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Abstract: Power transformers are vital components of electrical power systems, ensuring
reliable and efficient energy transfer between high-voltage transmission and low-voltage
distribution networks. However, they are prone to various faults, such as insulation break-
downs, winding deformations, partial discharges, and short circuits, which can disrupt
electrical service, incur significant economic losses, and pose safety risks. Traditional fault
diagnosis methods, including visual inspection, dissolved gas analysis (DGA), and thermal
imaging, face challenges such as subjectivity, intermittent data collection, and reliance on
expert interpretation. To address these limitations, this paper proposes a novel distributed
approach for multi-fault diagnosis of power transformers based on a self-organizing neural
network combined with data augmentation and incremental learning techniques. The
proposed framework addresses critical challenges, including data quality issues, computa-
tional complexity, and the need for real-time adaptability. Data cleaning and preprocessing
techniques improve the reliability of input data, while data augmentation generates syn-
thetic samples to mitigate data imbalance and enhance the recognition of rare fault patterns.
A two-stage classification model integrates unsupervised and supervised learning, with
k-means clustering applied in the first stage for initial fault categorization, followed by
a self-organizing neural network in the second stage for refined fault diagnosis. The
self-organizing neural network dynamically suppresses inactive nodes and optimizes its
training parameter set, reducing computational complexity without sacrificing accuracy.
Additionally, incremental learning enables the model to continuously adapt to new fault
scenarios without modifying its architecture, ensuring real-time performance and adapt-
ability across diverse operational conditions. Experimental validation demonstrates the
effectiveness of the proposed method in achieving accurate, efficient, and adaptive fault
diagnosis for power transformers, outperforming traditional and conventional machine
learning approaches. This work provides a robust framework for integrating advanced
machine learning techniques into power system monitoring, paving the way for automated,
real-time, and reliable transformer fault diagnosis systems.

Keywords: multi-fault diagnosis; power transformers; artificial intelligence; dissolved gas
analysis (DGA)

1. Introduction
Power transformers play a crucial role in electrical power systems, acting as the

interface between high-voltage transmission and low-voltage distribution networks [1,2].
They are essential for the reliable and efficient transfer of electrical energy over long
distances. As global energy demand continues to increase, ensuring the smooth operation
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of power transformers becomes even more critical. However, like all electrical machinery,
power transformers are susceptible to faults, which can range from insulation breakdowns
and winding deformations to more complex failures such as partial discharge (PD) and
short circuits [3–5]. These faults can have serious consequences, including the disruption
of electrical service, economic losses due to extended downtimes, and even safety hazards.

The failure of a power transformer can lead to significant financial losses. According
to industry reports, transformer failures in electrical networks can cost utilities millions of
dollars annually due to both the repair costs and the cascading impact on grid stability [6].
In addition, failure events often lead to power outages, which can disrupt industrial
processes, commercial operations, and household services [7]. To prevent such catastrophic
failures, early detection and diagnosis of faults in transformers are essential. A timely
diagnosis can provide a window for preventive maintenance, reduce the need for costly
repairs, and ultimately extend the transformer’s service life.

Traditionally, fault diagnosis in transformers has been achieved through methods like
visual inspection [8], oil sampling [9], dissolved gas analysis (DGA) [10], and thermal imag-
ing [11]. However, these methods often have limitations. For example, visual inspection
is subjective and may not detect latent faults, while oil sampling provides only intermit-
tent information. Thermal imaging is also a non-invasive technique but does not provide
in-depth analysis of fault mechanisms, particularly in complex electrical or mechanical
failures [12]. These methods also tend to rely heavily on the expertise of operators, which
may lead to human errors or oversights.

Given these limitations, there is a growing demand for automated, reliable, and real-
time fault diagnosis systems. These systems are expected to detect incipient faults at an
early stage, well before they escalate into major failures. With advancements in sensor
technology and data analytics, there is now an opportunity to develop predictive fault
diagnosis systems that can analyze a variety of operational parameters continuously. Over
the years, several advanced methods have been proposed to detect transformer faults
using data-driven approaches. These methods leverage a variety of data sources, including
vibration [13], temperature [13], acoustic signals [14], and electrical measurements [15] such
as current and voltage waveforms. Among these techniques, machine learning algorithms
have gained popularity. They can analyze large volumes of data to detect patterns indica-
tive of faults in a more automated, reliable, convenient, and accurate way. In recent years,
deep learning has made significant progress in the field of visual inspection, especially in
detecting insulation defects in transformers. For example, one study [16] designed a robotic
inspection fish that uses deep learning networks to visually inspect the insulation paper
inside transformers, identifying discharge carbon marks and cracks. Furthermore, the trans-
former architecture has demonstrated high fidelity in structural defect detection [17]. By
incorporating learnable down-sampling and up-sampling modules, transformers achieve
an excellent balance between global and local semantic information. These studies indicate
that deep learning techniques, especially visual analysis methods, have been successfully
applied to the automated health evaluation of transformers. Including these methods in
the introduction aids in comprehensively showcasing the potential of deep learning in
transformer condition monitoring.

