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Abstract: The stable operation of distribution networks is crucial for economic
stability and daily life, yet frequent faults arise due to long transmission lines
and wide coverage. Conventional fault diagnosis based solely on voltage and
current data is limited by load fluctuations and external interference. To address
this, this paper introduces time-frequency entropy (TFE) features into an
autoencoder model to characterise signal dynamics and energy distribution for
improved fault identification. Furthermore, an active transfer learning strategy
combined with a self-attention-based autoencoder is developed to enhance
cross-domain adaptability between source and target networks. Experiments on
the IEEE 33-node distribution network show that the proposed method achieves
99.49% accuracy while significantly reducing training time, demonstrating its
effectiveness and practical value for cross-scenario fault diagnosis in
distribution networks.

Keywords: distribution network; fault identification; active transfer learning;
autoencoder; TTE; time-frequency entropy; transformer; cross-domain fault
diagnosis.
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1 Introduction

The stable and reliable operation of distribution networks is closely connected to
economic stability and daily life. Because of long transmission lines and wide coverage,
faults in distribution lines happen often (Stefanidou-Voziki et al., 2022). As new power
systems keep developing, fault recorders are now widely used to monitor and log the
status of distribution networks, helping identify faults. Common distribution network
faults include single-phase-to-ground faults, phase-to-ground short circuits, and phase-to-
phase short circuits. The voltage and current waveforms change for different fault types;
therefore, accurately identifying fault types based on waveform details recorded by fault
recorders is key to lowering fault impacts (Khavari et al., 2020).

The core of fault type identification involves extracting fault features. How to
effectively capture the key information in voltage and current waveforms has become a
research focus, attracting widespread attention from researchers. Traditional fault
identification methods determine fault types by manually analysing waveform
characteristics of different faults based on expert experience (Dai et al., 2024). However,
manual identification makes it challenging to ensure real-time performance and
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objectivity. With the emergence of machine learning technology, extensive research has
been conducted on extracting critical fault feature information.

In this study, we propose a distribution network fault identification method that
combines active transfer learning with a self-attention-based autoencoder. Recognising
that traditional approaches relying solely on voltage and current signals are susceptible to
disturbances from load fluctuations and external interference, we incorporate time-
frequency entropy (TTE) to better capture signal dynamics and complexity. To address
domain discrepancies between labelled source data and unlabelled target data, we employ
a maximum mean discrepancy (MMD)-based loss function, enabling efficient knowledge
transfer without the need for extensive labelled datasets.

The key contributions of this study are summarised as follows:

1 An autoencoder model integrating TTE features and self-attention mechanism is
developed to enhance the extraction of complex fault characteristics from
distribution network signals.

2 An active transfer learning framework incorporating a MMD-based adaptation layer
is proposed, enabling effective cross-domain knowledge transfer and significantly
reducing the demand for labelled data in target domains.

3 Extensive experiments on the IEEE 33-node system demonstrate that the proposed
method achieves superior fault identification accuracy and computational efficiency
across multiple fault scenarios, validating its practicality and generalisation ability in
distribution network fault diagnosis.

The remainder of this paper is organised as follows. Section 2 reviews related work on
fault diagnosis methods. Section 3 introduces the Autoencoder Model with TTE.
Section 4 presents the Distribution Network Fault Identification Based on Active
Transfer Learning. Section 5 provides simulation setup and method validation. Finally,
Section 6 concludes the study.

2 Related work

Traditional fault identification methods determine fault types by analysing waveform
features based on signal processing techniques. Methods such as the Fourier transform,
wavelet transform, and S-transform have been widely applied. Guo et al. (2020)
converted fault recording data into matrix modulus through the S-transform to extract
features. Khavari et al. (2020) applied wavelet transform combined with overcurrent
relays to detect fault characteristics. Hassan et al. (2024) and Cano et al. (2024) further
improved the extraction process by integrating wavelet decomposition and neural
networks. Touati et al. (2023) introduced a hybrid Fast Fourier Transform and Fuzzy
Logic approach to improve reliability in distinguishing faults from disturbances. Guillen
et al. (2021) utilised Taylor-Fourier transform-based filtering for fault diagnosis.
However, these methods often rely heavily on prior knowledge and are susceptible to
human subjectivity, limiting their generalisation in complex scenarios.

