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Abstract

Dissolved Gas Analysis (DGA) of transformer oil is a critical technique for transformer fault
diagnosis that involves analyzing the concentration of gases to detect potential transformer
faults in a timely manner. Given the issues of large model parameters and high computa-
tional resource demands in transformer DGA diagnostics, this study proposes a lightweight
convolutional neural network (CNN) model for improving gas ratio methods, combin-
ing Knowledge Distillation (KD) and recursive plots. The approach begins by extracting
features from DGA data using the ratio method and Multiscale sample entropy (MSE),
then reconstructs the state space of the feature data using recursive plots to generate inter-
pretable two-dimensional image features. A deep feature extraction process is performed
using the ResNet50 model, integrated with the Convolutional Block Attention Module
(CBAM). Subsequently, the Sparrow Optimization Algorithm (SSA) is applied to optimize
the hyperparameters of the ResNet50 model, which is trained on DGA data as the teacher
model. Finally, a dual-path distillation mechanism is introduced to transfer the efficient
features and knowledge from the teacher model to the student model, MobileNetV3-Large.
The experimental results show that the distilled model reduces memory usage by 83.5%
and computation time by 73.2%, significantly lowering computational complexity while
achieving favorable performance across various evaluation metrics. This provides a novel
technical solution for the improvement of gas ratio methods.

Keywords: transformer; DGA; sample entropy; knowledge distillation; recursive plots;
CNNs; CBAM

1. Introduction

Oil-immersed transformers are a critical component of power systems, being responsi-
ble for voltage transformation and power transmission. When faults such as overheating
or discharge occur, if not promptly identified and handled, they can disrupt the stability
of the power system and severely threaten the safety of the power grid [1,2]. Among the
transformer fault diagnosis methods, the Dissolved Gas Analysis (DGA) technique has
developed rapidly and achieved significant results. DGA assesses the transformer’s opera-
tional status and potential fault types by monitoring the composition and concentration
changes of dissolved gases in the transformer oil. Typically, the dissolved gas content in
transformer oil is stable; however, due to insulation aging, electrical faults, or thermal faults,
specific gases such as Hp, CHy, C;Hg, CoHy, and CyHj are produced. The composition
and concentration changes of these gases can effectively reflect the type and severity of
faults [3,4].
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The three-ratio method is widely used in transformer DGA due to its clear principles,
well-defined standards, and simplicity of operation [5]. It involves calculating three specific
gas ratios which correspond to different types of transformer faults: CHy/Hp, CoHg/CHy,
and CyHy4/CyHg. These ratios are then compared with diagnostic charts or the threshold
values specified in the IEC 60599 standard [6] to identify faults such as partial discharges,
overheating, arcing, and so on. Through analyzing these gas ratios, the method enables reli-
able fault classification without requiring complex computations or specialized equipment.
It is suitable for preliminary fault screening and routine monitoring in power systems [7].
Reference [8] showed that the three-ratio method can effectively diagnose transformer
faults. Reference [9] improved the three-ratio method by combining it with a BP neural
network, successfully constructing a transformer fault classification model. Reference [10]
extended the application of the three-ratio method using spatial interpolation technology,
overcoming its limitations through the application of the Belief Propagation Algorithm
(BPA). However, the three-ratio method faces issues such as missing encoding, fuzzy critical
values, and gas cross-interference. It is also significantly affected by oil sample aging, envi-
ronmental interference, and mixed fault gases, which limit its ability to recognize composite
faults and early potential defects. Furthermore, the use of a static threshold setting makes
it unable to adapt to dynamic operating conditions, leading to poor compatibility with
low-concentration gases and new insulating oils, thus limiting its application and reliability
in complex scenarios.

To overcome the limitations of the three-ratio method, this study introduces sample en-
tropy (SE) as a feature indicator for transformer fault diagnosis. Multiscale sample entropy
(MSE) allows system complexity to be analyzed at different scales in order to provide a
comprehensive understanding of signal behavior, thereby improving the sensitivity of fault
detection. Higher SE values typically indicate greater system complexity and uncertainty,
which may suggest potential faults. Multiscale entropy has been widely applied in various
fields, such as biomedical applications [11], mechanical fault detection [12], environmen-
tal monitoring [13], financial market analysis [14], speech signal processing [15], image
processing [16], and bio-signal analysis [17], and has enhanced early fault prediction capa-
bilities in DGA diagnostics. In recent years, deep learning methods have made significant
progress in transformer fault diagnosis due to their powerful feature extraction and non-
linear fitting capabilities [18]. Through constructing deep neural networks, fault features
from DGA data can be effectively mined, overcoming the reliance on expert knowledge
inherent in traditional methods. Reference [19] proposed an early fault diagnosis method
for electro-hydraulic control systems based on residual analysis. The method extracts
residual signal features and optimizes the Bayesian network to correct the fault diagnosis
results. Reference [20] introduced a concurrent fault diagnosis method for electro-hydraulic
control systems based on Bayesian networks and D-S evidence theory. They divided the
fault diagnosis approach into multiple sub-models, used OOBNSs to establish an initial
diagnostic model, and then applied D-S evidence theory for information fusion, improv-
ing the reliability of the diagnosis. Reference [21] proposed a ReLU-DBN-based model
using unencoded ratios as feature parameters, combined with support vector machines
and backpropagation neural networks, thus achieving higher classification performance.
Reference [22] proposed a short-term load forecasting method based on LSTM, which
improved the transformer load prediction performance by incorporating historical load,
holidays, and weather data, providing technical support for solving overload issues.

Despite the significant achievements of deep learning models in transformer DGA
diagnostics, their large number of parameters can consume considerable memory and
computational resources, affecting their real-time performance. DGA data are provided
in one-dimensional form, and converting them into two-dimensional images presents
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challenges, with traditional conversion methods having limited effectiveness. Recursive
plots (RPs) can transform one-dimensional data into two-dimensional images, but con-
ventional convolution operations struggle to extract features effectively. To address this
issue, the Convolutional Block Attention Module (CBAM) is introduced, which optimizes
feature extraction by incorporating attention mechanisms along both the channel and
spatial dimensions, thereby improving fault diagnosis performance and model efficiency.

Knowledge Distillation (KD) is a technique that transfers knowledge from a teacher
model to a student model, effectively compressing the model while maintaining high per-
formance [23]. Compared with traditional compression methods, KD offers the advantage
of balancing lightweight design with performance, compatibility across architectures, and
improved training efficiency; thus, KD provides an optimized path for resource-constrained
scenarios such as edge computing and real-time inference. Reference [24] proposes an
incremental partial discharge recognition method that combines KD and a graph neural
network (GNN). This approach utilizes KD during the incremental training process to
prevent model forgetting, while the GNN addresses the issues of small sample sizes and
class imbalance, thereby improving the learning performance on new data. Reference [25]
introduced a context-aware KD network, which eliminated the gap between the teacher
and student networks using an adaptive channel attention mechanism, improving object
detection performance and providing an innovative solution for KD applications in object
detection. KD not only applies independently for model compression, but also synergizes
with deep learning architectures. The Residual Network (ResNet) introduced the residual
block structure, successfully addressing the gradient vanishing problem in deep networks
and providing a stable foundation for training complex teacher models [26]. Deep learning
methods combine feature extraction and fault diagnosis in an end-to-end manner, over-
coming the limitations of traditional machine learning methods [27]. Since convolutional
layers in deep learning models have weight sharing and local connection properties, they
can effectively extract features when processing two-dimensional image data, yielding
excellent results. Combining deep learning with KD, using two-dimensional image data for
fault diagnosis has become a popular research direction for rapidly identifying potential
fault patterns and improving prediction performance.