However, several challenges remain:

• Data quality and imbalance issues: The quality of the data used in DGA can be
compromised due to factors such as noise in gas concentration readings, instrument
limitations, and sampling inconsistencies. These issues can negatively impact the
performance of AI models in fault detection. Moreover, in many cases, fault data for
specific failure modes are sparse, leading to a data imbalance that causes AI models to
underperform, particularly in fault diagnosis for rare transformer issues.
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• High computational complexity: Although using neural networks can improve di-
agnostic accuracy, the neural network models are complex and have high computa-
tional complexity.

• Real-time performance and adaptability: DGA data typically require significant time to
be collected and processed, which can affect the real-time capabilities of fault diagnosis
systems. Furthermore, transformer operating conditions can vary significantly across
regions, affecting model performance and generalizability.

To address the above issues, this paper proposes a self-organizing neural network for
multi-fault diagnosis of power transformers, combining data augmentation and incremental
learning methods. The following key points characterize the originality of this contribution:

• A two-stage classification model that combines unsupervised and supervised meth-
ods is proposed. In the first stage, the k-means algorithm is used for unsupervised
classification. Based on the classification results, a self-organizing neural network is
trained in the second stage for fault diagnosis.

• A self-organizing neural network approach is proposed, which adaptively suppresses
the activated nodes of the neural network based on the training process, dynamically
constructing the neural network training parameter set, thereby significantly reducing
the model’s computational complexity while ensuring accuracy.

• The introduction of incremental learning allows the model to continuously learn new
knowledge without altering the neural network architecture, improving the real-time
performance and adaptability of the model.

The rest of this paper is organized as follows. Section 2 provides a review of related
work in the field of transformer fault diagnosis, including traditional and machine learning-
based methods. Section 3 describes the methodology for the proposed fault diagnosis
system, detailing the data collection process, feature extraction techniques, and incremental
learning. Section 4 presents the simulation results and outperforms the benefits of the
proposed framework. Finally, we conclude the paper and discuss the future work in
Section 5.

2. Related Work
The use of DGA for diagnosing faults in power transformers has been a standard

practice for decades. By analyzing the concentrations of various gases dissolved in trans-
former oil, DGA provides insights into the internal health of transformers and can help
in identifying fault types such as overheating, partial discharge, and short circuits. DGA
is considered a reliable technique for early fault detection, but traditional methods of
analysis often rely on heuristic rules and expert knowledge, making them subjective and
limited in terms of scalability and automation. As such, there has been increasing interest
in integrating artificial intelligence (AI) techniques with DGA to improve fault detection
accuracy, automate the diagnostic process, and reduce the dependence on expert judgment.

In recent years, machine learning algorithms, such as support vector machines (SVM),
decision trees (DT), and k-means, have been widely applied to DGA data for transformer
fault diagnosis. These methods can classify fault types based on the concentration of
dissolved gases, offering a significant advantage over traditional approaches by reducing
human involvement in the analysis process. For example, Zhang et al. [18] applied an
SVM-based model for classifying transformer faults using DGA data and achieved a high
accuracy rate of over 90%. Their results demonstrated that machine learning models could
effectively handle complex patterns in gas concentrations, which are often challenging for
conventional methods. Similarly, in a study by Xiao et al. [19], a decision tree algorithm
was used to classify fault conditions in transformers. The study showed that decision trees
could accurately categorize faults such as arcing and overheating with high sensitivity.
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Nanfak et al. [20] proposed a hybrid method that uses k-means clustering for data pre-
processing and an SVM for fault classification, enhancing the accuracy and efficiency of
transformer fault diagnosis.