With the development of machine learning, neural networks have become widely
applied to fault identification. Saad et al. (2022), Alhanaf et al. (2023), and Mo et al.
(2023) applied convolutional neural networks (CNNs) for automatic feature extraction.
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Zou et al. (2022) proposed a dual-branch CNN framework. Liu et al. (2022) utilised
dual-channel CNN models on realistic waveform measurements. Dai et al. (2021),
Veerasamy et al. (2021), and Moradzadeh et al. (2021) employed recurrent neural
networks (RNN) and long short-term memory (LSTM) networks to extract sequential
temporal dependencies. While deep learning reduces manual feature engineering, CNNs
often struggle with capturing long-term dependencies, and RNN-based models may
encounter vanishing gradient problems in long sequences.

To better handle sequential dependencies, transformer-based models incorporating
self-attention mechanisms have recently emerged. Huang et al. (2023a) developed
transformer-based approaches for fault classification and energy forecasting. Although
transformer models demonstrate superior performance in capturing temporal correlations,
they require large labelled datasets for effective training, which are often difficult to
obtain in practical power systems.

Transfer learning has become a promising solution to overcome limited labelled data.
Li et al. (2023) developed transfer learning models for load forecasting; Zhong et al.
(2024) applied transformer-based transfer learning for fault detection; Zhang et al. (2023)
proposed unsupervised transfer learning integrating dynamic graph attention networks;
Yu et al. (2023) employed transfer learning in resonant grounding networks. However,
many transfer learning approaches still face challenges in domain discrepancy adaptation,
leading to potential negative transfer effects.

3 Autoencoder model with time-frequency entropy

3.1 Time-frequency entropy

During the operation of the distribution network, although the fault recorder can collect
voltage and current time-series data in real-time, the voltage and current signals are easily
affected by load fluctuations, external interference, and other factors. Relying only on
voltage and current signals for fault identification still has certain limitations, as these
signals are susceptible to disturbances. For this reason, when constructing the
autoencoder model, this paper additionally introduces TFE features in the input layer
(Sucic et al., 2014). TFE can effectively reflect the complexity and dynamic changes of
the signal, quantify the energy distribution across different frequency bands, and provide
a favourable basis for fault identification. The calculation method of TFE is shown as
follows:

1 Time—frequency domain signal decomposition

In this paper, the signal is processed using the short-time Fourier transform (STFT),
which decomposes it into both time and frequency domains. This conversion results in a
time—frequency distribution matrix, where each element represents the amplitude or
energy at a specific frequency for a given time.

X(t,f)= je*fz”f X)W —t)dr )

w(n):%[l—cos[;;ml)j, n=0,1. N-I @)
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where X(¢, f) represents the signal components at time ¢ and frequency f .The original
recorded waveform signal is denoted as x(7).The window function w(z—¢) controls
time-frequency resolution and minimises spectral leakage. The window length N
determines the balance between time and frequency resolution. The short-time shifting
step n defines the overlap between adjacent windows.

2 Calculation of power distribution

Based on the time-frequency distribution matrix X (¢, /) obtained from STFT, the energy
density distribution within the signal is further calculated, quantifying the signal’s energy
distribution of the signal across different times and frequencies.

X NI

P, f) = .
CD=S 5]
tf

(€))

where P(t, /) represents the probability distribution on the time-frequency plane.

3 Calculation of TFE

TFE is used to quantify the complexity of energy distribution in the time-frequency
domain. TFE quantifies the complexity and randomness of how energy is distributed
across the time—frequency plane. A more uniform distribution results in higher entropy,
while a more concentrated distribution indicates lower entropy. It is computed as follows:

H == P(t,[)log P(t,f) )
Lf
where H represents the TFE value.