In summary, the traditional three-ratio method has limitations such as rigid encoding
rules, high threshold sensitivity, and insufficient anti-interference ability, which severely
restrict its applicability under complex operating conditions. In contrast, although deep
learning-based improved methods have significant advantages in terms of feature extrac-
tion, they face the dual bottlenecks of high model complexity and limited data representa-
tion capability. These limitations highlight the necessity of developing a feature extraction
mechanism with high robustness and a lightweight diagnostic architecture.

This study proposes a lightweight model using MSE and KD. First, to address the
limitations of traditional three-ratio methods and deep learning approaches in feature
extraction and computational efficiency, a feature extraction method based on MSE and
RP is introduced, effectively improving the sensitivity and accuracy of transformer fault
detection. Secondly, the CBAM is introduced to optimize the feature extraction process of
ResNet50, enhancing the model’s ability to focus on key features. Finally, by combining KD
technology, a lightweight model is designed that reduces computational resource consump-
tion while maintaining efficient DGA diagnostic performance. The experimental results
demonstrate that the proposed model excels in terms of diagnostic accuracy, computational
complexity, and storage requirements, providing an efficient and reliable transformer DGA
diagnostic solution.

The remainder of this article is structured as follows: Section 2 introduces the principles
of the relevant algorithms. Section 3 presents the model based on MSE and KD-CNNs.
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Section 4 demonstrates the performance of the proposed diagnostic model. Section 5
concludes the study.

2. Algorithms and Principles

This chapter introduces the key algorithms and principles underlying the construc-
tion of a transformer DGA diagnostic model. Based on transformer DGA data, various
algorithms are applied to extract effective features, enabling efficient fault diagnosis. First,
the chapter introduces the fault mechanisms and distribution of transformers, followed
by an explanation of how MSE improves DGA diagnostic accuracy by analyzing the com-
plexity of data at different time scales. Next, leveraging the features extracted through
MSE, the integration of KD and CNN models is discussed. Through KD, the teacher model
transfers effective knowledge to the student model, reducing computational load and
optimizing model performance. Furthermore, the introduction of RP and CBAM further
enhances the feature extraction process. RPs effectively convert one-dimensional data into
two-dimensional image features, improving model interpretability, while CBAM uses both
spatial and channel attention mechanisms to enable the model to focus on key regions
during feature learning.

2.1. Transformer Fault Mechanisms and Distribution

Transformer faults result mainly from irreversible damage to insulation materials and
conductive components due to thermal stress and electrical discharges. Thermal faults,
accounting for 55-60%, are primarily caused by overheating due to issues such as loose
connections, core eddy current losses, or winding defects. Electrical faults, making up
35-40%, are triggered by insulation aging, moisture, or mechanical damage.

Faults evolve in stages based on temperature thresholds and gas release characteris-
tics. Thermal faults initially cause local overheating, decomposing oil and cellulose, and
thus producing gases such as CHy and CyHg. As the temperature increases, pyrolysis
accelerates, leading to higher concentrations of C;H4 and H;. At critical temperatures,
severe overheating generates large amounts of CoHy and CoHj, degrading the insulation.
Electrical faults begin with partial discharge, producing Hy and CHy, and progress to
low-energy discharges that release CoH, and Hjy. If untreated, high-energy discharges
occur, decomposing oil and insulation rapidly, producing gases such as C,Hy, Hp, CO, and
COg, resulting in catastrophic failure.

Unresolved transformer faults pose significant risks. They disrupt operational stability
by interfering with voltage regulation, and high-energy discharges can trigger cascading
power outages. Faults also pose safety hazards, such as oil leaks, explosions, and fires,
which threaten the safety of personnel and infrastructure. Economically, forced shutdowns
and replacements may cost millions of dollars, with direct losses exceeding one million
dollars for a single large transformer failure. Environmentally, leaked transformer oil
can pollute soil and water, and degradation products of insulation materials may violate
environmental regulations.

2.2. Multiscale Sample Entropy

SE is a widely used tool for measuring the complexity of time series, reflecting the
system’s dynamic characteristics by analyzing the self-similarity of the data. However,
traditional SE methods typically assess data complexity at a single scale, which may not
fully capture the multi-level dependencies present in the data. To address this, this study
introduces MSE, aiming to provide a more comprehensive analysis of the time series
complexity by examining multiple time scales. By considering the complexity at different
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scales simultaneously, the MSE method effectively captures both short-term and long-term
dependencies, thereby enhancing the overall ability to recognize system behaviors.

2.2.1. Sample Entropy

The core idea behind SE is to measure the complexity of a time series by examining the
similarity between adjacent samples. The method involves reconstructing the time series into
high-dimensional vectors and evaluating the similarity between these vectors to assess the dis-
order of the series. SE overcomes its limitations by providing more stable results, particularly
for short datasets and noisy signals, making it a robust tool for practical applications.

2.2.2. Algorithm Steps

Given a time series x = [x1,xp,...,xN]|, where N is the length of the series, the
calculation of SE involves the following steps.

First, the time series x is reconstructed into multiple vectors of dimension m, where
each vector consists of m data points. Specifically, each vector is represented as follows:

X; :[xl-,xi+1,...,xl-+m_1},i:1,2,...,N—m—|—1 (1)

where x; represents the data points in the time series, m is the number of data points in
each vector, and N represents the total number of data points in the time series.

For any two vectors X; and Xj, their similarity is measured by the maximum absolute
difference between the corresponding elements. If the maximum difference between the
two vectors is less than a predefined threshold 7, the vectors are considered similar. This
threshold is usually defined as a multiple of the standard deviation of the time series data.

r=uw-std(x) ()

where 7 is the threshold value for similarity, « is a constant, typically set to 0.1, and std(x) is
the standard deviation of the time series data x.
Next, the number of matches is calculated for each pair of vectors X;j and Xj. A match is
defined as a pair of vectors whose maximum absolute difference is less than the threshold r.
After obtaining the match counts, the SE is calculated using the following formula:

Ap (1)

SampEn(m,r,N) = —ln(m
m

) )
where A (r) is the proportion of vector pairs that are similar when the embedding dimen-
sion is m, and Bpy,,1(r) is the proportion of vector pairs that are similar when the embedding
dimension is m + 1.

SE reflects the complexity of the time series by comparing vector similarities at two
different dimensions. When the time series exhibits simple structures, the number of similar
vector pairs is large, resulting in a small SE value; in contrast, when the time series is more
complex, the number of similar vector pairs is small, leading to a higher SE value.

2.2.3. Multiscale Sample Entropy Algorithm Steps

MSE is an extension of the traditional SE that is used to analyze the complexity of
time series data across multiple temporal scales. While SE measures the complexity of a
time series at a single scale, MSE decomposes the original time series into multiple scales,
capturing both short-term and long-term dependencies. This multiscale approach provides
a more comprehensive measure of the data’s complexity.

The original time series is first decomposed into multiple time series at different scales
by downsampling the data. For each scale T, downsampling is performed by averaging the
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data within non-overlapping windows of size 7. The downsampled time series at scale T is

calculated as follows: '
(‘L’) 1 1T
' ==Y Xj 4)

TiciT1)ti

where 7 is the scale factor, and x; represents the data points in the original time series. The
(0
1

Once the time series is decomposed into multiple scales, the traditional SE is calculated

new time series x; "’ is the average of the data points within each window of size 7.
for each scale. SE is computed by reconstructing the time series into vectors and measuring
the similarity between these vectors. The calculation of SE for each scale follows the same
procedure as in the original SE method.