Another important advancement in the field has been the use of artificial neural
networks (ANNs), which are well-suited to handle nonlinear relationships between gas
concentrations and fault conditions. Liu et al. [21] proposed an ANN model to diagnose
transformer faults based on DGA data. The model was able to learn complex patterns in the
data, outperforming traditional rule-based methods, and was particularly effective in detect-
ing incipient faults before they manifested as major failures. Furthermore, Zhang et al. [22]
demonstrated the use of a deep learning approach, leveraging a multi-layered neural net-
work to process DGA data. Wang et al. [23] leveraged a brain-inspired neural-transformer
architecture to achieve high-precision and robust fault diagnosis while maintaining low
computational cost. The study incorporated a two-dimensional representation method, the
frequency-slice wavelet transform (FSWT), to enhance the fault identifiability of vibration
signals. Their results indicated that deep neural networks could significantly enhance fault
detection accuracy compared to simpler machine learning models.

The integration of deep learning techniques such as convolutional neural networks
(CNN) and recurrent neural networks (RNN) for transformer fault diagnosis has also
gained traction. These advanced AI techniques offer the advantage of automatic feature
extraction from raw data, which reduces the need for manual intervention and predefined
features. For instance, Li et al. [24] proposed a hybrid model combining CNN and RNN to
analyze time-series DGA data. Their model showed a remarkable ability to capture both
temporal and spatial patterns in the gas concentrations, leading to improved diagnostic
performance. The study found that deep learning-based models could provide higher
diagnostic accuracy and robustness, but the neural network models are complex and have
high computational complexity.

Despite the promising results of AI algorithms in DGA-based fault detection, some
challenges remain. One key challenge is the need for large and high-quality datasets
to train AI models effectively. In particular, the quality and consistency of DGA data
can vary depending on operational conditions, making it difficult to develop generalized
models. Several studies have explored methods to address this issue, such as using data
augmentation techniques or transferring knowledge from other datasets [25]. Additionally,
the operating conditions and fault types of transformers may vary in different regions and
operating environments, leading to insufficient adaptability of existing models.

In conclusion, integrating AI with DGA for transformer fault diagnosis holds sig-
nificant potential to improve fault detection accuracy, automate the diagnostic process,
and reduce dependence on expert judgment. However, challenges related to data quality,
imbalance issue, high computational complexity, and the need for real-time performance
and adaptability remain important areas of current research.

3. Methodology
3.1. Problem Formulations

The data-driven transformer fault diagnosis can be described as a supervised classifi-
cation problem based on labeled data. Let the input be an M-dimensional sample, where
each sample contains M key performance indicators (KPIs) reflecting the transformer’s
performance, i.e., X = [KPI1, KPI2, . . . KPIM] ∈ RM. The output is a set of anomaly causes
Y = {F1, . . . , Fi, . . . FN}, where Fi represents the i-th anomaly cause. The fault diagnosis
process is to determine the correspondence between the input vector representing the
transformer’s performance state and the output set, i.e., f (X) → Y . Let FXi represent the
distribution of the input vector X = [KPI1, KPI2, . . . KPIM] ∈ RM when the i-th anomaly
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cause occurs, and let FCi represent the distribution of the output Fi when the i-th anomaly
cause occurs. Then, the anomaly diagnosis problem can be transformed into the expression
FXi → FCi, ∀i ∈ N , where N is the total number of anomaly causes.

3.2. Data Balancing

In fault diagnosis, there is often an imbalance in the data between samples from differ-
ent fault causes. This class imbalance can significantly affect the classification performance
of the model. Therefore, this section introduces several common data balancing methods
and compares the impact of different data balancing techniques on the model’s accuracy in
the subsequent model training process.

(1) Random sampling

Random sampling methods are primarily divided into random over-sampling and
random under-sampling. Random over-sampling balances the sample sizes of the minority
and majority classes by duplicating data from the minority class and adding it to the
original dataset. Since random over-sampling simply increases the number of minority
class samples by copying, it can easily lead to overfitting, where the model learns overly
specific information and performs poorly in terms of generalization. On the other hand,
random under-sampling removes some data from the majority class to balance the number
of samples in both classes. However, a drawback of this method is that it may result in the
loss of important data.

(2) Synthetic Minority Over-sampling Technique (SMOTE)

SMOTE [26] is an improved version of the random over-sampling algorithm that
selects neighboring samples using the k-nearest neighbor (KNN) algorithm and synthesizes
new minority class samples based on these neighbors. A new minority class sample can be
generated through the following process. First, for a minority class sample Xi in the sample
set MMM, the k-nearest neighbors in the feature space are found. Then, a sample Xj is
randomly selected from these neighbors, and the difference di f f = Xi − Xj is calculated.
Finally, a new sample Xn is generated using the formula Xn = Xi + rand(0, 1) · di f f , where
rand(0,1) is a random number between 0 and 1.

