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MULTITEMPORAL DATA FUSION AND REASONING IN
POWER GRID FAULT DECISION SUPPORT

Yipu ZHANG'*, Qingbiao LIN!, Shengmin QIU!, Kun ZHANG!, Xiaogang
WU!, Xin GAO!

As the scale of power grids continues to expand, the volume of grid-related
information increases significantly. Diagnosing the operational state of power
systems by integrating real-time data streams with historical fault data has become a
key focus in the field of electric power. However, existing fault diagnosis methods,
though relatively mature, still struggle to handle the large volume of dynamic data
and fail to accurately identify fault information. To address this challenge, this paper
puts forward a fault reasoning model based on Knowledge Graphs. The model
integrates real-time power grid data with historical fault data to perform intelligent
analysis and provide decision support through a reasoning mechanism. Experimental
results show that the proposed hybrid algorithm achieves an accuracy of 96.3%, a
recall rate of 0.99, and an Fl-score of 0.90 after 250 training iterations. These
performance metrics significantly outperform those of the comparison algorithms.
The results of the fault reasoning experiments further demonstrate that the proposed
model achieves higher reasoning accuracy across different types of fault causes, with
an average accuracy reaching 0.93, showing strong generalization ability. These
empirical findings prove that the model effectively fuses multitemporal data, improves
the timeliness and accuracy of fault handling, and provides intelligent technical
support for power grid fault management.

Keywords: Power grid fault; Multitemporal data; Fault diagnosis; Convolutional
neural network; Dynamic time warping

1. Introduction

Electric energy plays a vital role in daily life and the development of
industrial and agricultural sectors. Ensuring the safety of power equipment and
operations is essential for the efficient supply of electricity [1]. In recent years, to
improve the reliability of power supply, fault diagnosis methods for power grids
have become a key topic of academic research [2]. The rapid development of deep
learning technologies has brought significant progress to the intelligentization of
fault diagnosis methods. However, as power grids grow larger, the amount of
operational data increases drastically. Traditional fault diagnosis methods can no
longer meet the demand for real-time processing of large-scale data [3-4]. Therefore,
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there is an urgent need for an efficient and intelligent fault diagnosis approach to
support decision-making for power system operators. To address this need, this
study introduces an improved Graph Convolutional Network-Graph Attention
Network (GGCN) based on Knowledge Graph (KG) technology. To solve the
problem of misaligned sequences between real-time data streams and historical data,
a Dynamic Time Warping (DTW) algorithm is further introduced, and its
computational efficiency is optimized using a Sliding Window (SW). These
techniques are combined to form a model named Sliding Window Dynamic Time
Warping—Graph Convolutional Network-Graph Attention Network (SW-DTW-
GGCN). This model aims to effectively integrate real-time data streams and
historical data from power grid equipment, enhance the real-time performance and
accuracy of fault diagnosis, and provide practical value for power grid fault
decision-making.

2. Related works

In recent years, the research on decision support models for power grid
faults has become a central focus in the academic community. Liu et al. constructed
a KG for power grid faults by performing knowledge extraction and other processes
to enhance the efficiency and accuracy of fault diagnosis. They then formed fault
records through entity extraction and developed a fault diagnosis system based on
the KG [5]. Kandasamy and Jaganathan combined continuous wavelet transform
with deep learning methods to build an intelligent decision support scheme for
microgrid faults. Their approach extracted key information from time series data
using continuous wavelet transform and then identified and classified faults using
deep learning techniques [6]. Biswal et al. pointed out the difficulty in detecting
high-impedance faults in microgrids. To address this issue, they introduced dual-
tree complex wavelet transform and data mining methods. They extracted wavelet
features to separate high-impedance fault data, then conducted fault detection and
classification, and finally tested the method through experimental design [7]. Zhu
et al. aimed to solve the problems of high false alarm rates and low efficiency in
traditional fault diagnosis methods. They modeled power grid state data using a
computer simulation system, categorized various fault types, and applied an
Extreme Learning Machine (ELM) model to perform diagnosis, testing its
performance with multiple fault datasets [8]. Zhong et al. focused on improving the
accuracy of reasoning strategies for power transformer faults. They first analyzed
the structural similarity between target faults and historical cases, discussed
attribute similarities, and finally calculated overall similarity to obtain reasoning
strategies from historical cases [9].