The formula for SE at scale 7 is given by

(x)
SampEn™ (m,r,N) = ~In <Am<>m> (5)
Bpi1'" ()

where A,V (r) and B,41(?) (r) represent the proportions of similar vector pairs at dimen-
sions m and m + 1, respectively, for the time series at scale T, with a predefined similarity
threshold 7.

Finally, the SE values calculated at each scale are averaged to obtain the MSE.

S
MSE(m,r,N) = % Z SampEn(T>(m,r,N) (6)
=1

where S is the number of scales, and SampEn'™) (m,r, N) is the SE calculated at scale 7.

2.3. Knowledge Distillation

KD is essentially an efficient knowledge transfer method that minimizes the model size
by extracting and transferring knowledge from a teacher model to a lightweight student
model. Typically, the output of neural networks uses hard labels marked with 0 sand 1s,
which ignore the information from other related classes except the correct one; in contrast,
soft labels have values between 0 and 1, which not only indicate the class attribute but also
encapsulate implicit information about the relationships between different classes. The
teacher model extracts features from labeled training samples and generates high-quality
soft labels. These soft labels contain not only the class information of the samples but also
reflect the similarity between classes, providing the student model with rich supervisory
signals. During the learning process, the student model enhances its prediction ability by
mimicking the outputs of the teacher model. This method allows the student model to
achieve performance close to or matching that of the teacher model while maintaining a
lower complexity.

KD mainly involves the following two key steps.

(1) Soft label generation and distillation temperature. The output of the teacher model is
not only the standard hard labels, but can also be smoothed by a temperature coefficient
B to generate soft labels. The smoothness of the model output is controlled by adjusting
B. A higher temperature coefficient results in a smoother probability distribution, which
provides relational information between classes, allowing the student model to learn
more latent feature information, rather than just the classification performance.

(2) Combination of soft labels and hard labels. The training of the student model involves
learning not only from the soft labels generated by the teacher model, but also from the
real hard labels. To balance the influence of the soft and hard labels during training, a
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weighting coefficient « is introduced to combine their contributions. The loss function
is calculated as follows:

Lxp = (1 —a)Lpgra + aLsoft @)

where Lip is the total loss function of the student model, L,,q is the loss associated
with the hard labels, Ly is the loss associated with the soft labels, and « is the coeffi-
cient that controls the relative importance of the hard and soft labels. By adjusting the
value of &, one can control whether the student model focuses more on the hard or
soft labels during training.

Since ResNet50 employs a residual block structure, it addresses issues such as van-
ishing gradients that are common in deep networks. This enables it to effectively extract
complex features from the data and generate high-quality soft labels. Therefore, ResNet50
is chosen as the teacher model in this study.

MobileNet, as a network model designed for resource-constrained environments such
as mobile devices and embedded systems, utilizes techniques such as depthwise separable
convolution and dilated convolution. These techniques improve computational efficiency
while reducing the model’s parameter count and computational overhead [28]. Therefore,
MobileNet is chosen as the student model in this study.

2.4. Convolutional Neural Networks (CNNs)

CNN:s are a type of deep learning network that include convolutional operations and
have a deep layered structure in a feedforward manner. The structure of a CNN mainly
consists of convolutional layers, pooling layers, activation layers, and fully connected
layers. The convolutional layer extracts local features from the input data through convolu-
tion operations, the pooling layer performs dimensionality reduction on the features, the
activation layer introduces nonlinear transformations, and the fully connected layer is used
for the final classification or regression task. The specific structure is shown in Figure 1.

Previous Fully N
layer connected

;

| I

i E

| I

E Output

Input Convolutional Pooling c T | Pooling
L L onvolutiona
e ?zl.e_r._._._._._.f.y_e.r_._.__\ Layer v\\?aya(\ 7' Fully Connected
I- \ \\\\ \\ /// Layer
i 29| 15| 28|184 : Jmemimmm P A «
i i I." Activation \|
i 0 | 100 70| 38 2x2 pool. 100 | 184 : i Function i
! i i i i
|7 2| T 2 as | i |
i ! i i
1 . >
l_\. 12 | 12|45 | 6 i N ReLU(x) A

Figure 1. Schematic diagram of the CNN structure.
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ResNet50 and MobileNet are two popular CNN models. ResNet50 is a deep residual
neural network that effectively alleviates the vanishing gradient problem in deep networks
through the design of skip connections in its residual blocks. The core residual block
in ResNet50 consists of three convolutional layers that form a bottleneck structure, and
residual learning is achieved by adding the input features to the output [29]. The network
progressively reduces the feature map size through convolutions at different stages, while
simultaneously increasing the number of channels, enabling multiscale feature extraction.
When the input and output dimensions do not match, shortcut connections adjust the
dimensions using 1 x 1 convolutions, ensuring the integrity of the network structure. The
structure is shown in Figure 2.

Figure 2. Residual block.

ResNet50, with its powerful feature extraction capabilities, effectively handles high-
dimensional and large-scale fault data, identifying complex fault features from them.
By introducing residual blocks, gradient propagation through the network is facilitated,
thereby accelerating the model’s convergence speed and enhancing the reliability of fault
diagnosis. ResNet50 has demonstrated robust performance and strong generalization
ability in tasks such as image classification, object detection, and image segmentation,
making it a valuable tool in image processing. The specific implementation is shown in
Figure 3.

Residual . .
ResNet50 network layer Fine-tuning

leamni
Transfer learning Input target dataset

Pre-trained model

Target dataset
parameters
Input target dataset with
corresponding labels
ImageNet . Softmax
£ Loss function « .
dataset classifier

Figure 3. ResNet50 network diagram.

MobileNet is a lightweight convolutional neural network designed specifically to run
on resource-constrained devices. Its core innovation is depthwise separable convolution,
which decomposes the traditional convolution operation into two steps: depthwise con-
volution and pointwise convolution. This greatly reduces computational complexity and
the number of parameters. Although MobileNet has a relatively simple structure, it still
performs well and is suitable for scenarios with low computational resource requirements.
The depthwise separable convolution module is shown in Figure 4.
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(a) Depthwise convolution (b) Pointwise convolution
Figure 4. Depthwise separable convolution module.

2.5. Recursive Plot

RP is a visualization tool used for analyzing data patterns, designed to visually
represent the similarity between data points [30]. In an RP, each data point is mapped to a
node in the plot, and the connections between nodes indicate the similarity or dependency
between them. The advantage of the RP lies in its ability to capture latent patterns and
relationships in the data through the plot’s topological structure without assuming any
specific structure for the data. The RP structure is constructed by calculating the similarity
between data points, as shown in the process described in Equation (8).

R(i,j)_{ Loifllx —x |I<e ®)

0, if 5 —x >

In the equation, R(j, j) represents the similarity between data points x; and xj, and
€ is the predefined threshold. The Euclidean distance is used to measure the similarity
between data points. When the distance between two points is smaller than the threshold,
a connection is established between them; otherwise, no connection is formed.

2.6. Convolutional Block Attention Module (CBAM)

CBAM includes the channel attention and spatial attention modules [31]. The imple-
mentation of channel attention is shown in Equation (9):

M, = o(FC(ReLU(FC(GlobalPooling(X))))) 9)

In the equation, X represents the input feature map, GlobalPooling denotes the global
pooling operation, FC is the fully connected layer, and ¢ is the Sigmoid function used to
generate the weight M..

