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Abstract: To enhance the accuracy of transformer fault diagnosis, this study is dedicated to designing a hybrid intelligent mechanism for fault diagnosis, which organically
integrates multimodal data fusion strategies with adaptive deep learning models. The key information required for diagnosis is derived from the analysis of dissolved gases
in the oil and serves as the input feature of the deep model. The key to model training lies in the introduction of an adaptive mechanism that can dynamically calibrate the
learning rate based on the real-time convergence trend. An adaptive learning mechanism that can dynamically adjust the learning rate during the iterative process is proposed,
thereby enhancing the convergence accuracy of the model while improving its training efficiency. Through specific cases, important parameters such as the number of hidden
layers and the learning rate adjustment coefficient in the adaptive deep learning model were determined. The experimental results show that the proposed method performs
excellently in feature extraction and analysis, featuring a faster convergence speed and higher convergence accuracy, which can significantly improve the accuracy of
transformer fault diagnosis. Aiming at the problem that data alignment and series fusion are often ignored in the traditional multimodal data fusion process, this paper further
proposes a graph-text multimodal fusion model based on the cross-attention mechanism. This model first uses BERT and ConvNeXt to extract text and image features
respectively. Subsequently, with the help of the attention mechanism in the Image Transformer, the detailed information in the feature map output by ConvNeXt is further
extracted to obtain higher-level image features and ensure that the image and text features are consistent in dimension. Finally, the alignment and fusion of graphic and text
features are achieved through the cross-attention module. Experiments on the three datasets of MSAW-Single, MSAW-Multiple and MMSD show that the classification
accuracy of the image-text multimodal fusion model based on cross-attention reaches 75.21%, 73.15% and 85.85% respectively, verifying the effectiveness of this method.
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1 INTRODUCTION

As a core component of the smart grid, the smart
substation undertakes key functions such as the automatic
collection, control and protection of the operation
information of the equipment within the station. Power
transformers are core equipment in substations, and their
operational status directly affects the overall stability and
availability of the power grid. During long-term operation,
mechanical structural faults are prone to occur in
components such as transformer windings and cores,
thereby affecting their operational reliability. Therefore,
implementing condition monitoring on transformers and
promoting research on intelligent fault diagnosis
technology have become key links in achieving the
operational goals of smart substations [1].

The implementation of shutdown monitoring first
requires the transformer to be taken out of its normal
operating state, and then fault detection can be carried out
on it [2]. This will cause local power supply interruption
and is difficult to meet the development requirements of
continuous operation of the smart grid. In online
monitoring technology, dissolved gas analysis [3] (DGA)
and frequency response analysis [4] (FRA) in oil are
commonly used methods. Although the application scope
of DGA technology can cover abnormal conditions such as
discharge, moisture and overheating inside transformers, it
is difficult to provide direct diagnostic basis for mechanical
faults such as winding deformation and loose core.
Although the FRA method can accurately determine the
type and degree of faults, it needs to be connected to the
power system and is vulnerable to electromagnetic
interference. In recent years, vibration signal analysis
technology has been gradually applied to mechanical fault
diagnosis [5]. By installing acceleration sensors on the
transformer casing, vibration signals are collected in a
wired manner to achieve fault identification [6]. The
advantage of this method lies in its simplicity and high

sensitivity, but it has problems such as a complex
measurement system, high cost, and the need for regular
maintenance during long-term monitoring. By integrating
passive RFID tags with sensing units, the passive RFID
sensing tags formed have been actually deployed in
engineering practice as a new type of measurement tool [7].
The technical foundation, namely Radio Frequency
Identification (RFID), is an advanced means of automatic
data collection and identification. This type of tag operates
based on the backscattering mechanism and features a
simple structure, ease of use and low power consumption.
It can run under passive conditions and is particularly
suitable for long-term outdoor condition monitoring.

This paper introduces the theory of deep learning into
the transformer fault diagnosis task and proposes an
adaptive deep learning model to accelerate the
convergence speed of the model and thereby improve the
diagnostic efficiency. This method builds a deep learning
structure with multiple hidden layers based on a deep belief
network and dynamically adjusts the learning rate
according to the training process, thereby accelerating
model convergence, reducing the interference of initial
parameters on the modeling effect, and improving fault
diagnosis performance. Verified through specific examples,
the results show that the proposed method not only
improves the accuracy of fault identification but also
significantly accelerates the convergence speed of the
model.

To further enhance the accuracy of data analysis and
overcome the limitations of single-modal data analysis,
researchers are gradually turning to the path of multimodal
data analysis. The key to multimodal analysis lies in
effectively extracting and integrating the features of
heterogeneous modal data, promoting information
complementarity among different modalities, and
enhancing the representation ability of shared labels. With
the advancement and application of deep learning
technology, the limitations of traditional manual feature
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engineering [7] have been broken through, making modal
features more abundant and high-dimensional, thereby
enhancing the accuracy of multimodal analysis. The
combination of multimodal data and deep learning has
strongly promoted the development of human-computer
interaction in data analysis. This paper will also conduct
research on the current problems such as shallow fusion
levels and insufficient analysis accuracy in multimodal
fusion analysis, aiming to construct a multimodal fusion
analysis model with deeper fusion and higher analysis
accuracy. The first part of the article is the introduction, the
second part is related work, the third part is the transformer
fault adaptive deep learning diagnosis model based on
multimodal data fusion, the fourth part is simulation
verification, and the fifth part is conclusion.

