using GFO

Under- Oversampling Hybrid sampling
sampling
Parameters RUS TL ADASYN BI- SMOTE- SA
SMOTE ENN
Accuracy 0.875 | 0.834 0.879 0.790 0.923 0.820
Precision 0.899 | 0.855 0.897 0.824 0912 0.835
Recall 0915 | 0.867 0.897 0.845 0.894 0.871
F1-Score 0.942 | 0.899 0.912 0.856 0.921 0.871
RoC 0.927 | 0912 0.922 0.899 0.954 0.894

ANN achieves the highest accuracy rate of 84% due to
many hyperparameters, including learning rate, batch size,
number of layers, and number of neurons per layer, which
must be tuned when using artificial neural networks (ANNS).
Determining the optimal set of hyperparameters can be
difficult, and it frequently necessitates much experimentation.
ANN:S are prone to overfitting, particularly in intricate models
and sparse training data. When a model becomes overfitted, it
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performs poorly on unknown data because it has learned to
memorize the training set instead of generalizing it. A
significant volume of labeled training data is usually needed
for ANNSs, intense neural networks, to learn efficiently.
Table 5 shows the NLSVM classifier with hyperparameter
tuning using GFO.

NLSVM with hyperparameters tuned using GFO attains
the highest accuracy rate for SMOTE-ENN of 92%. SVM
works by utilizing a kernel function, usually the RBF, to
translate the input space into a high-dimensional feature
space, enabling the algorithm to produce non-linear decision
boundaries. Compared to other complicated models, such as
neural networks, RBF SVM is less prone to overfitting,
mainly when the ratio of training samples to features is
minimal. The robustness of the model is enhanced by the
kernel parameter (gamma), which controls the smoothness of
the decision boundary, and the regularisation parameter (C)
in SVM, which aids in controlling overfitting. To improve
generalization performance, SVMs seek to identify the ideal
hyperplane that maximizes the margin between classes.
Table 6 shows the accuracy rate of NLSVM with
hyperparameters tuned by FFO.

The strongest scores are obtained with SMOTE-ENN
under FFO tuning (Accuracy 0.987, Recall 0.988, ROC
0.991), which suggests that hybrid sampling improves
minority-class learning while maintaining low false
positives. The ENN cleaning step likely reduces borderline
ambiguities introduced during oversampling, enabling the
RBF-SVM to form a more reliable margin.

—@— SVM W/O HT
—@—LDA
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SMOTE - ENN
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09
BI - SMOTE

©

Table 6

Effect of resampling techniques on SVM classifier performance with
hyperparameter tuning using the firefly algorithm.

Support Vector Machine with Hyperparameter Tuning using FFO

Under- Oversampling Hybrid sampling
sampling
Parameters RUS TL ADASYN BI- SMOTE- SA
SMOTE ENN

Accuracy 0.897 | 0911 0.922 0.857 0.987 0.875
Precision 0.821 | 0.924 0.947 0.867 0.979 0.899
Recall 0.922 | 0.934 0.967 0.899 0.988 0912
F1-Score 0.960 | 0.944 0.957 0.901 0.976 0.954
RoC 0.944 | 0.955 0.964 0.934 0.991 0.922

NLSVM with RBF kernel attains an accuracy rate of 99%
using the FFO optimization algorithm. A subset of the
training samples, or support vectors, helps define the
decision boundary in most cases when RBF SVM generates
sparse solutions. This characteristic, particularly for large-
scale datasets, makes the model computationally quicker and
more memory-efficient during the training and inference
stages. Despite having relatively few training datasets, RBF
SVM can produce good results. It is beneficial when getting
a lot of complex or expensive labeled data.

Figure 2 represents the classification result of various
classifiers used in this work. Spider plots can be used to
evaluate the accuracy and precision of various classifiers
used in this proposed work with one another across a range
of parameters. The shape's outward extensions indicate
strengths, and its inner contractions indicate weaknesses.
Figure 2(b) and 2(d) represent the inner contractions for RUS
and TL, respectively. From the investigation, SMOTE-ENN
accuracy provides a higher value than other classifiers.
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Fig. 2 — Classification result of various classifiers (a) and (c), Accuracy plot (b) and (d), Precision plot.
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GFO + ADASYN (c)
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Fig. 3 — Confusion matrices for NLSVM under different sampling and optimization configurations: (a) GFO with SMOTE-ENN, (b) FFO with SMOTE-
ENN, (c) GFO with ADASYN, and (d) FFO with ADASYN.
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Fig. 4 — ROC curves for the classifier-tuned hyperparameters using GFO and FFO.