The implementation of spatial attention is shown in Equation (10):

M; = o(Conv2D(ReLU(Concatenate(MaxPooling(X), AvgPooling(X)))))  (10)

In the equation, MaxPooling and AvgPooling represent the max pooling and average
pooling operations, respectively. Conv2D is the convolution operation, and the spatial
attention map is generated through o.

3. Transformer DGA Diagnostic Model Based on KD
This study utilizes a model based on KD technology, and the implementation process
is as follows:

(1) Data Collection. The dissolved gas data in transformer oil used in this study are
sourced from the oil-gas monitoring system. This system collects real-time trans-
former oil and gas data using multiple sensors.
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Data Preprocessing. As the raw data collected on-site may contain outliers that can
adversely affect the analysis, this study employs the interquartile range (IQR) method
to clean the raw data and remove invalid data points.

Teacher Model Training. The CBAM module is introduced into the convolutional layers
of the teacher model, allowing the model to adaptively weight features from different
channels and spatial locations. This enables the network to focus on the most representative
regions or features in the input image, thereby improving the model’s performance.
Parameter Optimization. The Sparrow Search Algorithm (SSA) [32] is used for hyper-
parameter optimization of the teacher model, mainly adjusting parameters such as
the learning rate and batch size.

Knowledge Distillation. First, the distillation temperature coefficient f§ is set to control
the smoothness of knowledge transfer from the teacher model. Then, by adjusting the
learning weight «, a balance is struck between the soft labels generated by the teacher
model and the hard labels. This ensures that the performance of the student model
approaches or matches that of the teacher model. The specific implementation block
diagram is shown in Figure 5.

Data collection

Knowledge Distillation
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3 44.6 632 20.1 129 0.66 HT | N 3
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1017 294 274 5.6 526 338 HD 1 hyperpa of Clterlit il ;
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1 46.13 1157 33.14 8.52 0.63 NT ; ;i: " ;is ul i —— the fitness function |
2 7.81 30.4 17.37 4339 1.03 MLT 3 & ;
3 44.6 63.2 20.1 129 0.66 HT 3 3
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- 2433 17 2 32 0.1 PD | | Teacher model SN |
o | 1
£ Gas Ratio | MSE 3 L Lot
£ | |
S 2 e 819 20 FaltTye Sor preiied !
m | — !
° 0.0 0.0 121 1.56 1.68 NT : value |
E 0.0 0.0 1.38 1.67 1.74 MLT | Lo veloEs: N
E \ . 4 - ! — Student model the requirements i
R 0.0 0.0 145 1.79 1.86 HT | Hard |
0.1 0.0 1.51 1.87 1.93 LD ! predicted | — |
i value |
i (H  Lbard |
| |
| |
3 ——{ Teacher model Hard label — i
| |
NT MLT HT LD HD PD Cnipmiie

diagnosis class

Figure 5. Transformer DGA diagnostic model based on KD.

As shown in Figure 5, each set of data includes five features, along with the corre-

sponding categorical target that can assume six different values; namely, normal type (NT),

medium and low temperature overheating (MLT), high temperature overheating (HT),

low-energy discharge (LD), high-energy discharge (HD), and partial discharge (PD).

4. Case Study Analysis

To ensure efficient data processing and model training, this study utilized the fol-

lowing computer hardware configurations to meet the computational requirements of
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the transformer fault diagnosis model experiments. The algorithms used are built on the
PyTorch 1.12.0 framework. The CPU manufacturer is AMD, and the GPU manufacturer is
NVIDIA. The laptop is a Dell G15 5515, made in China. For detailed information, please
refer to Table 1.

Table 1. Computer configuration information.

Environment Configuration Configuration Value
CPU AMD Ryzen 7 5800H
GPU NVIDIA GeForce RTX 3060
Operating System Windows 10
Python 3.10
CUDA 11.6
Pytorch 1.12.0 + cullé

4.1. Data Collection

Using a chromatograph to detect DGA data has become a key method for effectively

diagnosing different types of transformer faults. DGA data are detected using a chromato-

graph via the following process:

)

@)

®)

4)
©)

(6)

Transformer oil sample collection: Transformer oil samples are randomly extracted
from the transformer using specific equipment to ensure the representativeness and
accuracy of the sample.

Sample preprocessing: The transformer oil sample undergoes filtration, heating, and
other preprocessing operations. These steps remove impurities from the transformer
oil and prevent the gas in the oil sample from deteriorating.

Release of dissolved gases: The collected oil sample is placed in a high-temperature
environment to release the gases dissolved in the oil. During the heating process,
gases in the transformer oil evaporate, forming a gaseous mixture.

Gas separation: The gas sample is separated into different components using the
chromatographic column in the chromatograph.

Gas detection and analysis: After separation using the chromatographic column, the
gases pass through a detector, where the concentration of each gas is recorded.

Data processing and diagnosis: The detected gas concentration data are input into a
computer system for analysis and processing. Finally, by analyzing the changes in the
concentration of the gases, the fault type and severity of the transformer are inferred.

The raw data used in this study consist of actual data for gases dissolved in insulating

transformer oils from multiple substations, with a total of 1018 samples obtained. Some of

the transformer parameters are presented in Table 2.

Table 2. Transformer parameters.

Type Parameters
Substation Voltage Level 750 kV
Transformer Model ODFPS-500000/750
Production Time June 2018
Commissioning Date 14 May 2019
Main Transformer Cooler Model YF-400

Each dataset includes five feature variables and their corresponding fault type labels.

A sample of the oil chromatographic data is shown in Table 3.
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Table 3. Transformer oil chromatographic data.

Sequence H, CH, C,H, C,H, C,H, Fault Type
1 46.13 11.57 33.14 8.52 0.63 NT
2 7.81 304 17.37 43.39 1.03 MLT
3 44.6 63.2 20.1 129 0.66 HT
4 30 62 60 460 34 LD
1017 294 27.4 5.6 52.6 338 HD
1018 980.2 73.2 58.1 12.3 0 PD

4.2. Data Preprocessing

Due to the large volume of transformer oil chromatographic data, the presence of
outliers may directly affect subsequent model diagnosis and analysis; therefore, data
cleaning, using the IQR method, was first performed. First, the first quartile—the value
below which 25% of the data fall—of all numerical columns is calculated. Then, the third
quartile—the value below which 75% of the data fall—of all numerical columns is calculated.
Finally, the IQR is calculated as shown in Equation (11).

IQR = Q3 = (11)

where IQR is the interquartile range, which measures the spread between the first and third
quartiles; Qq is the first quartile; and Qj3 is the third quartile.

To identify potential outliers, the upper and lower boundaries of the dataset are
calculated. If a data point is smaller than Q; — 1.5 x IQR, it is considered a lower outlier; if
a data point is larger than Qs + 1.5 x IQR, it is considered an upper outlier. Following the
analysis, 971 valid samples of gas dissolved in transformer oil were obtained. A sample of
the oil chromatographic data is shown in Table 4.

Table 4. Transformer oil chromatographic data after data cleaning.