Data fusion technologies have been widely applied across various domains.
Kuras et al. addressed the problem of fusing hyperspectral and LIDAR data in urban
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environments. They proposed an unsupervised optimization method for segmenting
spectral components and LiDAR data and further updated regional maps by
manually supplementing uncertain objects and materials [10]. Huang et al. applied
data fusion methods to traffic flow prediction by integrating convolutional neural
networks and predictive recurrent neural networks to process dynamic
spatiotemporal data. They also used a multi-opinion mechanism to extract and fuse
key information [11]. Zhang et al. developed an intelligent surveillance approach to
dynamically fuse video data and Automatic Identification System (AIS)
information in order to manage waterways more effectively. They introduced a
filter-based method for fusing video and AIS data to enable real-time processing of
large-scale information [12]. Gulshin and Kuzina proposed a time fusion
transformer model for wastewater treatment. This model combined historical data
with current predictions and was further developed into a neural basis expansion
analysis model to provide interpretable time series forecasting [13]. Melgar et al.
designed a predictive model for streaming sequence data based on information
fusion. They constructed the model using historical values and their nearest future
values. As real-time data streams arrived, the model was updated through a buffer
containing streaming data [14].

In summary, most existing studies on power grid fault decision support
systems have focused on improving fault detection methods. At the same time,
research on data fusion techniques has achieved meaningful progress, and their
practical value has been widely demonstrated. However, few studies have addressed
the fusion of real-time and historical data to improve the timeliness and efficiency
of power grid fault diagnosis models. In response to this gap, this paper introduces
an improved GGAT based on KG technology. To enable the effective integration of
real-time and historical data, the study further incorporates DTW algorithm and
optimizes it using a SW, ultimately forming a SW-DTW-GGAT model. The
proposed improvements are expected to enhance the efficiency and accuracy of
power grid fault diagnosis and provide intelligent support for operation and
maintenance decision-making.

3. Construction of the multitemporal power grid fault data
fusion and reasoning model
3.1. Construction of the KG-GGAT fault decision reasoning
model

Due to the diversity of power grid fault patterns and fault types, and the
strong correlation among fault locations, making fault decisions requires substantial
manual effort to record abnormal information. This process involves searching for
historical fault causes and corresponding solutions, which makes the decision-
making process complex and increases the cost for grid departments. The KG
technology shows high efficiency in organizing, managing, and applying large-
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scale data, making the handling and application of knowledge much easier [15]. An
effective KG contains comprehensive fault entity types and fault relationship links,
which enables deep mining of fault knowledge in power grids and offers feasible
solutions for fault diagnosis and strategy reasoning. The construction process of the
KG is shown in Fig. 1.
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Fig. 1. Schematic diagram of the KG construction process.

As shown in Fig. 1, the data must be preprocessed before constructing the
KG. This includes operations such as field alignment, missing value imputation,
and outlier correction to ensure data consistency [16—17]. Then, data entities,
relationships, and attributes are extracted to complete the knowledge extraction
process, followed by establishing associations between entities based on the
characteristics of power grid faults. Each entity is a data model, and is represented
by §, as shown in Equation (1).
S=(C,H,R, ) (1)

In Equation (1), C denotes the association among entities, representing a
set of relationships. H represents the set of categorical relationships between fault
entities, R 1s the set of non-categorical relationships, and A is the set of rules. To
solve the heterogeneity among different knowledge sources, knowledge fusion
techniques are adopted, with knowledge fusion and entity linking being the two key
steps. The equation for knowledge fusion is shown in Equation (2).

RankScore(a, k)= \/Semantic (a,k)* Lexical (a,k) )

In Equation (2), @ represents book knowledge, and & stands for keywords.
After knowledge fusion, the data is further processed and finally stored as a KG. To
ensure the quality of the graph, a dynamic maintenance mechanism must be
established. First, the existing knowledge is verified, and then new knowledge is
continuously integrated to maintain the timeliness and completeness of the graph.
The KG is defined as shown in Equation (3).