2 RELATED WORK

Transformer fault diagnosis mainly covers the
mechanical structure fault identification of windings and
cores, and its methods usually include two key links:
feature extraction and classifier construction. Feature
extraction refers to the process of extracting effective
features that can reflect the operating status of a
transformer from the measured vibration signals. At
present, the commonly used feature extraction methods in
research include multimodal fusion and deep learning
analysis [8], S-transform [9], Hilbert-Huang transform [10],
fractal analysis based on multimodal fusion and deep
learning [11], as well as entropy and kurtosis in signal
statistics [12], etc. Among them, multimodal fusion and
deep learning analysis can effectively capture the local
characteristics of signals, but the selection of their basis
functions is rather difficult. In the time-frequency
representation of the S transform, the phase of each
frequency component remains consistent with the original
signal. The drawback is that the analysis window is fixed
and not adjustable. It has good adaptability, but there are
problems of non-orthogonality and insufficient stability.
Fractal analysis based on multimodal fusion and deep
learning has advantages in graphic complexity
measurement, but it still relies on the setting of basis
functions. Entropy and kurtosis in signal statistics are
suitable for describing the uncertainty and distribution
characteristics of signals, but their extraction effect is poor
under noise interference.

According to statistics from relevant international
industry organizations, winding faults account for more
than 25% of all types of transformer faults, and over half
of them are mechanical faults [10]. For instance, insulating
pads made of cellulose paper are usually installed between
the layers of transformer windings to mitigate the impact
of axial short-circuit force and enhance the axial preload.
However, as the operating time increases and continuous
pressure is applied, the mechanical properties of the
insulating pads will gradually decline, leading to
permanent deformation and subsequently weakening the
axial preload [11]. If an external short-circuit impact
occurs at this time, a gap may be formed between the
insulating pad and the winding due to the axial short-circuit
force, causing the pad to shift or even part of the coil to
overturn, which seriously affects the stable operation of the
transformer. Therefore, conducting relevant fault diagnosis

research has significant practical significance.

At present, common detection methods for mechanical
faults in transformer windings include short-circuit
impedance method, low-voltage pulse method and
frequency response analysis method, etc. [12, 13] The
detection of mechanical faults in the core mainly relies on
methods such as oil chromatography analysis and
insulation resistance testing. Most of these methods belong
to offline detection, which requires power-off operation,
has a long maintenance cycle and high cost [14-16].
Vibration analysis, as a non-electrical quantity detection
method, can identify winding deformation and changes in
the clamping force of the core and windings after analysis.
It has the advantages of no direct electrical connection with
the power system, high safety and fast detection speed. In
terms of vibration modeling, Garcia and others from Carlos
I University of Madrid established a transformer
vibration model that takes into account the influence of
temperature and ignores partial discharge [16]. Another
study adopted the finite element method to model and
analyze the vibration characteristics of transformers [17].
Based on the established vibration signal mixing model,
some scholars have proposed the TIFROM-BSS separation
algorithm suitable for non-independent signal analysis [18].
In terms of fault discrimination, existing methods include
directly analyzing the spectral characteristics of vibration
signals [19, 20], integrating multiple vibration signal
analysis techniques for state judgment [21, 22], adopting
multimodal fusion and deep learning package energy
entropy methods [23], constructing discrimination models
based on feature matrices and their similarity [24], improve
the construction method of the vibration signal feature
matrix [2], etc.

Intelligent fault diagnosis technology integrates
traditional fault diagnosis with artificial intelligence
methods. It can mine potential patterns based on real-time
and historical status data collected by sensors and provide
diagnostic strategies with statistical scientific basis through
intelligent algorithms. This technology can still maintain
good classification performance and high accuracy when
dealing with complex and nonlinear diagnostic problems.
Support Vector Machine (SVM) is one of the typical
intelligent diagnostic algorithms [4]. As a relatively new
machine learning method, SVM essentially belongs to a
binary classification model. Its core idea is to combine the
principles of structural risk minimization and maximum
margin, aiming to find a hyperplane (or hypersurface) that
can effectively separate the two types of data and maximize
the minimum distance from the data on both sides to this
surface. SVM requires a relatively small sample size
during the training process. The resulting classifier has
good generalization ability and can effectively handle
nonlinear  classification  problems, demonstrating
significant advantages.