Sequence H, CH,4 CyHq CyH,y C>H, Fault Type
1 46.13 11.57 33.14 8.52 0.63 NT
2 7.81 30.4 17.37 43.39 1.03 MLT
3 44.6 63.2 20.1 129 0.66 HT
4 30 62 60 460 34 LD
970 294 27.4 5.6 52.6 338 HD
971 2433 117 23 3.2 0.1 PD

Due to the significant differences in gas content values corresponding to different fault
types, large differences in feature values during the model training process can affect the
experimental results; therefore, this study uses the Min—-Max normalization method for
normalization. The normalization process is shown in Equation (12).

x — min(x)

¥ = max(x) — min(x)

(12)

In the equation, x represents the sample data, max(x) represents the maximum value,
and min(x) represents the minimum value. The normalized result is represented as x’". The
data are mapped to the range 0-1 for easier processing. The results are shown in Table 5.
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Table 5. Normalized results.

Sequence H, CH, C,H, C,H, C,H, Fault Type
1 0.017 0.007 0.014 0.003 0 NT
2 0.003 0.018 0.007 0.014 0.001 MLT
3 0.016 0.038 0.008 0.043 0 HT
4 0.011 0.037 0.025 0.153 0.002 LD
970 0.106 0.106 0.002 0.018 0.180 HD
971 0.878 0.07 0.009 0.001 0 PD

4.3. Feature Extraction

As the transformer fault types are closely correlated with the proportions of corre-
sponding gas concentrations, and based on a summary of existing gas ratio methods [33],
17 characteristic gases and their ratios are selected as the analysis targets, as shown
in Table 6.

Table 6. Seventeen gas ratios selected for analysis.

Sequence  Gas Ratios Sequence Gas Ratios Sequence Gas Ratios
1 H, 7 CH4/H; 13 CH4/TD
2 CHy4 8 CyH,/CyoHg 14 (CH4 + CoHy)/TD
3 C2H6 9 H2 /ALL 15 (C2H4 + C2H6)/TD
4 CoHy 10 CHy/TH 16 (CH4 + CoHy)/TD
5 CoH, 11 C,Hy/TH 17 (CH, + CHy)/Hy
6 CyHy/CyoHy 12 C,H,/TD

Where TD = CHy + CoHy + CoHp, TH = TD + C;Hg, and ALL = TH + H,. Since the fault types are discrete and not
directly suitable for input into the model, the classes are converted into numerical values. The corresponding
mapping is shown in Table 7.

Table 7. Labels corresponding to data types.

Data Type Label Data Type Label
NT 1 LD 4
MLT 2 HD 5
HT 3 PD 6

For the transformer fault classification task, the data labels are encoded and the dataset
is divided into training and testing sets for model training and evaluation. The calculated
values of some gas ratio data are shown in Table 8.

Table 8. Partial gas ratios.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17  Type
o4 00 00 00 00 01 01 01 09 00 02 00 08 08 02 08 00 6

00 00 00 0O 00 00 14 64 02 06 01 00 03 09 07 03 06 3
02 01 00 01 O01 11 03 109 06 03 00 03 04 07 03 07 06 5
6T 00 00 0O 00 60 02 12 06 01 01 05 03 04 02 08 06 4
60 00 00 0O 00 01 08 06 04 02 03 00 06 07 04 06 02 1
060 00 00 00O 00 00 35 21 01 04 02 00 04 08 06 04 04 2

To extract more valuable feature information from the DGA data, the MSE method
is introduced to extract feature parameters from the raw data. To ensure the stability and
effectiveness of the SE calculation, the scale is set to 10, and the calculation is performed on
different gas content data. The calculated SE values are shown in Figure 6.
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Figure 6. SE values vary with different scales.

Figure 6 shows that as the scale increases beyond six, the SE values for different
transformer faults become relatively uniform, following similar trends. Some fault types
exhibit comparable SE values at scale values of four, five, and six; however, at a scale
of three, the differences in SE values across various faults become significantly more
pronounced. Taking into account that smaller scales may result in the loss of valuable
sample information, a scale value of three is selected for this study.

Taking into account the impact of different embedding dimensions on entropy values,
the embedding dimensions range from two to five. Figure 7 shows the comparative results
for different fault types under different embedding dimensions.
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Figure 7. Comparison of different embedding dimensions: (a) m = 2; (b) m = 3; (¢) m = 4; (d) m = 5.

The impact of the embedding dimension for different fault types is evident from
Figure 7. When m takes values of two, three, and five, there is a drastic fluctuation in SE



Entropy 2025, 27, 669

15 of 25

values, leading to potential confusion between different fault types. However, when m
is set to four, the SE values for different fault types exhibit a more gradual change with
increasing scales; therefore, m is set to four. Partial results are presented in Table 9.

Table 9. Results of partial multiscale entropy values.

Scale 1 Scale 2 Scale 3 Data Type
1.21 1.56 1.68 NT
1.38 1.67 1.74 MLT
1.45 1.79 1.86 HT
1.51 1.87 1.93 LD
1.66 1.92 1.97 HD
1.59 1.85 1.94 PD

4.4. Recursive Plot Generation

In deep learning-based DGA research, the effectiveness of feature extraction directly
affects model performance. Traditional DGA data face challenges such as high-dimensional
coupling, nonlinear dynamics, and weak fault signals. The complex chemical equilibrium
relationships between gas concentrations are difficult to represent through conventional
features. The 20 data features in Tables 6 and 7 are plotted as a line graph (Figure 8).

12

10 -

Eigenvalue

0 2 4 6 g 10 12 14 16 18 20

Feature indicators

Figure 8. One-dimensional data features.

From the one-dimensional data shown in Figure 8, it can be observed that most of
the data have a high degree of overlap, making it difficult to extract underlying features.
Specifically, the feature values for most data points in different classes are concentrated near
the horizontal axis, resulting in low distinguishability between these classes. Therefore,
relying solely on these features for classification is unlikely to yield optimal results.

To address the above issue, this study introduces the RP as a feature enhancement
tool. The one-dimensional data feature indicators are transformed into two-dimensional
recurrence plots, as shown in Figure 9.

The recurrence plots effectively present the multi-dimensional features of the data by
mapping multiple feature quantities onto the same plane. They not only clearly identify
the underlying relationships within the data but also enhance the visualization, making the
analysis process more intuitive and understandable. Figure 9 shows that the distinctions
between classes a, b, and c are relatively high, primarily because, during normal transformer
operation, the gas concentrations remain stable, with no significant changes. When a
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thermal fault occurs, the temperature changes gradually; the recurrence plot effectively
displays these changes, allowing for differentiation between different fault types. However,
as shown in Figure 9, the distinctions between classes d, e, and f are relatively low. This is
because the electrical signals cannot be accurately captured by the device during electrical
faults, leading to less pronounced differentiation in the recurrence plots, which in turn
affects fault type classification.

(a) NT (d) LD
(b) MLT () HD
(c) HT (f) PD

Figure 9. Two-dimensional RPs for analyzing six operating states.

The recursive matrix texture pattern can explicitly express the chaotic characteristics
and critical points of mutation in gas concentration sequences, enhancing the discriminative
ability between different classes and providing auxiliary feature representations with
physical interpretability for deep neural networks.

4.5. SSA-Optimized Hyperparameters for ResNet50
4.5.1. Hyperparameter Selection for ResNet50

The selection of hyperparameters is crucial for improving network performance during
the model training process. The hyperparameters for the ResNet50 model, including the
learning rate, decay factor, step size, and batch size, are initially set based on empirical
judgment. The initial values of these hyperparameters are shown in Table 10.

Table 10. ResNet50 hyperparameters.