(3) Adaptive Synthetic Sampling (ADASYN)

ADASYN [26] uses a systematic method to adaptively create different amounts of
synthetic data according to their distributions. The main idea of the ADASYN algorithm
is to use the density distribution as a criterion for automatically determining the number
of synthesized samples that need to be generated for each minority example. The basic
process of ADASYN is summarized as follows:

Firstly, calculate the total number of minority class samples that need to be synthesized:

G = (Mmax − Mmin)× α (1)

where Mmin is the set of minority class samples and Mmax is the set of majority class
samples. α ∈ [0, 1] represents the expected balance level after the addition of the synthetic
sample. When α = 1, it means that the dataset is completely balanced after adding the
synthetic samples.

Secondly, for each sample Xi ∈ Mmin, find their k-nearest neighbors in the n-
dimensional space and calculate the ratio:

ri = ∆i/K, i = 1, 2, · · · , m (2)

where ∆i is the number of examples in the k-nearest neighbors of Xi that belong to Mmax.
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Next, regulate ri and express a

r′ i = ri/
Mmin

∑
i=1

ri (3)

Calculate the number of samples that need to be synthesized for each Xi ∈ Mmin:

gi = r′ i × G (4)

Finally, for each Xi ∈ Mmin, generate gi synthetic data samples according to

Xnew = Xi +
(
Xj − Xi

)
× λ (5)

where Xj is one of the k-nearest neighbors for Xi and λ ∈ [0, 1] is a random number.

3.3. The Proposed Method

As shown in Figure 1, this paper proposes a two-stage classification model that
combines unsupervised and supervised methods. In the first stage, the k-means algorithm
is used for unsupervised classification; based on the classification results, a self-organizing
neural network is trained in the second stage for fault diagnosis.
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(1) Stage 1

K-means is a popular unsupervised clustering algorithm that partitions a dataset
into a predefined number of clusters K. The goal is to group similar data points together
based on their features. In reference to [20], the study generates 120 clusters using the
k-means algorithm. Since each cluster may contain one or more fault types, during the
subset analysis phase, human experts employ a traditional sub-model based on gas ratios
to distinguish between the different fault types within the same cluster. The various sub-
models are then combined to form the final diagnostic model. In reference [20], R1–R15

represent the ratios utilized by the human expert to differentiate between the fault types
within the same subset.

(2) Stage 2

A fully connected neural network consists of an input layer, multiple hidden layers,
and an output layer, with each layer containing multiple neurons. Let the input sample
set be {xi, yi}N

i=1, where N is the number of samples. The input vector X propagates
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forward through each hidden layer to the output layer. The output of each hidden layer
is hi(x) = g(wT

i x + bi), where wi ∈ Rdi×di−1 , b ∈ Rdi , di are the dimensions of the output
vector, and g is the nonlinear activation function. The neural network output fW(x) can be
expressed as

fW(x) = HL(HL−1(· · · (H1(x)))) (6)

where L is the total number of hidden layers, and W = (W1, W2, . . . , Wl , . . . , WL) represents
the total parameter vector of the neural network.

Fault diagnosis is essentially a multi-class classification problem. Let the total number
of classification categories be C. The loss function is computed using cross-entropy, which
can be expressed as

LCE(W) = −
C

∑
k=1,k ̸=c

P(cc/x) · log(P(ck/x)) (7)

where C is the total number of classes, P(cc/x) is the probability that the input x is predicted
to yc belongs to the true class c, and fW(x) = P(ck/x) is the probability that the input is
predicted to belong to any class k. If k! = c, it indicates the probability of misclassification.

To minimize the loss function LCE(W), the backpropagation algorithm is commonly
used to reduce the error. The stochastic gradient descent (SGD) method trains the model
by randomly sampling small batches of data, which is efficient and converges quickly.
Therefore, it is often used to optimize the network parameters W. The parameter update
can be expressed as

Wn = Wn−1 − α∇W LCE(W; xn
i , yn

i ) (8)

where xn
k , yn

k ∈ batchn =
{
(xn

1 , yn
1 ), (x

n
2 , yn

2 ), . . . , (xn
k , yn

k )
}

represents the loss for the n-th
batch batchn(1≤n≤Nbatches)

of training samples, xn
i and yn

i are the input vector and the sample

class, respectively, Wt =
{

Wn
l
}L

l=1 is the network parameter vector after training on the
n-th batch of samples, and α is the adaptive learning rate.