KG=(E,R,G) )
In equation (3), E denotes the entity set, and G denotes the triplet fact set.
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The construction of the KG depends on the analysis of historical power grid fault
cases. However, problems such as incomplete entity information and sparse expert
knowledge often arise. To address this, this study introduces GCN. First, entities
and relationships in the KG are vectorized. Then, a reasoning and decision-making
algorithm is used to reduce the dimensionality of the high-dimensional vectors.
Finally, the results are applied to fault decision reasoning tasks in power grids. The
core operation of GCN is based on spectral graph convolution using the
symmetrically normalized Laplacian matrix, as shown in Equation (4).

gLuplace _ D2 apr — pe (24_1)1571/2 4)

In Equation (4), 4 denotes the adjacency matrix, A represents the original
adjacency matrix, / is the identity matrix, and D represents the degree matrix of 4.
This layer takes as input the initial node feature matrix and adjacency matrix of the
knowledge graph, with its core operation being the computation of the normalized
Laplacian matrix and feature propagation. While GCN performs well in reasoning
over static graphs, it cannot handle reasoning tasks over dynamic graphs, and it
struggles to assign different learning weights to neighboring entities. To solve this
problem, this study further introduces GAT, which integrates fault entity
information within neighborhoods by applying an attention mechanism. The
principle of GAT is shown in Fig. 2.

As shown in Fig. 2, the input to the GAT network consists of node features
output by the GCN. Its core operation primarily involves two processes: calculating
attention coefficients and performing weighted summation. The equation for
calculating attention coefficients is shown in Equation (5).
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Fig. 2. Schematic diagram of the GAT principle
exp(Leaky ReLU(ea,ﬂ ))

Y exp(LeakyReLU(c,,)) (5

keN,,

a, 5 =soft maX(Leaky ReLU(ea’ﬂ)) =



390 Yipu Zhang, Qingbiao Lin, Shengmin Qiu, Kun Zhang, Xiaogang Wu, Xin Gao

In Equation (5), LeakyRe LU denotes a nonlinear activation function, 4, 4
represents the attention coefficient, @ is the target entity, IV, denotes the set to

which the entity belongs, and /S represents neighboring entities. The equation for
the weighted summation is shown in Equation (6).

H 33 aaﬂWQﬂ} (©)

k lﬂeN

In Equation (6), O, denotes the embeddlng of entity i, K is the number of

attention operations. W is the shared parameter matrix, and © represents a
nonlinear activation function. In summary, based on KG technology, this study
introduces both GCN and GAT to construct the GGAT fault decision reasoning
model. The detailed process is shown in Fig. 3.
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Fig. 3. Flowchart of the GGAT fault decision reasoning model based on KG.

As shown in Fig. 3, the proposed GGAT fault decision reasoning model is
constructed based on historical power grid fault data. A KG is built by extracting
fault entities, fault relationships, and fault knowledge triples. Then, the GGAT
model is trained, and fault data requiring reasoning is input into the model. Finally,
the model performs tasks such as classifying fault entity types and predicting fault
relationships.

3.2. Construction of the multitemporal data fusion fault
reasoning model

Although the GGAT fault decision reasoning model can perform
classification and prediction of power grid faults based on the knowledge base, the
integration of real-time and historical data often faces a sequence alignment
problem due to differences in their time scales. The DTW algorithm automatically
scales time series through dynamic programming to evaluate the similarity between
two sequences and align them, thereby eliminating phase differences [18].
Therefore, this study applies DTW to integrate real-time data with historical fault
data, aiming to improve the accuracy of fault decision-making. Suppose there are

two time series, X, = ()NC] ,)NCZ,...,)?”) and J, = ()7, ,)72,...)7,,1), with lengths denoted by

n and m respectively. DTW calculates the cumulative distance matrix D by
computing the Euclidean distance between the two series. The equation for each
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element in the matrix is shown in Equation (7).
- - ~ \2
D(%.7,)=(%-7,) ()
The goal of DTW is to find the optimal warping path that minimizes the
distance between sequences X, and J,, , as shown in Equation (8).

DTW (%,,5,)=min(Y.! L(a,)) ®)
In Equation (8), L(a)o) represents the local distance matrix, and ©

represents the elements of the optimal path. The warping path is denoted as T,
where the o -th element is expressed in Equation (9).

=(i,)),, 0, €0, T=(a,02, 0,0 ),
max (n,m)<O<n+m-1 ©)

In Equation (9), ( ) represents the coordinates in the distance matrix.

The principle of how DTW processes two time series is illustrated in Fig. 4.