Figure 3 shows the confusion matrix for NLSVM with
hyperparameters tuned using GFO and FFO. FFO provides a
higher recognition rate of 98.7% for hybrid sampling
SMOTE-ENN. Figure 4 represents the ROC curves for GFO
and FFO. The ROC curve (F+) plots the true-positive rate
(T+) on the y-axis against the false-positive rate (F+) on the
x-axis, as shown in Fig. 4.

Table 7
Comparison of the recent state-of-the-art transformer fault diagnosis
algorithms.
References Dataset Types Accuracy Rate
[13] Balanced 92%
[14] Balanced 95%
[15] Imbalanced 88%
[16] Balanced 98%
Proposed Work Imbalanced 98.6%

ROC determines the brief evaluation of the model's
quality. The model is better if it is closer to 1. T (+), T (-),
F(+), and F(-) are all included in a confusion matrix that
offers a thorough analysis of the model's estimates. ROC
makes it possible to thoroughly assess the model's
performance over various error types and classes. Generally,
models with higher Accuracy values perform better than
those with lower Accuracy values. When choosing the
optimal model, it's crucial to consider additional elements,
including the application environment, computing capacity,
and interpretability. ROC curves are especially helpful when
assessing models on unbalanced datasets with unequal class
representation. Thus, the proposed work performs better and
has less computation time than other approaches.

The DGA dataset used in this work is inherently
imbalanced because fault occurrence is rare and inspection is
costly, meaning minority classes have fewer samples and are
more likely to be misdiagnosed, which is financially
sensitive. In such settings, standard learners tend to favor

majority classes, and borderline minority samples can be
treated as noise. The SMOTE-ENN pipeline addresses both
issues simultaneously: SMOTE increases minority
representation by synthesizing additional samples in sparse
regions, while ENN serves as a cleaning step that removes
samples inconsistent with their local neighborhoods, helping
reduce the influence of overlapping or noisy instances (a
common issue in multi-class imbalanced data).

This is particularly beneficial for NLSVM with an RBF
kernel because SVM decision boundaries are sensitive to
support vectors near class borders; removing ambiguous
points after oversampling yields a cleaner margin and
improves generalization.

In addition, the performance gain depends strongly on
selecting suitable hyperparameters (e.g., regularization and
kernel-related parameters). Table 6 and the confusion-matrix
comparison show that FFO-tuned NLSVM with SMOTE-
ENN achieves the highest recognition rate (98.7%) and
strong ROC behavior, indicating improved separability
across classes even under imbalance. This can be attributed
to FFO’s effective exploration of the hyperparameter space,
which helps locate a parameter setting that balances margin
maximization and misclassification tolerance on the
resampled (cleaned) training data. Overall, SMOTE-ENN
improves the training distribution and label consistency,
while FFO improves the model configuration, and their
combination produces the most stable class boundaries for
DGA fault discrimination.

The proposed framework can be incorporated into an online
DGA monitoring pipeline to support condition-based
maintenance by providing fast, automated fault identification
once the model is trained offline, since real-time operation
mainly involves feature extraction and an NLSVM inference
step. However, practical deployment should consider several
limitations: field DGA streams may include sensor noise,



252

Fault diagnosis in power transformers 6

missing values, calibration drift, or sampling delays that shift
feature distributions; the training dataset (compiled from limited
labeled records) may not fully represent all utility operating
conditions, transformer designs, or oil types, so periodic
validation and retraining with local data may be necessary;
SMOTE-ENN improves learning during training but the
deployed stream remains naturally imbalanced, requiring
careful alarm thresholds to avoid excessive false alerts; and real-
world adoption may be constrained by edge computing capacity
and the need for interpretability and operator trust, suggesting
the value of confidence reporting, logging, and simple
explanation mechanisms alongside the model.

4. CONCLUSION

This study investigated the impact of undersampling,
oversampling, and hybrid sampling techniques on power
transformer fault diagnosis using imbalanced DGA datasets.
Results demonstrated that class imbalance significantly
reduces classifier performance, which can be improved
through appropriate resampling and optimization strategies.
Among the evaluated models, NLSVM, LDA, and ANN, the
FFO-tuned NLSVM combined with SMOTE-ENN achieved
the highest classification accuracy. This confirms the
effectiveness of combining hybrid sampling with
hyperparameter optimization. The proposed framework
enhances diagnostic reliability and supports condition-based
maintenance, offering a practical tool for improving the
operational efficiency of power transformers.
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