3.2  Autoencoder model structure

The model based on the Transformer demonstrates significant advantages in time-series
processing (Huang et al., 2023b). The traditional self-attention mechanism aggregates
information point by point, making it difficult to capture reliable temporal dependencies
in complex fault signals. To address this challenge, this study constructs an autoencoder
model that integrates the self-attention mechanism into the Transformer encoder,
achieving more effective information aggregation. Specifically, the self-correlation
mechanism discovers periodic dependencies by computing the autocorrelation of the
sequence and merges similar subsequences through time-delay aggregation to enhance
information utilisation. The architecture of the model constructed in this study is
illustrated in Figure 1. X®” is the input sequence. R is the input sequence feature
number. 7 is the number of time steps. W,. W,. W, are learnable parameter
matrices.
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Figure 1 Diagram of autoencoder model (see online version for colours)
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The self-correlation mechanism discovers periodic dependencies by computing the
autocorrelation of the sequence and merges similar subsequences through time-delay
aggregation to enhance information utilisation. The calculation method of the
autocorrelation coefficient is shown in equation (5).

L

R (v)= lilextxt_,

Tk 5)

where x, represents a feature sequence. R_(7) denotes the similarity between x, and its

7 delayed counterpart x, . L represents the duration of the time-series sequence. The

autocorrelation coefficient R_(r) is used as an unnormalised confidence measure for
estimating the period length.

For time-series data, after projection, the query vector Q , key vector K , and value

vector V are obtained. The calculation formulas for the self-correlation mechanism are
shown in equations (6)—(9).

T, Ty Ty = argTopk(RQ’K (z-)) ©)

R, ¢ (z’l),IQQWK (z’z),...,IQQwK (7,) :SoftMax(RQ)K (7,): Ry i (73)5s Ry 1 (7, )) (7)

SAuto —Corr (Q,K,V) = iROH(V’Ti)RQ‘K (Z".) (8)

i=1

k=|clogL| )

where arg Topk( ) represents the £ most probable values of 7, denoted as 7,,7,,...,7,.
LJ is a rounding function, ¢ being a hyperparameter. R, . (T,.) denotes the self-
correlation relationship between Q and K at different time lags 7, . IQQ’K (7,) represents
the self-correlation relationship after SoftMax normalisation of different R, . (7).

S Q,K,V) represents the computed self-correlation value, which measures the

Auto —Corr (
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relationship between Q, K and V., Roll(V,7,) denotes the lag operation onV

by 7, ,where the element removed from the first position is reintroduced at the last

position.

The extracted fault features obtained from the autoencoder model introduced in this
section serve as inputs for the active transfer learning approach detailed in Section 3,
thereby facilitating efficient knowledge transfer across different operational scenarios.

4 Distribution network fault identification based on active transfer
learning

4.1 Overview of cross-domain fault diagnosis

The challenge of cross-domain fault diagnosis lies in training model parameters using
annotated samples from the source domain (SD), while data in the target domain (TD)
remains unlabelled, achieved by extracting common features across domains. The SD
data and TD data can be operational data from different nodes within the same
distribution network, where fault characteristics exhibit both commonality and
uniqueness. By learning the shared features between SD and TD, fault types can be
accurately identified in the target domain, achieving the goal of unsupervised fault
diagnosis for TD data, as shown in Figure 2.

Figure 2 Cross-domain fault diagnosis principle (see online version for colours)
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4.2  Maximum mean discrepancy (MMD)

To measure the difference between SD and TD, this paper employs MMD to quantify the
distance between them. MMD is a non-parametric measure that maps data into a
reproducing kernel Hilbert space to evaluate the discrepancy between datasets. The
calculation method is shown in equation (10).