In cross-modal fusion research, to obtain the feature
representation after fusion, the direct concatenation
method is one of the earliest widely adopted strategies. For
instance, some studies have utilized LSTM (Long
Short-Term Memory) to extract text features from Glove
word embedding vectors, while simultaneously employing
pre-trained CNNS (Connectionless Node Network Service)
to extract image features. Ultimately, the two types of
features are concatenated as a fusion representation [25].
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Another scholar has proposed a goal-oriented multimodal
fusion model. By extracting lexical and text features
respectively through BERT and Bi-LSTM, and then
combining the image features extracted by the residual
network (ResNet) [26], the three are linearly fused to
complete the sentiment classification task. For this reason,
some studies have introduced tensor fusion methods, such
as Tensor fusion networks (TFN), which achieve fusion
through the Cartesian product of different modal features,
thereby dynamically learning the relationships within and
between modalities. With the development of the attention
mechanism, multimodal fusion methods have gradually
expanded. Some people hold the view that in practical
applications, the representational ability of images is
usually weaker than that of text. Therefore, images are used
as auxiliary information for text. Through the
text-to-image attention mechanism, image features are
integrated into text representation, and then combined with
self-attention to extract context information for sentiment
classification. In social media scenarios, there are often
one-to-many image-text relationships, and the VistaNet
model emerged as a result. This model is text-driven, with
visual information used for alignment and the attention
mechanism employed to locate key sentences in the text,
thereby completing sentiment analysis. In addition, to
address the common situation of embedded text in images,
some studies have also proposed a comprehensive
framework method that integrates text and image analysis.

3 TRANSFORMER FAULT ADAPTIVE DEEP LEARNING
DIAGNOSIS MODEL BASED ON MULTIMODAL DATA
FUSION

3.1 Transformer Fault Diagnosis Input Quantity Selection
and Fault Status Coding

Taking characteristic gases such as hydrogen, methane,
ethane, ethylene and acetylene as the objects of analysis is
an effective means for diagnosing transformer faults. The
principle lies in the fact that different operating conditions
inside the transformer (such as discharge and overheating)
will trigger the cracking of insulating oil, which in turn
generates dissolved gases of various compositions and
contents, providing a direct basis for fault diagnosis. This
paper selects the above-mentioned gas as the input quantity
for transformer fault diagnosis.

To construct a diagnostic model, the study selected
several common types of faults, including low-energy
discharge, high-energy discharge, and overheating from
low temperature to high temperature (including both
discharge and overheating), as the objects of analysis. A
key step in data processing is to digitally map these fault
categories using coding methods. The detailed
corresponding codes are shown in Tab. 1.

Table 1 Transformer fault state coding

Fault type Fault coding
Normal (1, 0, 0, 0, 0, 0, 0)
Low-energy discharge 0, 1, 0, 0, 0, 0, 0)
High-energy discharge 0, 0, 1, 0, 0, 0, 0)
Low-temperature overheating 0, 0, 0, 0, 1, 0, 0)
Medium-temperature overheating 0, 0, 0, 0, 1, 0, 0)
High temperature overheating 0, 0, 0, 0, 0, 1, 0)
Discharge and overheating 0, 0, 0, 0, 0, 0, 1)

1) Select the characteristic gas data under typical fault
states of the transformer as the training sample set and
encode each fault state of the transformer.

2) Taking the characteristic gas as the input quantity,
set the number of hidden layers of the DBN (Deep Belief
Network), the initial weight of the DBN, the initial bias
vector, the initial learning rate and other parameters, and
determine the number of iterations in the DBN parameter
training process. Based on the training sample set, the DBN
parameters are trained and learned to establish an adaptive
deep learning model for transformer fault diagnosis.

3) Taking the characteristic gas of the test sample as
the input quantity of the adaptive deep learning model for
transformer fault diagnosis, the output quantity is obtained,
and the transformer fault diagnosis result is derived based
on the transformer fault state coding table.

3.2 Adaptive Deep Learning Model

When constructing a deep learning model based on the
DBN theory, the learning rate € needs to be set during the
RBM parameter training. ¢ has a significant impact on the
learning performance of RBM (Restricted Boltzmann
Machine) parameters. Increasing ¢ can accelerate the
convergence speed and shorten the training time, but it can
lead to an increase in the reconstruction error. Reducing ¢
can decrease the reconstruction error, but it will lead to a
decrease in convergence speed and an increase in training
time. The traditional deep learning model based on BBN
adopts a fixed learning rate, that is, ¢ is a constant in each
iteration. However, when the learning rate is set globally to
a constant, it is impossible to dynamically select the
training speed and training accuracy according to the
characteristics of the training process itself, which in turn
affects the efficiency and recognition rate of transformer
fault diagnosis. For this purpose, this paper proposes an
adaptive deep learning method, which makes the following
improvements to the determination method of the learning
rate:

1+a)gl-j(t),A>0

U= (1 a)e, (1), <0 M

In the formula: a is the learning rate adjustment
coefficient, and there is 0 < a < 1; 4 is the product of the
changes in DBN parameters over two consecutive
iterations, which can be expressed as:

A:(Vi(t)hj (t)data)_(vi(t)hj (t)recon) @)

If the result of Eq. (2) is positive, it indicates that the
update direction of the RBM parameters is the same in two
consecutive iterations, which means that the RBM update
process has not yet reached the optimal value. The learning
rate can be appropriately increased to accelerate the
iterative update. If the result of Eq. (2) is negative, it
indicates that the RBM parameter update directions are
opposite in two consecutive iterations. At this time, the
current learning rate is still maintained, which is highly
likely to skip the accurate value and increase the error. By
adopting the adaptive learning rate described in this paper,
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the learning rate can be adaptively adjusted according to
the update trend of the RBM parameters, thereby enabling
the update process of the RBM parameters to take into
account both the evolutionary speed and the evolutionary
accuracy.