Reference [27] proposed two cascaded DNNs. The first-level DNN is used to partition
the original dataset into multiple subsets, where each subset contains data with similar
characteristics. In the second level, a DNN subnet is dynamically and adaptively created
for each subset, with the selection of nodes and connections optimized to minimize training
errors. Inspired by reference [27], in this paper, a self-organizing neural network method is
introduced, which adaptively suppresses activated nodes during the training process. This
approach dynamically builds the neural network’s training parameter set, significantly
lowering the model’s computational complexity without compromising accuracy. Different
appropriate partial networks are chosen for different categories to minimize the overall
loss function LCE(W).

From Equation (2), it can be seen that the complexity of the backpropagation algorithm
depends on the number of hidden layers and the number of nodes in each layer, i.e., it
depends on the weight vector W = (W1, W2, . . . , Wl , . . . WL) of the network. Since there
is currently no effective method to precisely estimate the required number of layers and
neurons in a neural network in advance, the appropriate network configuration must be
selected through multiple trial-and-error processes. To reduce the computational complex-
ity of SGD, this paper proposes a novel self-organizing stochastic gradient algorithm. This
algorithm can autonomously suppress the activation of inactive neurons as the training
process evolves and automatically select the network parameters for backpropagation
that need to be updated. This significantly reduces the parameter tuning required for
the backpropagation network while ensuring training accuracy. Figure 2 illustrates the
process of selecting activated neurons and autonomously constructing the neural network
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training parameter set in the self-organizing stochastic gradient descent method. The
backpropagation network training parameter set is updated in epochs, with each epoch
serving as the smallest update cycle. Figure 2a,b show the schematic diagrams of the
selected backpropagation training parameter set and activated neurons at epochs n − 1 and
n, respectively. As training progresses, after each epoch, the neural network autonomously
decides which inactive neurons to suppress at the beginning of the next epoch. Based on the
current set of activated neurons, the backpropagation training parameter set is constructed.
The suppressed inactive neurons, along with all the weight parameters connected to them,
will not be updated in subsequent training processes. In this paper, whether a neuron is
an inactive node is determined by checking if the change in its weights at epochn−1 and
epochn is smaller than a predefined threshold τ. Specifically, for the i-th hidden node in the

l-th layer ui
l , if the weight distance dl2 =

∥∥∥∥wn
ui

l
− wn−1

ui
l

∥∥∥∥
2

is smaller than the threshold, then

the hidden node is considered inactive.
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3.4. Incremental Learning

Incremental learning allows the model to continuously learn from new data while
retaining its ability to generalize from previously seen examples. This is achieved by
updating the model incrementally after each new batch of data is processed. Incremental
learning with deep learning neural networks (DNNs) is a challenging task due to the
complexity of neural networks and the problem of catastrophic forgetting (where the model
forgets previously learned knowledge when new data is introduced). Fine-tuning is the
most commonly used technique in incremental learning with deep neural networks. In
this approach, a pre-trained model is used as a starting point, and the model is fine-tuned
with new data. Fine-tuning allows the network to retain useful knowledge learned from
previous tasks while adapting to new data. When new data arrive, some layers of the pre-
trained model are frozen, and only the last few layers are updated to adapt to the new task
or data distribution. However, if the new data differ greatly from the old data, fine-tuning
may not be sufficient. To solve this problem, in this paper, we learn new knowledge by
activating the previously frozen nodes from the previous step. Specially, for any active

hidden units i at the l-th layer ui
l , if the
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weight of ui
l at time t and t − 1 is larger than the threshold τ, we will randomly activate

a frozen node at layer l. After all the actively hidden nodes have been checked, we need
to retrain the weights of the new network. At the same time, due to the reasonable initial
parameters from last training, the retraining convergence time will be greatly reduced.
Unlike reference [27], which adds new neural nodes to the existing network to learn new
knowledge, this paper adopts a method of activating existing frozen neural nodes for
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learning. In comparison, the proposed method features a simpler network structure and
significantly lower computational complexity.

3.5. Training and Comparation

In order to highlight the performance of our proposed algorithm, several commonly
used regression algorithms are used for performance comparison.

(1) Traditional DNN

To highlight the effect of a self-organizing neural network, we adopt the traditional
DNN model to evaluate the performance of the dataset.