As shown in Fig. 4(a), the two lines represent two different time series, and
the connecting points indicate similar data points. DTW constructs an alignment
path between the sequences to minimize the cumulative distance between
corresponding points, quantifying the similarity between unequal-length sequences
[19]. In the process of dynamic time warping, the algorithm selects the optimal path
based on the principle of minimum distance. As shown in Fig. 4(b), it chooses the
best option among three splitting methods to match similar points. The points on
the warping path must follow monotonicity, which is expressed in Equation (10).
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time series between similarities
Fig. 4. Schematic diagram of the DTW algorithm.
o, =(11),0,=(p.q) (10)

The boundary condition ensures that the first and last elements of the two
sequences correspond, as shown in Equation (11).

Uy <uy<--Su,, SV, <<y, (11)

The step size must be set to avoid missing elements, and its mathematical
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expression is given in Equation (12).

(@,,—®,)€{(1,0).(0,1),(L1)}, foroe[l:0-1] (12)

To meet the above constraints, the cumulative loss matrix as shown in
Equation (13).

L(u,v)=min{L(u—1,v—1),L(u-1v),L(u,v-1)}+D(Z,.7,) (13)

In Equation (13), D represents the cumulative loss matrix, and

ue(l: pl,ve[l:q] and D(Z,,V,) denote the loss values. However, DTW matches

two time series based solely on the similarity of amplitude values between
individual points, ignoring the similarity in their trends. This often results in many
singular points in the outcome. To address this issue, this study further introduces
SW. Real-time data streams are first segmented through sliding windows and then
aligned with historical data in segments using DTW, achieving sequence alignment
[20]. This module takes long real-time data streams and historical reference
sequences as inputs. Its core functionality involves segmenting the real-time stream
into windows and performing DTW alignment with the historical sequence for each
segment. For a time series X , assuming the SW window length is » and the step
size is S, the m -th window is shown in Equation (14).

Em - {xm"ls s xm"lwl 5" fm"lwb—l } (14)

The resulting SW-DTW algorithm calculates the similarity loss function
between the two sequences, as shown in Equation (15).

L(%,.5,)=b(0)-E(0) (15)
In Equation (15), @ represents the window length, and E(Q) is calculated
using the equation in Equation (16).

E(H):a()_([a_ﬁ} YH J (1+a) (A[X][a_a} Y[ J (16)

In Equation (16), @ and € represent the index positions of the sequences.
In summary, this study introduces the SW-DTW algorithm to address the temporal
misalignment between real-time and historical data in fault diagnosis and builds the
SW-DTW-GGAT fault decision reasoning model. The model structure is shown in
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Fig. 5. KG- GGAT fault decision reasoning model flow chart.
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As shown in Fig. 5, the KG-GGAT fault decision reasoning model first
dynamically segments the real-time data stream using a sliding window to output
dynamic window segments. Subsequently, it performs temporal alignment between
real-time and historical data via SW-DTW, computing the cumulative loss matrix,
optimal smoothing path, and global temporal alignment mapping table. This
ultimately generates unified-timeline device status data. This data is then fed into
the KG-GGAT fault inference model, where fault knowledge triples undergo
vectorization to derive initial feature vectors for entities and relationships. The final
decision is made through the GGAT inference model. This process computes and
outputs, layer by layer, node feature matrices propagated through the graph
structure and attention weight coefficients. It ultimately generates the classification
probability distribution for fault entity types and the predicted probability for fault
relationships, thereby completing the fault decision task.

4. Validation of the power grid multitemporal data fusion and fault
diagnosis model
4.1. Effectiveness verification of the SW-DTW-GGAT
algorithm

To verify the effectiveness of the proposed SW-DTW-GGAT fault diagnosis
algorithm, this study conducted comparative experiments. In terms of experimental
setup, high-performance hardware and software environments were selected. The
configuration is shown in Table 1.