Similarly, during the reverse fine-tuning stage, if the
parameter update directions are the same for two
consecutive times, it indicates that the parameter update in
this reverse fine-tuning stage has not reached the optimal
value. To accelerate the update rate, the learning rate can
be increased, suggesting that the two consecutive iterative
processes may have skipped the optimal value. If the
current learning rate is maintained, the error will increase.
Reference [15] shows that in the reverse fine-tuning stage,
the parameter evolution direction can be represented by Eq.
(11). Therefore, the adaptive learning rate can also be used
for the update of weights, bias vectors, etc. in the reverse
fine-tuning stage, so that during the reverse fine-tuning
stage, the update of DBN parameters can be adaptively
adjusted according to the evolution direction.

In conclusion, by adopting the method proposed in this
paper, the learning rate can be dynamically adjusted
according to the real-time changing trend of DBN
parameters, which improves the convergence speed and
convergence accuracy of the DBN network.

3.3 Multimodal Information Data Fusion Processing

Infrared thermometers sense the changes in the
radiation energy of objects due to temperature variations
and decode temperature information from the amplitude of
the image signal. The quantitative relationship of the
amplitude Us of the detector output signal during this
process is described as:

y)
U, =kel”’ ff(ﬁ,T)R(/I)afi 3)
A

In the formula, &; is a constant; ¢ is the spectral
emissivity of the target being measured; 7 represents the
thermodynamic temperature of the measured part of the
transformer. In the formula, the working band 4, to 4,, the
Boltzmann constant b, and the system's spectral response
R(A) are the key parameters. Thus, Us can be expressed as
the product of a constant part (ki) and a functional part
F(7) that varies only with the target temperature 7. Within
the wavelength range from 4, to A, the spectral radiation
emitted by a radiation source (such as the sun or a black
body) at a temperature 7, after being modulated by R(2),
the total radiation energy or the magnitude of the detector
output signal Us.

The constant k; is calibrated within the effective range
by the system gain, and F(7) is a function of the blackbody
temperature. Based on this, the temperature measurement
system completed the mapping from the temperature signal
to the electrical signal, and the amplitude of the electrical
signal became the basis for inverting the surface
temperature and drawing the infrared thermal image. In the
image, the brightness of the casing area is positively
correlated with the temperature. The higher the brightness,
the greater the probability of an overheating fault.

In addition, the sound intensity of partial discharge is
directly proportional to the discharge energy, and this
relationship is given by the following formula:

I=ukE 4

In the expression of this function, / corresponds to the
sound intensity, £ is the discharge energy, and u is the
proportionality constant.

If the changes in air density and sound velocity are
ignored, the sound intensity / can be considered to follow
the following relationship with the sound pressure P:

=2 )

In the formula, p represents the density of air; v is the
speed of sound, P represents sound pressure, which is the
pressure variation caused by the propagation of sound
waves through a medium.

Based on the physical relationship revealed by Eq. (4)
and Eq. (5), the intensity of partial discharge can be
indirectly evaluated by detecting the intensity of the
ultrasonic sound pressure signal, and the ultrasonic
detection spectrum presented in Fig. 1b can be generated
accordingly. The amplitude of the waveform in this
spectrum directly reflects the intensity of the discharge
inside the transformer. Generally speaking, the higher the
amplitude, the greater the possibility of a high-energy
discharge fault occurring.

Ultra-high frequency (UHF) detection technology
enables the determination of the location and intensity of
the discharge source by deploying dedicated sensors to
capture electromagnetic wave signals excited by partial
discharges. This method has a strong anti-interference
ability and can effectively filter out external
electromagnetic noise caused by corona discharge in the air.

Fig. lc shows the pulse phase distribution PRPD
(Phase Resolved Partial Discharge) spectrum of partial
discharge, where the horizontal axis represents the phase
of discharge occurrence, the vertical axis represents the
signal amplitude, and the color depth of each point in the
figure is used to characterize the density of discharge
occurrence. By analyzing the PRPD spectrum, key
information such as the phase distribution, amplitude
fluctuation and aggregation degree of the discharge signal
can be obtained intuitively. The denser the discharge poles
shown in the figure, the higher the probability of partial
discharge activity in the transformer.

For the above four types of data with different sources,
this study has respectively formulated corresponding
preprocessing strategies:

The DGA data are numerical characteristics. Referring
to industry norms, the measured concentrations of five
characteristic gases, namely H,, CH4, C,Hs, Co:Hs, CoH>
were selected and normalized as model input. The
remaining three types of image data are processed as
follows respectively:

To avoid redundant recognition of the entire infrared
(IR) image, the original four-channel color image is
converted into a single-channel grayscale image and
cropped into an equal-sized area containing only the
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high-voltage bushing as valid input. An example of this is
shown in Fig. la.