Hyperparameters Value Range
learning rate 0.0001 0.00001~0.001
decay factor 0.1 0.1~0.9

step size 4 1~10
batch size 64 4~256

Inappropriate hyperparameter configurations may result in a learning rate that is
either too small or too large, leading to overfitting or underfitting, which negatively im-
pacts the model’s generalization ability and results in unsatisfactory training performance.
Additionally, an unreasonable batch size can cause slow training speed or waste of computa-
tional resources; in particular, issues such as memory overflow may occur with excessively
large batch sizes. Furthermore, an improper decay factor and step size settings may lead
to instability in the optimization process, manifested as gradient oscillation or stagnation
in convergence, thereby affecting the effective training of the model. To address this, this
study employs the SSA for hyperparameter optimization. This algorithm simulates the
foraging behavior of sparrow populations and possesses strong global search capabilities.
A comparison is also made with the Genetic Algorithm (GA) and Particle Swarm Opti-
mization (PSO). The maximum training iterations are set to 10, with 20% of the population
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representing the discoverers. The response value changes for GA, PSO, and SSA over
10 iterations are shown in Figure 10.
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Figure 10. Fitness comparisons.

As shown in Figure 10, in the early stages of iteration, the SSA quickly escapes
local optima through extensive search and random exploration, gradually converging
towards the global optimum. As the iterations progress, the search range of SSA narrows,
avoiding the dramatic fluctuations observed in the GA and PSO searches and ensuring
that the fitness value steadily and rapidly approaches the optimal solution. The optimized
hyperparameters for ResNet50 are finally obtained, as shown in Table 11.

Table 11. Corresponding SSA-ResNet50 hyperparameters.

Hyperparameter Value
learning rate 0.00008
decay factor 0.86

step size 2
batch size 32

4.5.2. Model Architecture and Attention Mechanism

In this study, the CBAM attention module is introduced to enhance the model’s
performance. The comparison results are shown in Figure 11.

L
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Figure 11. Comparison of accuracy before and after model enhancement.
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As shown in Figure 11, the model with the CBAM attention enhancement demonstrates
performance improvements across all classes. The enhanced model exhibits significant
performance gains in each class, particularly in class 5, where a noticeable performance
boost is observed. The data indicate that the incorporation of the CBAM attention mecha-
nism results in a 2.05% overall performance improvement on the test set, validating the
effectiveness of this approach.

4.6. Analysis of Teacher Model Results

The classification performance of the ResNet50 model on the test set is obtained by
simulating the feature images of transformer oil-gas data after data cleaning, as shown
in Figure 12.

Accuracy
1.0

0.8

- 0.6

Truth class

0.4

0.2

Predict class

Figure 12. Confusion matrix for the ResNet50 model.

As shown in Figure 12, the model exhibits significant differences in recognition perfor-
mance across various categories. The recognition rate reaches 99% under normal operating
conditions, demonstrating excellent diagnostic capability. The recognition performance for
overheating categories exceeds 97%, indicating that the model effectively captures tempera-
ture variation features and can promptly detect potential anomalies with high precision. For
discharge classes, the recognition rates of low-energy discharge (92%) and partial discharge
(97%) are relatively high, suggesting that the model efficiently captures their characteristics
for precise identification. However, the recognition performance for high-energy discharge is
relatively lower at 88%, primarily due to its strong thermal effects, causing feature overlap
with the high-temperature overheating category. Despite this recognition bias, high-energy
discharge still achieves a 100% detection rate as a severe condition.

4.7. Distillation Hyperparameter Selection

In KD, the temperature coefficient § and learning weight a play crucial roles in the
distillation process. Both parameters need to be adjusted during the training process to
determine the optimal combination. In this study, MobileNetV3-Large is selected as the
student model for the distillation operation.

The setting of the temperature coefficient B affects the smoothness of the class output
probability distribution of the teacher model, making the distribution either flatter or
sharper. In this study, with a = 0.5, the change in recognition performance at different
values of f is analyzed, as shown in Figure 13.
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Figure 13. Comparison under different 8 values.

As shown in Figure 13, the prediction performance of the student model improves as
B is increased from two to four. This indicates that as 8 increases, the output probability
distribution of the teacher model becomes smoother, reducing the differences between
classes, which allows the student model to learn more latent information from the teacher
model. However, as B increases from four to six, the prediction performance decreases,
indicating that an excessively high f value causes the teacher model’s output to become
too smooth. This leads the student model to overly rely on the teacher model’s soft
labels, suppressing the learning of the true labels and, consequently, affecting classification
performance. Therefore, this study selects g = 4, with the classification shown in Figure 13.
The prediction performance of the student model improves as j increases from two to
four, reaching 93.82%, at which the student model achieves the optimal classification
performance. This setting strikes the best balance between the information transfer of the
teacher model’s soft labels and the true labels, leading to the best classification results.

The network learning weight a determines the degree to which the student model
relies on the labels. When « is large, the student model relies more on the soft labels output
by the teacher model; in contrast, when « is small, the student model depends more on the
true labels. Therefore, the choice of « directly affects the learning weight between the soft
labels and the true labels for the student model. To find an appropriate a value, this study
conducts KD simulation experiments with MobileNetV3-Large as the student model and
determines the network training performance for different « values, as shown in Figure 14.
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Figure 14. Comparison under different « values.
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As shown in Figure 14, when the « parameter is set to 0.85, the classification perfor-
mance of the student model reaches 94.65%, demonstrating good classification performance.
This indicates that, with « = 0.85, the student model can effectively balance the influence
of the true labels and the teacher model’s soft labels during the learning process, thereby
improving classification performance. However, as the learning weight a continues to
increase, the classification performance does not improve further and instead stabilizes,
suggesting that increasing « does not significantly enhance the learning performance of
the student model. This may lead to the model becoming overly dependent on the teacher
model’s soft labels, while neglecting the importance of the true labels; therefore, this study
selects o = 0.85.

4.8. Analysis of Student Model Comparison Results

MobileNetV2 (abbreviated as V2), MobileNetV3-Small (abbreviated as V3-Small), and
MobileNetV3-Large (abbreviated as V3-Large) are selected as student models for compara-
tive analysis. Since these three student models have similar structures, the hyperparameters
are set uniformly as « = 0.85 and B = 4, and the data are divided into a training set and a
test set in an 8:2 ratio. KD is performed using the training set, with the teacher model’s
output guiding the training of the student model. The performances of the student models
are then evaluated using the test set, and confusion matrices are generated. The specific
results are shown in Figure 15, where 1-6 represent different transformer fault types.
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Figure 15. Confusion matrices for recognition results.

As shown in Figure 15, the V3-Large model consistently outperforms the other two
models in classification performance across all six classes; specifically, the classification
performance of the V2 model falls between those of the V3-Large and V3-Small models,
with the V3-Small model exhibiting the lowest performance. In the case of MLT faults, the
V3-Small model misclassified the fault as a normal state with a probability of 8%, which
poses a significant risk to the stable operation of the transformer. The V3-Large model
demonstrates a clear advantage in all test classes, with stable classification performance.
This indicates that the V3-Large model has stronger learning and recognition capabilities in
classification tasks, effectively improving the model’s reliability.

4.9. Comparative Analysis

To validate the effectiveness of the proposed method, ResNet50 was selected as the
teacher model, while V2, V3-Small, and V3-Large were used as student models for analysis.
To evaluate the overall performance of the diagnostic model, the accuracy, recall, preci-
sion, and F1 score were chosen as the evaluation metrics to assess the model’s diagnostic
effectiveness.

The results of the different metrics are shown in Figure 16.
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Figure 16. Diagnosis results.