Table 1
Experimental environment and configuration
/ Category Parameters
CPU Intel Xeon E52680 v4
GPU NVIDIA A100, 80GB PCle
Hardware
RAM 64GB DDR4, 3200MHz
Storage 512GB SSD, 2TB SATA SSD
Operating system Ubuntu 20.04 LTS, 64-bit
Software Programmin,
W g g Python 3.8
language

As shown in Table 1, the experiments adopted high-performance computing
equipment, with the CPU being Intel Xeon E5-2680 v4 and the GPU being NVIDIA
A100. The algorithm was implemented using Python 3.8. The experimental dataset
originates from the 2023-2024 operational maintenance records of a 220kV smart
substation, encompassing comprehensive monitoring data of primary equipment
across two main transformers, five transmission lines, and four bus sections.
Following data anonymization and annotation, 17 field-verified typical fault events
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and their corresponding normal operating conditions were extracted, establishing a
multi-source fault diagnosis benchmark dataset featuring temporal, graph-structural,
and physically authentic characteristics. This dataset comprises approximately
85,000 valid time-series samples spanning a total duration of roughly 23,000
minutes. It contains synchronized monitoring records for 12 key physical quantities
including voltage, current, power, and temperature, fully meeting the training and
validation requirements for neural networks. The data has undergone linear
normalization and had geographic identifiers removed, fully complying with
industrial privacy requirements. A sample data input is shown in Table 2.

Table 2
Data Input Sample
Relative Measurement Data
Time (ms) Point (Example) Value (p-u.) Window Label
-100 Line L3 0.95 Historical Normal
Current
Line L3 Real-time
0(to) Current 0.97 Start Faulta
+50 Line L3 8.62 Real-time Fault a
Current
-100 Bus A 1.01 Historical Normal
Voltage
Bus A Real-time
0(to) Voltage 1.00 Start Fault a
Bus A .
+10 0.65 Real-time Fault a
Voltage

As shown in Table 2, the algorithm inputs are based on the fault onset time
t0. The historical data window is defined as the steady-state data from [to-100ms,
to] prior to the fault, used to establish a reference baseline. The real-time data
window is defined as the transient data from [to, to+200ms] after the fault, used for
capturing fault characteristics. First, the study performed statistical analysis on the
loss function and fault diagnosis accuracy of the algorithm. GAT and GGAT were
selected as comparison algorithms, and the results are shown in Fig. 6.
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Fig. 6. Statistical results of loss function and fault diagnosis accuracy.

As shown in Fig. 6(a), the loss functions of all three algorithms showed a
decreasing trend as the number of training iterations increased. Within the range of
0-50 iterations, the loss values dropped rapidly. When the training iteration reached
75, the loss value of the proposed SW-DTW-GGAT model was 2.3, and it gradually
stabilized with more training. At the same time, the loss values for GAT and GGAT
were 2.8 and 2.5, respectively, both higher than that of the proposed algorithm.
According to Fig. 6(b), the classification accuracy of the three algorithms increased
with training iterations. The accuracy improvement of GAT was relatively slow.
The accuracy of GGAT began to stabilize around 250 iterations, while the SW-
DTW-GGAT algorithm reached its maximum accuracy of 96.3% at 200 iterations.
At that point, the accuracies of GAT and GGAT were only 80.6% and 90.4%,
respectively. These experimental results indicated that the performance of the SW-
DTW-GGAT algorithm surpassed that of the comparison algorithms. To further
verify the superiority of the proposed algorithm, this study evaluated the recall rate
and F1-score of four algorithms. The results are shown in Fig. 7.

In Fig. 7(a), the recall rate increased with the number of training iterations.
At 200 iterations, the SW-DTW-GGAT algorithm reached its highest recall rate. At
the same point, the recall rates of GAT and GGAT were 93.7% and 96.3%,
respectively, both lower than that of the proposed algorithm. According to Fig. 7(b),
throughout the entire training range, the Fl-score of GAT remained the lowest,
followed by GGAT. The Fl-score of the SW-DTW-GGAT algorithm was
consistently the highest. These results demonstrated that the SW-DTW-GGAT
algorithm performed well and achieved better overall performance than the
comparison algorithms.
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Fig. 7. Statistical results of recall rate and F1-score.