(2) Support Vector Regression (SVM)

SVM attempts to minimize the error bound and maximize the margin to get an optimal
separating hyper-plane. For the decision function f (x) = ⟨ω, ϕ(x)⟩+ b, we can get the
SVM model by solving the following problem.

minimize 1
2∥ω∥2 + C

l
∑

i=1
(ξi + ξi

′)

subject to


yi − ⟨ω, xi⟩ − b ≤ ε + ξi

⟨ω, xi⟩+ b − yi ≤ ε + ξi
′

ξi, ξi
′ ≥ 0

(9)

where C is the regularization parameter, ϕ(x) is the kernel function that maps the input
date to a high-dimensional feature space, ε is the error tolerant threshold, ξi and ξi

′ is the
i-th slack variable.

(3) Decision Tree (DT)

DT observes input properties and learns the decision rules using a kind of tree structure
to predict the continual output. Decision tree is constructed by recursive partitioning that
starts from the root node (top node) and splits it into left and right child nodes. These
child nodes will be further split themselves until the leaves are pure, i.e., leaf nodes. Each
non-leaf node represents a test on a feature attribute. Each branch represents the output of
this feature attribute in a certain value range, and each leaf node stores the output variable.
The RMSE will be applied as a loss function to get the best division.

(4) Random Forest (RF)

RF is an ensemble learning algorithm that combines multiple decision trees for regres-
sion. Compared with DT, RF has better generalization performance and is less sensitive to
outliers. The operation of RFR is to construct several decision trees during training and
then output the average value as the prediction of all trees.

3.6. Computational Complexity Analysis

The computational complexity of a deep neural network (DNN) is generally rep-
resented by the number of floating-point operations (FLOPs) required for the forward
propagation process. For each layer of a fully connected neural network, the FLOPs can be
expressed as Fi = (2Ii − 1) ·Oi, where Ii and Oi represent the input and output dimensions
of the i-th layer, respectively. For a fully connected neural network with L hidden layers,
the forward propagation computational complexity is expressed as

FLOPs f orward = Nepo

L

∑
i=1

(2Ii − 1) · Oi (10)

where Nepo is the number of epochs at convergence.
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For a neural network with a symmetric structure in both forward and backward
propagation, the computational complexity of backward propagation is the same as that of
forward propagation. If some neurons are inactive during backward propagation (i.e., their
gradients are set to 0), the computational complexity of backward propagation is directly
proportional to the total number of active neurons.

4. Experiment
4.1. Dataset

The proposed model was evaluated on the dataset provided by reference [20], which
contains 849 labeled DGA data. It utilized a dataset comprising gas concentration measure-
ments from dissolved gases in transformer oil, which are key indicators of faults in power
transformers. The dataset includes six main fault types, including low energy discharge
(D1), high energy discharge (D2), low thermal fault (PD), partial discharge (T3), medium
thermal fault (T2), and high thermal fault (T1). The dataset specifically focuses on the
gas ratios, including hydrogen (H2), methane (CH4), ethane (C2H6), ethylene (C2H4), and
acetylene (C2H2), which are crucial for diagnosing transformer faults. In order to better
capture the data features and improve diagnostic performance, like in reference [20], this
paper has generated seven new features based on the original dataset. Table 1 presents the
seven input feature vectors used in this paper. The importance and function of each vector
are described below:

Table 1. Seven new features used in this paper.

New Features Descriptions

X = [X(i)] i ∈ [1, 5]
X(i) = Ci

∑5
j=1 Cj

where Ci and Cj represent the concentrations of H2,
CH4, C2H6, C2H4, and C2H2, respectively.

X = [R1, R2, R3] R1 = CH4
H2

, R2 = C2 H2
C2 H4

, R3 = C2 H4
C2 H6

X = [R1, R2, R3] R1 = C2 H2
C2 H4

, R2 = C2 H4+C2 H6
C2 H2+H2

, R3 = C H4+C2 H2
C2 H4

X = [R1, R2, R3, R4, R5] R1 = H2
H2 lim

, R2 = C H4
C H4 lim

, R3 = C2 H6
C2 H6 lim

,

R4 = C2 H4
C2 H4 lim

, R5 = C2 H2
C2 H2 lim

X = [R1, R2, R3, R4, R5] R1 = H2
CMAX

, R2 = C H4
CMAX

, R3 = C2 H6
CMAX

,
R4 = C2 H4

CMAX
, R5 = C2 H2

CMAX

X = [CH4, C2H4, C2H2]

X(i) = Ci
∑3

j=1 Cj
, where Ci and Cj represent the

concentrations of CH4, C2H4, and C2H2,
respectively.