The acoustic emission (AE) waveform graph
eliminates the interference of irrelevant information
outside the coordinate area, extracting only the coordinate
area containing the waveform curve and converting it into
a grayscale image as input. The processing result is shown
in Fig. 1b.

In the ultra-high frequency (UHF) detection data, the
three-dimensional real-time spectra that are not convenient
for two-dimensional analysis are discarded, and only the
intuitive PRPD planar analysis spectra are selected as input
information, as shown in Fig. 1c.

The preprocessing procedures of the above three types
of image data are summarized and presented.

Thermal Image Preprocessing
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(a) IR image preprocessing

(b) AE Image Preprocessing
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(b) AE image preprocessing
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(c) UHF image preprocessing
Figure 1 Schematic diagrams of the preprocessing of three types of image data:
IR, AE, and UHF

3.4 Establishment of an Intelligent Transformer Fault
Diagnosis Model Based on Multimodal Feature
Information Fusion

After the data preprocessing is completed, the obtained
data can be used as the input of the intelligent diagnosis
model. The subsequent work focuses on constructing the
corresponding diagnostic model by using machine learning
algorithms.

For the numerical and image mixed data involved in
this paper, a parallel hybrid network structure is designed.
This structure deeply integrates deep neural networks
(DNN) and convolutional neural networks (CNN) to

achieve multi-source feature extraction, fusion and
classification. The specific modeling process is as follows:
(1) DNN modeling of DGA numerical branches:

Input the normalized DGA data into the network input
layer;

Four layers of fully connected neural networks are
constructed in sequence, with the number of neurons in
each layer being 8, 16, 16, and 8 respectively. The final
output is a one-dimensional feature vector F.

(2) CNN Modeling of image branches (taking infrared
image IR as an example):

The input is a normalized IR image with a size of 32 x
32.

Convolutional layer C; uses 32 3 x 3 convolutional
kernels for feature extraction, and the output feature map
size is 32 x 30 x 30.

Pooling layer P; uses 2 x 2 Max pooling and reduces
the dimension of the output feature map to 32 x 15 x 15.

Repeat the above convolution and pooling operations,
and further extract features through the C; and P; layers in
sequence.

The feature map output by P; is flattened by the fully
connected layer F' to generate a one-dimensional feature
vector F.

(3) Other image modal modeling:

For the acoustic imaging (AE) and ultra-high
frequency (UHF) image data, CNN models with the same
structure as in (2) were constructed respectively. The
corresponding operations were repeated to obtain the
feature vectors F3 and F respectively.

(4) Multimodal feature fusion

The three feature vectors F», F3, and F4 from the image
branch are concatenated and then merged with the vector
F, from the DGA branch to form the fused joint feature
vector V.

(5) Construction of classification modules:

Taking the fusion feature V" as the input, it is further
connected to a 4-layer fully connected network, with the
number of neurons in each layer being 16, 32, 32, and 16
respectively. Finally, the classification layer outputs the
fault diagnosis result.

In summary, the overall process of the multimodal
information fusion transformer intelligent diagnosis model
constructed in this paper is shown in Fig. 2.
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Figure 2 Framework of the intelligent diagnosis model for transformers based
on multi-modal feature information fusion
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Based on industry standards and taking into account
typical faults of transformers comprehensively, this study
has established a classification system consisting of six
states. This system covers five specific types of faults
subdivided under the two major fault types of overheating
and discharge, and integrates the normal operating state of
no fault (NF). All samples are classified according to this
standard, and the specific categories are shown in Tab. 2.

Table 2 Transformer fault classification labels

Medium . .
Higher | Low- High- .
No | andlow Partial
Category faults | temperature \;I:;nm dfsréirag}ye dfsrz:f;agrye discharge
overheating g g
Code NF LT HT LD HD PD

Among the multimodal data adopted in this research,
infrared (IR) images mainly reflect the overheating faults
of transformers and can further effectively identify
low-temperature (LT) and high-temperature (HT)
overheating. Acoustic emission (AE) and ultra-high
frequency (UHF) images mainly correspond to discharge
type faults. Among them, AE images can be used to
distinguish low-energy (LD) and high-energy (HD)
discharges, while UHF images are mainly used for the
identification of partial discharge (PD) type faults.

For the six-category machine learning task constructed
in this paper, there is an imbalance in the distribution of
training samples among various categories. Among them,
the number of normal state (NF) and partial discharge (PD)
samples is significantly less than that of the other four
categories. To alleviate the impact of category imbalance
on model training, a weighted cross-entropy was adopted
as the loss function during the network optimization
process, and the Kappa coefficient was selected as the
evaluation index of the model's classification performance
to more objectively reflect the model's discriminative
ability under complex distributions.