B PN Y
N N !

s i=l Jj=1

MMD;, (D§,D; ) =

~——

! (10)
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where D} represents the kth SD, D, represents the /th TD, x,Dg denotes the i th
sample in the kth SD, xfﬁ denotes the jth sample in the /th TD, N} is the total
number of samples in the kth SD, N, is the total number of samples in the /th TD,
¢( ) is the mapping function that projects data into the Hilbert space. / represents the

reproducing kernel Hilbert space,

|| . denotes the norm in the reproducing kernel Hilbert

space.

4.3 Transfer model structure

In the distribution network, different nodes operate under different conditions, resulting
in fault characteristics with varying distributions, while the TD data samples remain
unlabelled. To achieve this, this paper designs an appropriate network structure and loss
function to enable the effective transfer of knowledge between the SD and TD. The fault
diagnosis model constructed in this study is shown in Figure 3, where the shared common
features across the SD and TD are mainly extracted by the autoencoder, while the
domain-specific feature differences are primarily reflected in the transfer adaptation

layer. Here, SA(S represents the predicted labels for the SD, Yt represents the predicted
labels for the TD, Y, denotes the true labels for the SD.

Figure 3  Active transfer learning-based fault identification model for distribution networks
(see online version for colours)
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At the data preprocessing level, the voltage and current data collected by the fault
recorder are normalised, and the TFE is calculated to construct the input set. Then, an
autoencoder architecture is employed to derive fault representations for different fault
types. Unlike the previous approach, a pair of dense layers is appended following the
autoencoder as a transfer adaptation layer. The activation function outputs the predicted
fault category labels, and cross-domain loss, along with cross-entropy loss, is calculated
using the true labels Y, to facilitate transfer feature learning. This approach eliminates

the need for retraining the model and improves computational efficiency.
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4.4 Design of loss _functions

To address the discrepancy in data distributions across the SD and TD in cross-domain
fault diagnosis, the model in this paper employs two key loss functions for optimisation:
multi-class cross-entropy loss and MMD loss.

Minimising the cross-entropy loss over the SD dataset guarantees the fault
classification accuracy of the fault diagnosis model on the SD data. The cross-entropy
calculation method is shown in equation (11).

1
Jo= __zzubg lngg

a p=] g=1 (an

where a represents the total number of samples, d represents the total number of
classification categories, u,, denotes the encoding of theb th category in the g th
sample, P,, represents the predicted probability of the b th category in the g th sample.

The MMD loss function is used to quantify and minimise the domain shift between
the SD and the TD, thereby enhancing the model’s adaptability to new domains. The
overall objective function of the model is given in equation (12).

J=J +el, )

where e represents the balancing hyperparameter, J,, denotes the MMD loss function.

To address the critical issue of determining when to stop the training process during
cross-domain adaptation, we adopt a monitoring strategy based on the stability of the
combined loss function. Specifically, the training process is terminated when the total
loss (a weighted sum of the cross-entropy loss and MMD loss) shows no significant
improvement over a preset number of consecutive validation epochs (set as 10 in our
experiments). This early stopping strategy helps to prevent overfitting to noisy pseudo-
labels in the target domain and avoids potential negative transfer effects. Furthermore, we
observe that as domain alignment progresses, the MMD loss gradually stabilises,
providing an additional indicator of sufficient domain adaptation. This approach ensures
that the model achieves a good trade-off between adequate feature alignment and
generalisation performance across domains.