4.2. Application performance of the SW-DTW-GGAT power
grid fault reasoning model

After verifying the effectiveness of the SW-DTW-GGAT algorithm, the
study further evaluated the fault diagnosis model based on real power grid data. The
study selected actual power grid data from the 2023-2024 operation and
maintenance records of a 220kV smart substation. Based on specific primary
equipment failure scenarios, five typical fault types were defined: Type “a” (simple
fault) refers to a transient metallic ground fault on Phase A of a line. Type “b”
(Complete Protection Failure) refers to the failure of the corresponding digital bus
protection device to operate due to power loss during a short circuit on the 110kV
Bus C. Type “c” (Incomplete Protection Failure) refers to the logical lockout of the
longitudinal differential protection during a line fault due to abnormal channel
synchronization signals. Type “d” (Switch Failure) refers to a circuit breaker failure
to trip due to a jammed operating mechanism during a low-voltage side fault on
main transformer T1. Type “e” (Progressive Fault) collectively refers to the gradual
process where insulation degradation on the high-voltage side bushing of main
transformer T2 evolves from partial discharge to a ground flash-over. Four widely
used models were selected for comparison: Graph Sample and Aggregate Network
(GraphSAGE), Spatial-Temporal Graph Neural Network (STGNN), Graph
Transformer, and Knowledge Graph-enhanced Graph Neural Network (KG-GNN).
The study first analyzed the classification results of each model on different fault
entities. The results are shown in Fig. 8.

As shown in Fig. 8, the SW-DTW-GGAT model achieved the highest
classification accuracy across all five fault entities. For the classification of simple
fault entities, GraphSAGE yielded the lowest accuracy at 0.80. STGNN and Graph
Transformer followed with accuracies of 0.87 and 0.88, respectively. KG-GNN
achieved a slightly higher accuracy of 0.90. The proposed SW-DTW-GGAT model
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achieved the highest accuracy of 0.91. For the classification of the “partial failure

of protection system” fault entity, the SW-DTW-GGAT model reached an accuracy

of 0.95, significantly higher than those of the comparison models. To further

evaluate model effectiveness, the study assessed the reasoning accuracy of each
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Fig. 8. Comparison of fault identification results across different models.
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Fig. 9. Accuracy of fault cause reasoning across different models.

model for fault causes and plotted confusion matrices. The results are shown in Fig.

r 0.05

As shown in Fig. 9(a), the reasoning accuracy of GraphSAGE for all five
fault causes remained below 0.90, with an average accuracy of only 0.82. Fig. 9(b)
showed that the STGNN model achieved accuracies of 0.90 for both “partial failure
of protection system” and “progressive fault,” and 0.91 for “failure of switching
device.” Fig. 9(c) indicated that the Graph Transformer model performed slightly
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worse than STGNN, with an average accuracy of 0.88. As shown in Fig. 9(d), the
KG-GNN model achieved its highest reasoning accuracy of 0.93 for the “partial
failure of protection system” cause, followed by the “progressive fault.” Fig. 9(e)
demonstrated that the SW-DTW-GGAT model outperformed all other models in
reasoning accuracy for all five fault causes. Notably, it achieved an accuracy of 0.95
for the cause “failure of switching device,” which was 0.15, 0.04, 0.11, and 0.10
higher than the four comparison models, respectively. The average accuracy of the
proposed model was 0.93, the highest among all models. These results confirmed
that the proposed model effectively predicted the causes of the five types of power
grid faults and exhibited strong overall reasoning performance.

5. Conclusion

In recent years, the scale of power grids expanded continuously, and the
volume of system data increased exponentially. Traditional fault reasoning methods
could no longer meet the demands of analyzing such massive data, which made it
urgent to adopt a more efficient and accurate fault reasoning model. Based on this,
the study first constructed a power grid fault KG. Then, it integrated the graph
reasoning networks GCN and GAT to form the KG-based GGAT fault decision
reasoning model. To effectively fuse real-time data streams with historical fault data,
the study introduced SW to improve the DTW algorithm, thereby developing the
SW-DTW-GGAT fault diagnosis model. According to the results of comparative
experiments, the proposed algorithm achieved the lowest loss function value and
the highest classification accuracy when the number of training iterations reached
250. At that point, the recall rate and F1-score of the algorithm were 0.99 and 0.90,
respectively, both significantly higher than those of the comparison algorithms. The
average classification accuracy of the SW-DTW-GGAT model for five fault entities
reached 0.91, and the average reasoning accuracy for five fault causes reached 0.93,
both notably higher than the comparison models. These experimental results
demonstrated that the proposed SW-DTW-GGAT fault reasoning model could
accurately identify fault entities and infer fault causes in power grids, showing
strong reliability and practical value. Although the model proposed in this study
achieved good reasoning performance, the current dataset mainly covered high-
frequency fault types, and the identification and reasoning of complex faults have
not been deeply explored. Future research needs to consider the complexity and
diversity of fault scenarios and optimize the model design to enhance its
generalization ability across a wider range.
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