Weighted cross-entropy loss function

Cross Entropy (CE), as a core concept in information
theory, is often used in neural networks as a loss function
to measure the difference between the predicted probability
distribution and the true label. Its basic form is defined as:

CE=Zp(k)-1ogL (6)
k

q(k)

In the given formula, k represents the category index,
p represents the true category probability distribution, and
q is the category distribution predicted by the model.

If the traditional cross-entropy loss function is directly
adopted to handle the unbalanced sample set in this paper,
the model will tend to classify the input as a category with
a larger sample size due to being dominated by the majority
of classes, thereby resulting in a significant decline in the
overall classification performance. To alleviate this issue,
this paper introduces a weighted cross-entropy CE, to
replace the original loss function, and its mathematical
expression is as follows:

CE, =Za)(k)p(k)-1ogL (7)
k

q(k)

In the formula, w(k) represents the weight of the KTH
type of sample. Its calculation is:

41-{5153) 3500 ®

In this way, by assigning higher weights to categories
with smaller sample sizes while reducing the weights of the
majority of class samples, the contribution of each category
to the loss function can be effectively balanced, thereby
significantly alleviating the structural bias of the model
during the classification process.

(2) Kappa coefficient

The Kappa coefficient is a statistical indicator often
used to evaluate the consistency between classification
results and true labels. Its calculation method fully takes
into account the impact of random consistency, and thus is
widely used to measure the actual performance of
classification models. The specific calculation formula for
this coefficient is as follows:

kappa = @ ©)

—Pe

In the above formula, po represents the overall
classification accuracy rate, whose value is equal to the
ratio of the number of samples correctly classified by the
model to the total number of samples.

Suppose the classification task contains m categories,
and the actual number of samples for each category is ai,
a, ..., am, the corresponding number of predicted samples
is by, by, ..., by, and the total sample size is n, then the
following relationship can be established:

aib +a,by +...a,,b,
Pe=—m (10)

The Kappa coefficient, by introducing a correction
mechanism, can effectively reduce the evaluation bias of
the model caused by the imbalance of sample distribution,
and thus shows significant advantages when dealing with
imbalanced datasets. The theoretical value range of this
coefficient is [0, 1], and its value is positively correlated
with the degree of consistency between the predicted and
the actual results. Depending on the specific values, this
consistency is usually classified into five grades as shown
in Tab. 3.

Table 3 Consistency test table of kappa coefficient

Value ofkap pa Level to which
coefficient
0.0~0.20 Extremely low consistency (slight)
0.21~0.40 General consistency (fair)
0.41~0.60 moderate consistency
0.61~0.80 substantial consistency almost perfect
0.81~1 Level to which

4  SIMULATION VERIFICATION

In the practice of transformer fault detection and
diagnosis, the analysis of dissolved gases in oil and infrared
temperature measurement technology for high-voltage
bushings have been realized for online monitoring, while
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ultrasonic detection and partial discharge detection are
usually involved as auxiliary diagnostic means after a fault
occurs. This difference leads to different data collection
cycles corresponding to various detection methods. To
address the problem of integrating data from multiple time
scales, based on the transformer fault cases and operation
data provided by a maintenance company in a certain
province in northwest China, this paper has formulated the
following processing strategies: If the sample lacks oil
chromatography or infrared detection data, it should be
directly excluded; if the sample lacks ultrasonic or partial
discharge detection data but there are valid data in the
historical records, the most recent detection results should
be used. If there is no historical data, the mean of other
samples under the fault category to which this sample
belongs shall be used for filling.

After the above data cleaning and filling processing,
and by eliminating redundant and abnormal samples, 1019
valid samples were finally obtained. The specific
distribution of the states of each transformer in the sample
set is shown in Tab. 4. All samples were randomly divided
in a ratio of 75% to 25%, with 764 samples serving as the
training set and 255 samples as the test set.

Table 4 Transformer fault diagnosis dataset
Status NF LT HT LD HD PD
Quantity/piece | 42 229 268 162 249 69

To verify that the accuracy of the model can be
significantly improved after the fusion of multimodal
feature information, this paper sets up three schemes for
modeling analysis respectively, as shown in Tab. 5.

Table 5 Comparison schemes of transformer fault diagnosis models based on
multimodal feature information fusion

Plan Input information Model structure
Option One Only DGA data DNN
Plan Two DGA + IR data DNN + CNN
+IR+AE+
Plan Three DGA+IR + AE + UHF DNN + CNN
data
100 - Training Accuracy Curves of Different Schemes
—@— Scheme 1
— @ -Scheme 2
Scheme 3
N T’ ¢ b ,.bb :‘
o 9.\‘.' \ % et -”
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Figure 3 Training curves of the three schemes

After modeling the above three schemes respectively,
the learning curves of their training processes and the final
test accuracies are shown in Fig. 3 and Tab. 6 respectively.
Analysis shows that the convergence process of Scheme
Three (i.e., the multimodal feature fusion diagnosis model
proposed in this paper) is the most rapid. After only 20
rounds of training, the accuracy has exceeded 90%,
demonstrating the optimal training efficiency. On the test

set, Scheme Three achieved an accuracy rate of 96.47%,
which was a significant improvement over both Scheme
One and Scheme Two. The performance comparison of the
three schemes clearly indicates that the richer the
information sources input by the model, the better its
diagnostic performance. This verifies the effectiveness of
the multimodal feature fusion strategy in improving the
accuracy of transformer fault classification.