X = [R1, R2, R3] R1 = C2 H2
C2 H4

, R2 = C2 H6+C2 H4
C2 H2+H2

, R3 = C H4+C2 H2
C2 H4

Figure 3 shows the proportion of each fault type in the overall dataset. From the figure,
it can be observed that there is a severe data imbalance between the PD (partial discharge)
class and the other classes, which could significantly affect the training of the diagnostic
model. As in [20], the data collected were randomly divided into two datasets: a test set
and a training set with a 70:30 training-to-test ratio. Moreover, the IEC TC10 database
containing 117 labeled DGA data [28] will be used for incremental learning.
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4.2. Evaluation Metrics

The diagnostic performance of the system is evaluated based on the accuracy of
case diagnosis. In this paper, the diagnosis accuracy rate (DAR) is used to evaluate the
performance of the diagnostic system. It is calculated by the ratio of correctly classified
samples (Nda) to the total number of samples (Nall), i.e., Nda

Nall
. A higher accuracy rate

indicates better system performance. Additionally, considering only diagnostic accuracy
is insufficient to assess the algorithm’s performance on imbalanced data, so this paper
introduces a confusion matrix to evaluate the algorithm’s performance on imbalanced
data by comparing the mapping probabilities between the predicted results and the true
values. Each column of the confusion matrix represents the predicted class, while each row
represents the true class, as shown in Figure 4. Ci, Di, and P(Ci/Di) represent the true class
label, the predicted class label, and the corresponding probability, respectively.
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4.3. Experiment Setting

To compare the performance of our proposed algorithm with traditional classification
methods, several algorithms implemented by sklearn packet, traditional DNN, SVM, DT,
and RF, are used. The output of the model is the RMSE estimated by the predicted value
and actual output. The parameters of other commonly used classification algorithms were
optimized with the grid search method. The optimal parameter settings of the models are
shown in Tables 2 and 3.
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Table 2. Parameter settings for DNN.

Parameters Values

Number of nodes per layer (100,100,6)

Activation function ReLU

α 0.01 ∗ 0.5epoch/10

epochmax 100

Nbatches 100

τ 0.001

m 6

Table 3. The optimal parameter settings of other classification algorithms.

Model Type Parameters Iterations

SVM C = 50, σ = 0.01 100

DT max_depth = 8 100

RF min_samples_split = 5, n_estimators = 100 100

4.4. Results and Comparation

(1) The results of data balancing

To further understand the differences between the ADASYN and SMOTE methods
in terms of data balancing, Figure 5 presents 3D scatter plots of a portion of the dataset
after processing with these two methods. The 3D scatter plot of the original training set
is shown in Figure 5a, while the 3D scatter plots of the data after balancing with SMOTE
and ADASYN are shown in Figure 5b,c, respectively. In Figure 5b, the SMOTE algorithm
generates the same number of new samples for each minority class sample, but it does not
consider the neighboring samples from other classes, which results in some overlapping
of the generated new samples (highlighted in the black dashed box). In Figure 5c, the
dataset generated by the ADASYN algorithm not only balances the data distribution but
also pays more attention to the difficult-to-learn samples in the minority class. Compared to
Figure 5b, ADASYN in Figure 5c reduces the amount of additional noise and overlapping
samples, thus performing better than SMOTE.
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(2) The results of the proposed method

In stage 1, six clusters are generated using the k-means algorithm. The role of clas-
sification is to group samples with similar features together, so that in stage 2, different
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sub-networks can be selected and trained for different classes, thereby improving training
accuracy and convergence speed. Based on the classification results, a self-organizing
neural network is trained in the second stage for fault diagnosis. Traditional DNNs train
samples with different features together, and the network structure and connections be-
tween hidden nodes are fixed. However, the significant differences between sample features
can not only lead to large training errors but also make the training convergence process
difficult due to the large number of neurons and network connections in DNNs. To address
these issues, this paper adopts a differentiated dynamic sub-network selection training
method to improve fitting accuracy and reduce the overall regression error of the model.
This method primarily targets each classified sub-dataset, dynamically selects neurons, and
constructs sub-DNN networks to minimize the overall loss function. Figure 6 shows the
convergence process of the model on the training and testing sets. It can be seen that when
the epoch is greater than 40, the curve changes smoothly and tends to converge, with an
accuracy rate maintained at around 92%.
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To visualize the suppression effect of the proposed algorithm on inactive nodes during
training, Figure 7 shows the curve of the number of activated nodes in each layer of the
neural network as the epoch increases. As can be seen in the figure, when epoch > 20, the
number of activated neurons in each layer gradually decreases. When 20 < epoch < 30,
nearly half of the neuron activations in layer 1 and layer 2 are suppressed, significantly
reducing the number of network parameters that need to be updated. When epoch > 40, all
neuron nodes are suppressed, resulting in no parameters needing to be updated, and the
backpropagation complexity becomes zero, causing the training curve to converge.