Figure 16a demonstrates that V3-Large exhibits markedly superior predictive perfor-
mance in class 1 and class 3 relative to V3-Small and V2, with its discriminative capability
approaching the optimal range for these readily distinguishable fault types. In classes 4 and
5, despite the elevated diagnostic complexity, V3-Large maintains a clear performance ad-
vantage over other student models and shows close correspondence to the teacher model’s
performance benchmarks. Figure 16b shows that V3-Large has a recall rate of 0.94 in class
4, which is significantly better than the other models. This indicates that it can effectively
capture more true positives, reduce false negatives, and further improve sensitivity. The
recall rate of V3-Large is also better for other classes, further confirming its strong capability
for different classes. Figure 16c shows that V3-Large achieves precisions of 0.99 and 1.00
in class 1 and class 3, respectively, demonstrating its exceptionally high precision and
low false positive rate in diagnosing these two fault types. Figure 16d shows that the
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F1 score of V3-Large is the highest among all fault types, with an especially impressive
F1 score of 0.94 in classes 4 and 5. The F1 score remains stable, consistently above 85%,
indicating that V3-Large can effectively balance precision and recall, exhibiting strong
generalization ability. Finally, the results in Figure 16e show that the Kappa coefficient of
V3-Large is 97.8%, which is close to the Kappa coefficient of the ResNet50 teacher model
(98.1%), indicating that V3-Large’s performance in transformer DGA diagnostics is highly
consistent with the teacher model, demonstrating strong agreement.

After KD, the memory usage and diagnostic time of each model are shown in Table 12.

Table 12. Memory usage and diagnosis times of different models.

Model Memory Usage (MB) Diagnosis Time (s)
ResNet50 98.0 15.3
MobileNetV3-Large 16.2 41
MobileNetV3-Small 7.9 2.3
MobileNetV2 14.0 3.9

As shown in Table 12, the memory usage of ResNet50 is 98 MB, while the memory
usage of MobileNetV3-Large is only 16.2 MB, representing an 83.5% reduction in memory
usage and a 73.2% decrease in computation time. This demonstrates that KD effectively
reduces the memory usage of the student model.

5. Conclusions

This study proposed a lightweight convolutional neural network model for trans-
former DGA diagnostics that combines MSE for feature extraction, KD, and enhanced
feature RPs. The conclusions are as follows:

1. Feature Extraction: First, the ratio method was used to process five types of characteristic
gases, resulting in 17 features. Simultaneously, MSE was applied to analyze the data,
with an embedding dimension of four and a scale of three, yielding three entropy values.
These entropy values were then converted into RPs. After integration and processing,
20 features were obtained, effectively increasing the number of features and providing
richer and more effective feature information for subsequent fault diagnosis.

2. Hyperparameter Optimization and Attention Mechanism: In this study, SSA was used
to optimize the hyperparameters of the ResNet50 model, and a comparative analysis
with PSO and GA was conducted, confirming the superiority of the SSA optimization
method in parameter adjustment. Additionally, the CBAM attention enhancement
module was introduced, enabling the model to more effectively extract key features
from the transformer oil and gas data.

3. Knowledge Distillation Technique: In the framework of the teacher model ResNet50,
and the student model MobileNetV3-Large, this study introduced a dual-route KD
mechanism for transferring the efficient features and knowledge from the teacher
model to the student model. The simulation results demonstrated that the knowledge-
distilled V3-Large model has only 16.5% of the parameters of ResNet50, reduces the
computation time by 73.2%, and outperforms other methods in multiple performance
metrics, including the accuracy, recall, precision, F1 score, and Kappa coefficient.
These results validate the effectiveness and superiority of the proposed model.

In the future, the authors will attempt to collect more on-site transformer fault data to
further validate the effectiveness and practicality of the proposed model.
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Abbreviations

Xj the data points in the original time series
x; (0 the average of the data points within each window of size
Lhard the loss associated with the hard labels
Leoft the loss associated with the soft labels

R(, j) the similarity between data points x; and x;
X the input feature map

Q1 the first quartile

Q3 the third quartile

x the sample data

max(x) the maximum value

min(x) the minimum value

o learning weights

B temperature coefficient

T scale factor

€ the predefined threshold

o the Sigmoid function used to generate the weight M.
DGA Dissolved Gas Analysis

KD Knowledge Distillation

SE sample entropy

MSE Multiscale sample entropy

CBAM Convolutional Block Attention Module
ResNet Residual Network

MobileNet Mobile Neural Network

BPA Belief Propagation Algorithm

IGWO Improved Grey Wolf Optimization

WELM Weighted Extreme Learning Machine

RP recursive plots

CNN convolutional neural network

GNN graph neural network

SSA Sparrow Optimization Algorithm

IOR interquartile range

GA Genetic Algorithm

PSO Particle Swarm Optimization

NT normal type

MLT medium and low temperature overheating
HT overheating

LD low-energy discharge

HD high-energy discharge

PD partial discharge



Entropy 2025, 27, 669 24 of 25

References

1. Zhou, Y;; Li, Y,; Zhao, Y.; Teng, C.; Lu, L.; Li, P. Current status and development trends of transformer arc fault explosion-proof
and ignition prevention technology. High Volt. Eng. 2024, 50, 4273-4296.

2. Nanfak, A,; Samuel, E.; Fofana, I.; Meghnefi, F.; Ngaleu, M.G.; Kom, C.H. Traditional fault diagnosis methods for mineral
oil—Immersed power transformer based on dissolved gas analysis: Past, present and future. IET Nanodielectr. 2024, 7, 97-130.
[CrossRef]

3. Saad, A.M.A ; Ibrahim, BM.T; Rizk, F; Sherif, SM.G. Transformer fault diagnose intelligent system based on DGA methods. Sci.
Rep. 2025, 15, 8263.

4. Bai, X; Zang, Y,; Ge, L.; Li, C.; Li, J.; Yuan, X. Transformer fault diagnosis using dissolved gas anomaly selection method. High
Volt. Eng. 2023, 49, 3873-3886.

5. Yang, L.; Gao, L,; Luo, X.; Hao, Y.; Zhang, Z.; Jin, Y. Fault diagnosis method for transformers based on improved B-spline theory
with three-ratio. Proc. CSEE 2024, 34, 4129-4136.

6.  IEC 60599: 2022; Mineral Oil-Impregnated Electrical Equipment in Service—Guide to the Interpretation of Dissolved and Free
Gases Analysis. International Electrotechnical Commission: Geneva, Switzerland, 2022.

7. Hechifa, A.; Lakehal, A.; Nanfak, A.; Saidi, L.; Labiod, C.; Kelaiaia, R.; Ghoneim, S.5.M. Improved intelligent methods for power
transformer fault diagnosis based on tree ensemble learning and multiple feature vector analysis. Electr. Eng. 2023, 105, 2575-2594.
[CrossRef]

8. Beimin, L. Analysis of typical transformer fault cases based on the three-ratio method. Electr. Technol. 2023, 24, 63-67.

9. Tian,].; Zhu, Z; Sun, J.; Wei, Y,; Xia, X.; Zhong, ].; Liang, H. Transformer fault diagnosis method based on BP neural network and
improved three-ratio method. Ind. Control. Comput. 2024, 37, 135-136.

10. Zhang, W.; Yuan, J.; Wang, S.; Zhang, K. Basic reliability distribution calculation method for transformer fault based on the
improved three-ratio method. Power Syst. Prot. Control. 2015, 43, 115-121.