Table 6 Comparison of the accuracy of transformer fault diagnosis models
based on multimodal feature information fusion

Plan Plan One Plan Two Plan Three
Final test
o 74.92 84.32 96.48
accuracy / %
T T T T T
80
NF - 3 7 <
70
LT | 3 15 6 2 B
60
= HT |- 8 1 g 0
F
H .
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= LD} 15 4 - ~
30
T ’ . ’ n |
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Confusion Matrix
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Figure 4 Confusion matrix of the prediction results of the three schemes

For multi-classification tasks, the confusion matrix can
visually present the classification performance of the
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model. The columns of this matrix represent predicted
categories, the rows represent true categories, and the
values on the main diagonal correspond to the number of
samples that have been correctly classified.

The confusion matrices corresponding to the three
diagnostic schemes are shown in Fig. 4. The number in
each square in the figure represents the number of samples
in the corresponding category. Taking the "33" in the
second row and second column of Fig. 4a as an example, it
indicates the number of samples where both the actual
category and the predicted category are LT. The depth of

the color on the right ribbon reflects the number of samples.

The darker the color, the more samples there are.

It can be seen from the confusion matrix that Scheme
One only uses DGA numerical data but lacks image
information, and the classification effect of all categories
is not ideal. In the absence of AE and UHF data, the
discrimination ability of Scheme Two for three types of
discharge faults (LD, HD, PD) is significantly insufficient.
Scheme Three integrates all multi-source information and
demonstrates high classification accuracy in all categories,
further verifying the improvement effect of multimodal
data fusion on model performance. It is worth noting that
the misclassified samples in Scheme Three are mainly
concentrated in LT and HT categories. Specifically, four
LT samples were misjudged as HT, and three HT samples
were misjudged as LT. Similar phenomena also exist in
Scheme One and Scheme Two. This indicates that the
feature extraction ability of CNN for IR images may be
weaker than that for AE and UHF images. As for whether
the reason lies in the insufficient discrimination of IR
images themselves or the limitations of the network
structure design, further exploration is still needed.

In addition, the Kappa coefficients of the three
schemes and their corresponding consistency grades are
shown in Tab. 7. It can be seen that the Kappa coefficient
of Scheme Three is significantly higher than that of
Scheme One and Scheme Two, and its evaluation grade is
"almost exactly the same", which once again confirms the
superiority of this scheme.

Table 7 Comparison of kappa coefficients and consistency test results of the
three schemes

Plan Value of!(appa Level to which
coefficient
Option One 0.654 High consistency
Plan Two 0.753 High consistency
Plan Three 0.943 Almost exactly the same

Aiming at the common problem of sample imbalance
in transformer fault diagnosis, this study proposes to adopt
the weighted cross-entropy loss function to replace the
traditional cross-entropy. To verify its effectiveness, a
control experiment was constructed: diagnostic models
were established using the improved loss function and the
traditional loss function respectively, and their
performance was compared. The comparison experiment
results of the two models are shown in Fig. 5, where
"Accuracy" represents the overall classification accuracy
of the models.

Comparison of Precision Under Different Loss Functions
T T T

T
—O— Using improved cross-entropy loss
- Using traditional cross-entropy loss

Precision

7] S S SO S—

NF(Prec) NF(Recall) PD(Prec) PD(Recall) Accuracy
Metrics
Figure 5 Influence of the improved cross-entropy loss function on the model

0.5

As can be seen from Fig. 5, after introducing the
improved weighted cross-entropy loss function, the
model's recognition performance for fault categories with
fewer training samples such as NF and PD has been
significantly  improved. = Meanwhile, the overall
classification accuracy of the model has also improved
simultaneously, and the results are in line with the research
expectations.

Under the same network parameter Settings, the
adaptive learning rate method proposed in this paper and
the traditional fixed learning rate strategy are respectively
adopted to train the model. Fig. 6 shows the variation of
the root mean square error between the output of the
Softmax layer and the real label during the training process
of the two methods. It can be seen from the results that as
the number of iterations increases, the errors of both
methods decrease rapidly. However, after 20 iterations, the
reconstruction error of the method proposed in this paper
is significantly lower than that of the fixed learning rate
method, and the error decline rate is faster. When the
iteration reaches approximately 100 times, the root mean
square error of the method proposed in this paper has
dropped below 0.08, while the traditional method requires
approximately 400 iterations to reach the same level. The
above experiments show that the adaptive learning rate
adjustment mechanism proposed in this paper can
effectively accelerate the model convergence process and
improve the reconstruction accuracy, thereby achieving
efficient adaptive construction of deep learning models.