Table 4 presents the confusion matrix of the proposed algorithm on the original dataset.
The diagonal elements of the confusion matrix represent the number of correctly classified
instances for each category, while the off-diagonal elements indicate the number of instances
misclassified by the classifier. As shown in the table, the proposed algorithm achieves a
high diagnostic accuracy of approximately 92.12%, which is close to the final convergence
accuracy depicted in Figure 6. To verify that data augmentation techniques can improve
model performance, Table 5 presents the confusion matrix of the proposed algorithm on
the test set after augmenting the training data using the ADASYN algorithm. As shown in
Table 5, after using the data augmentation technique, the number of misdiagnosed PD cases
decreased from 6 to 2. Although the proportion of other categories misclassified as the PD
category increased, the overall diagnostic accuracy improved. Specifically, the ADASYN
data augmentation technique increased the accuracy from 92.12% to 93.7%. In addition, the
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test accuracies achieved using the SMOTE and random sampling data balancing methods
are 92.91% and 84.25%, respectively.
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Table 4. The confusion matrix on original dataset.

True
Predicted

D1 D2 PD T3 T2 T1

D1 43 2
D2 2 45 1
PD 2 19 4
T3 2 45 3
T2 1 1 37 1
T1 1 45

Table 5. The confusion matrix on dataset after ADASYN.

True
Predicted

D1 D2 PD T3 T2 T1

D1 42 1 2
D2 2 43 3
PD 2 23
T3 1 3 45 1
T2 40
T1 1 45

Incremental learning allows the model to continuously learn from new data while
retaining its ability to generalize from previously seen examples. However, if the new data
differs greatly from the old data, fine-tuning may not be sufficient. To solve this problem,
in this paper, we learn new knowledge by activating the previously frozen nodes from the
previous step. Specially, if the weight of ui

l at time t and t − 1 is larger than the threshold τ,
the node i at layer l (ui

l) will be activated. The IEC TC10 database containing 117 labeled
DGA data [24] is used for incremental learning. Table 5 presents the sensitivity analysis of
threshold τ to test accuracy. As shown in Table 6, as the threshold τ decreases, the number
of activated nodes in each layer increases to facilitate learning new knowledge. When
the threshold τ is reduced to 0.0001, the DAR reaches 100%, with all samples correctly
diagnosed. However, when the threshold is further reduced to 0.00001, the DAR remains
at 100%, but the number of activated nodes increases, leading to higher computational
complexity. Therefore, the threshold is set to 0.0001 in this paper.
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Table 6. The sensitivity analysis of threshold τ to test accuracy.

τ 0.01 0.001 0.0001 0.00001

DAR 94.01% 98.29% 100% 100%

Number of activated
nodes in the k-th layer

layer 1: 42
layer 2: 37

layer 1: 65
layer 2: 52

layer 1: 82
layer 2: 69

layer 1: 94
layer 2: 82

(3) Performance comparations

To highlight the superiority of the proposed algorithm, we compared its performance
with existing methods on the two datasets mentioned in the paper, as shown in Figure 8.
The figure demonstrates that the proposed algorithm achieves the highest diagnostic
accuracy, indicating its effectiveness and potential for further application and deploy-
ment in real-world scenarios. Although traditional DNNs can achieve relatively high
diagnostic accuracy, the algorithm proposed in this paper features significantly lower
computational complexity.
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5. Conclusions
In conclusion, this paper proposes a novel fault diagnosis method for power transform-

ers that combines data augmentation, clustering-based classification, and self-organizing
neural networks with incremental learning. The ADASYN-based data augmentation ef-
fectively addresses data imbalance, improving diagnostic accuracy to 93.7%, while the
two-stage classification framework enhances training precision and convergence speed.
The dynamic optimization of the self-organizing neural network significantly reduces
computational complexity, and the incremental learning mechanism ensures adaptability
to new data while maintaining generalization. Comparative analysis demonstrates the
superiority of the proposed method over traditional approaches, highlighting its poten-
tial for real-world deployment in power transformer fault diagnosis and grid reliability
enhancement. The proposed method can be implemented as part of an online monitoring
and diagnostic system, leveraging data collected from sensors installed on transformers,
providing actionable insights for predictive maintenance and operational decision-making.
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