11. Kafantaris, E.; Lo, T.-Y.M.; Escudero, J. Stratified Multivariate Multiscale Dispersion Entropy for Physiological Signal Analysis.
IEEE Trans. Biomed. Eng. 2022, 69, 2753-2763. [CrossRef] [PubMed]

12. Minhas, A.S.; Kankar, PK.; Kumar, N.; Singh, S. Bearing fault detection and recognition methodology based on weighted
multiscale entropy approach. Mech. Syst. Signal Process. 2021, 147, 106975. [CrossRef]

13.  Liu, X.; Zhao, H. Hydrological complexity analysis using multiscale entropy: Methodological explorations and insights. Ecol.
Inform. 2023, 85, 102424. [CrossRef]

14. Orlando, G.; Lampart, M. Expecting the Unexpected: Entropy and Multifractal Systems in Finance. Entropy 2023, 25, 1527.
[CrossRef]

15. Azami, H.,; Arnold, S.E.; Sanei, S.; Chang, Z.; Sapiro, G.; Escudero, J.; Gupta, A.S. Multiscale fluctuation-based dispersion entropy
and its applications to neurological diseases. IEEE Access 2019, 7, 80079-80090. [CrossRef]

16. Silva, L.EE.V.; Duque, J.J.; Felipe, ].C.; Murta, L.O., Jr.; Humeau-Heurtier, A. Two-dimensional multiscale entropy analysis:
Applications to image texture evaluation. Signal Process. 2018, 146, 18-27. [CrossRef]

17.  Costa, M.; Goldberger, A.; Peng, C.K. Multiscale entropy analysis of biological signals. Phys. Rev. E 2002, 71, 021906. [CrossRef]

18. Mou, S.; Xu, T; Fu, A. Transformer fault diagnosis method based on adaptive deep learning model. S. China Grid Technol. 2018, 12,
14-19.

19. Kong, X,; Cai, B;; Yu, Y;; Yang, J.; Wang, B.; Liu, Z.; Shao, X.; Yang, C. Intelligent diagnosis method for early faults of electric-
hydraulic control system based on residual analysis. Reliab. Eng. Syst. Saf. 2025, 261, 111142. [CrossRef]

20. Kong, X.; Cai, B.; Khan, J.A.; Gao, L.; Yang, ].; Wang, B.; Yu, Y; Liu, Y. Concurrent fault diagnosis method for electric-hydraulic
system: Subsea blowout preventer system as a case study. Ocean. Eng. 2024, 294, 116818. [CrossRef]

21. Dai,].; Song, H.; Yang, Y.; Chen, Y.; Sheng, G.; Jiang, X. Transformer fault diagnosis based on oil gas analysis using ReLU-DBN
method. Power Syst. Technol. 2018, 42, 658-664.

22.  Wang, W,; Liu, Y. Transformer load prediction research based on deep learning. Electr. Eng. 2024, 15, 7-9+13. [CrossRef]

23. Hinton, E.G,; Vinyals, O.; Dean, ]. Distilling the knowledge in a neural network. arXiv 2015, arXiv:1503.02531.

24. Zhang, Y,; Zhu, Y. Incremental partial discharge recognition method combining knowledge distillation with graph neural network.
Trans. China Electrotech. Soc. 2023, 38, 1390-1400.

25. Li, C,; Liu, R;; Quan, Z; Hu, P; Sun, J. Foreground separation knowledge distillation for object detection. Peer]. Comput. Sci. 2024,
10, e2485. [CrossRef]

26. Lin, Y,; Xu, C.; Yu, H.; Tian, P; Luo, X. Incremental event detection via an improved knowledge distillation based model.
Neurocomputing 2023, 551, 126519. [CrossRef]

27.  Chen, Z.; Zhang, B.; Zhang, C.; Xu, J.; Zheng, X.; Zhu, K.; Wang, Y.; Bo, Z.; Yang, Y.; Wang, X. Deep learning-based fault diagnosis
of high-power PEMFCs with ammonia-based hydrogen sources. J. Power Sources 2025, 629, 236018. [CrossRef]

28. Rybczak, M.; Kozakiewicz, K. Deep machine learning of MobileNet, Efficient, and Inception models. Algorithms 2024, 17, 96.

[CrossRef]


https://doi.org/10.1049/nde2.12082
https://doi.org/10.1007/s00202-023-02084-y
https://doi.org/10.1109/TBME.2022.3207582
https://www.ncbi.nlm.nih.gov/pubmed/36121948
https://doi.org/10.1016/j.ymssp.2020.107073
https://doi.org/10.1016/j.ecoinf.2023.102424
https://doi.org/10.3390/e25111527
https://doi.org/10.1109/ACCESS.2019.2918560
https://doi.org/10.1016/j.sigpro.2018.02.004
https://doi.org/10.1103/PhysRevE.71.021906
https://doi.org/10.1016/j.ress.2025.111142
https://doi.org/10.1016/j.oceaneng.2024.116818
https://doi.org/10.19768/j.cnki.dgjs.2024.15.002
https://doi.org/10.7717/peerj-cs.2485
https://doi.org/10.1016/j.neucom.2023.126519
https://doi.org/10.1016/j.jpowsour.2024.236018
https://doi.org/10.3390/a17030096

Entropy 2025, 27, 669 25 of 25

29.

30.

31.

32.

33.

Fu, H.; Liang, F; Liang, J.; Wang, Y.; Zhang, G.; Han, J. Fast and high-performance learned image compression with improved
checkerboard context model, deformable residual module, and knowledge distillation. IEEE Trans. Image Process. 2024, 33,
4702-4715. [CrossRef]

Ajayan, A.K.; Premjith, B. EMG physical action detection using recurrence plot approach. Procedia Comput. Sci. 2024, 235,
1539-1547. [CrossRef]

Wang, B.; Huang, G.; Li, H.; Chen, X.; Zhang, L.; Gao, X. Hybrid CBAM-EfficientNetV2 fire image recognition method with label
smoothing in detecting tiny targets. Mach. Intell. Res. 2024, 21, 1145-1161. [CrossRef]

Xu, K,; Chen, Y.; Zhang, X.; Ge, Y.; Zhang, X; Li, L.; Guo, C. Improved sparrow search algorithm based on multistrategy
collaborative optimization performance and path planning applications. Processes 2024, 12, 2775. [CrossRef]

Yu, S.; Hu, D.; Tang, C. MSSA-SVM transformer fault diagnosis method based on TLR ADASYN balanced data set. High Volt.
Eng. 2021, 47, 3845-3853.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1109/TIP.2024.3445737
https://doi.org/10.1016/j.procs.2024.04.145
https://doi.org/10.1007/s11633-023-1445-5
https://doi.org/10.3390/pr12122775

	Introduction 
	Algorithms and Principles 
	Transformer Fault Mechanisms and Distribution 
	Multiscale Sample Entropy 
	Sample Entropy 
	Algorithm Steps 
	Multiscale Sample Entropy Algorithm Steps 

	Knowledge Distillation 
	Convolutional Neural Networks (CNNs) 
	Recursive Plot 
	Convolutional Block Attention Module (CBAM) 

	Transformer DGA Diagnostic Model Based on KD 
	Case Study Analysis 
	Data Collection 
	Data Preprocessing 
	Feature Extraction 
	Recursive Plot Generation 
	SSA-Optimized Hyperparameters for ResNet50 
	Hyperparameter Selection for ResNet50 
	Model Architecture and Attention Mechanism 

	Analysis of Teacher Model Results 
	Distillation Hyperparameter Selection 
	Analysis of Student Model Comparison Results 
	Comparative Analysis 

	Conclusions 
	References