The diagnostic results of the transformer fault
diagnosis methods using the method proposed in this paper
and those based on a fixed learning rate deep learning
model were compared respectively. Fig. 7 shows the
change curves of the diagnostic accuracy rates of the two
methods as the number of iterations increases. As can be
seen from the results in Fig. 7, with the increase in the
number of iterations, the reconstruction errors of the deep
learning models constructed by the two methods keep
decreasing, and the diagnostic accuracy of the two methods
also keeps improving. Since the method proposed in this
paper can adaptively adjust the learning according to the
iterative process and then adaptively construct the deep
learning model, the correct rate of transformer fault
diagnosis of the method proposed in this paper is also
relatively high under each iteration number. When the
number of iterations reaches 250, the fault diagnosis
accuracy rate of the method proposed in this paper is 93%.

Tehnicki vjesnik 33, 3(2026), 1208-1218

1215



Cunjian TIAN: Research on Intelligent Transformer Fault Diagnosis Model Based on Multimodal Data Fusion and Deep Learning

Subsequently, due to the relatively high reconstruction
accuracy of the deep learning model, the fault diagnosis
accuracy rate has basically remained stable as the number
of iterations increases. When the traditional fixed learning
rate method is adopted and the number of iterations is 400
times, the accuracy rate of fault diagnosis results is only
87%. The method proposed in this paper is significantly
more effective than the traditional ones.

The spectrum of the vibration signal of the single-sided
measurement point of the 8th group of data of a certain
transformer as a pilot is shown in Fig. 8, and the spectra of
the two measurement points of the first group of data of the
faulty transformer obtained are shown in Fig. 9. As can be
seen from Fig. 8 and Fig. 9, regardless of whether the
transformer is normal or faulty, the amplitudes
corresponding to frequency points after 1 kHz are very
small. It can be considered that the components
corresponding to these frequency points are independent of
the state of the transformer.

‘Comparison of Coordinate Error Under Different Learning Rate Strategies

—— Fixed Learning Rate
----- Adaptive Learhing Rate
T R S
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Figure 6 Reconstructs the error variation curve
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Figure 7 Influence of the number of iterations on the diagnostic accuracy
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Figure 8 Vibration signal spectra of some measurement points (pilot
transformer)

The frequency points of the spectrum obtained by FFT
transformation are spaced at 50 Hz, with a total of 21 points
ranging from 0 to 1000 Hz. The first 21 points of the
spectrum were extracted using MATLAB, and the
spectrum data were combined into a sample set in the form.
Finally, 112 normal transformer samples and 3 fault
samples were obtained, and the dimension of each sample
was 168.

In the comparison of feature extraction effects, the
feature distributions obtained by multimodal fusion and
deep learning analysis methods show significant overlap in
the features of three types of faults: winding nesting,
loosening, and deformation. Overall, they present the
characteristics of a wide distribution range and weak
aggregation. There is a lack of sufficient separation
between various categories, which is not conducive to the
subsequent diagnostic tasks. In contrast, the features
extracted by the stack autoencoder (SAE) method adopted
in this paper have highly clustered fault samples of the
same type, with clear boundaries between different
categories, demonstrating excellent intra-class
compactness and inter-class separability. This provides a
more discriminative feature representation for fault
identification, and the comparison of its effects is shown in
Fig. 10.
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Figure 9 Spectral analysis of some measurement points (fault transformer)
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Figure 10 Features extracted by multimodal fusion and deep learning methods
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Based on deep learning models, the ability to extract
and analyze features is strong. Meanwhile, the adaptive
construction of deep learning models can be achieved
through the adjustment coefficient of the learning rate, and
the reconstruction accuracy is relatively high. Therefore,
the transformer fault diagnosis method based on this paper
has a significantly higher diagnostic accuracy rate than
other methods.

5 CONCLUSION

This paper applies deep learning models to transformer
fault diagnosis. At the same time, by combining the
shortcomings of traditional deep learning models based on
DBN and making adaptive improvements, an adaptive
deep learning model-based transformer fault diagnosis
method is proposed. The number of hidden layers in an
adaptive deep learning model has a significant impact on
the accuracy of transformer fault diagnosis. Considering
both the model convergence time and the diagnostic
accuracy, the number of hidden layers can be set to 4. An
adaptive deep learning model was constructed based on the
adaptive adjustment coefficient, which significantly
improved the reconstruction accuracy and shortened the
convergence time. The hybrid mode can more
comprehensively and effectively utilize different
measurement data to extract the modal shape. This method
combines the high sensitivity of the acceleration response
in global monitoring with the advantage of precise local
damage location in strain response, thereby achieving more
comprehensive and reliable damage identification. The
feature extraction and analysis capabilities are relatively
strong. Meanwhile, the diagnostic model construction
accuracy is high and the convergence time is short,
significantly improving the accuracy of the diagnostic
results. The improved algorithm proposed in this paper has
only shown its effectiveness to a limited extent. Any
algorithm has its own local adaptability. According to the
"No Free Lunch Theorem", algorithms have disadvantages
in other aspects and further research and discussion are still
needed.
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