5 Simulation and method validation

5.1 Experimental setup and dataset

To evaluate the performance and reliability of the proposed method, this paper selects an
IEEE 33-bus benchmark system from several standard feeder networks published by the
IEEE Power and Energy Society (Baran and Wu, 1989) and employs PSCAD/EMTDC
for simulation, enabling comparative analysis with existing research. Figure 4 illustrates
the structural layout of the distribution network. In this network, four fault points are set,
with only one type of fault occurring at each fault point per simulation. Each fault
simulation varies fault conditions, such as type, location, grounding resistance, and initial
phase angle of the fault. The specific fault simulation parameters are listed in Table 1.
For each fault simulation, 0.1 s of fault signals are collected with a sampling step of
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100 ps. Fault simulations are conducted under 10 different operating conditions, and each
node obtains a dataset of 4900 three-phase voltage and current fault samples. To emulate
the practical conditions where voltage and current measurements are often affected by
sensor noise and external interferences, additive Gaussian noise was injected into the
simulated voltage and current waveforms. The noise level was set to achieve a signal-to-
noise ratio (SNR) of 30 dB, simulating typical measurement disturbances in real-world
distribution networks. The resulting noise-augmented dataset was then used for model
training and evaluation to verify the robustness of the proposed method under noisy
conditions.

Figure 4 IEEE 33-node system diagram (see online version for colours)
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Table 1 Different fault parameter table
Fault nodes 1,2,3,4
Fault resistance/Q 1,10,20,50,100,200,500
Fault initial phase angle/° 0,10,20,50,100,200,300
Fault types AG, BG, CG, ABG, ACG, BCG, AB, AC, BC, ABCG

The training data uses a batch size of 64, the sampling rate is configured at 16 kHz, and
the Adam optimisation algorithm is employed over 300 epochs to iteratively refine the
model parameters. The learning rate and other hyperparameters are set using a step-down
approach, with an initial learning rate of 0.001. Since the features extracted by the
transfer learning model are unstable during the initial training phase, the entire model is
pretrained on the SD data for 50 epochs prior to initiating the transfer learning process.
This enables the cross-domain model to acquire a certain diagnostic capability for
distribution network fault characteristics, thereby improving prediction accuracy.

5.2 Fault identification results

The confusion matrix is effective for evaluating the performance of a classification
model, making it convenient to compare predicted labels with the actual outcomes. The
basic metrics of the confusion matrix are presented in Table 2. This paper uses the
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confusion matrix to present the distribution network fault identification results. The rows
represent the actual types of faults occurring in the distribution network, while the
columns indicate the fault classification results predicted by the proposed model.

Table 2 Basic metrics table of the confusion matrix

Positive Negative
Actual positive TP FN
Actual negative FP N

The metrics derived from the confusion matrix include accuracy, precision, recall,
and F1 score. Based on these derived metrics, the fault identification results can be
further evaluated. The calculation methods for these derived metrics are given in
equations (13)—(16).

Accuracy = TP+ TN (13)
TP+TN+ FP+ FN
Precision :L (14)
TP+ FP
Recall =L (15)
TP+ FN
TN
Specificity = —— 16
P Y TN + FP (16)

When the learning rate is set to 0.01, the batch size is 128, and the dropout rate is 0.2, the
evaluation metrics for Fault Point 1 are shown in Table 3. The model is capable of
identifying most types of distribution network faults. The evaluation accuracy reached
99.49%, as shown in Figure 5. The model is generally accurate in identifying fault types;
however, there is some deviation in determining the fault phase.

To further verify the advantages of the autoencoder-based identification model used
in this paper for distribution network fault identification, the constructed dataset is
compared with other related research methods, including support vector machine (SVM)
(Manohar and Koley, 2017), Decision Tree (DT) (Mishra et al., 2015), and CNN
(Ash et al., 2019). The comparison results are presented in Table 4. The table shows that
SVM has a shorter training time but the longest testing time, making it difficult to use for
real-time computation and rapid fault diagnosis. DT has both shorter training and testing
times, but its identification accuracy is relatively low. The CNN algorithm requires a
longer time to train the network, but both its accuracy and testing time are satisfactory.
The approach introduced in this paper can effectively capture the temporal characteristics
of the training set. Although it achieves the highest accuracy, its training time is
significantly longer compared to other methods. It is worth mentioning that, compared to
the simulation without the TFE indicator, the method used in this paper reduced model
training time by 23% while also improving accuracy, further demonstrating the
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effectiveness and reliability of the proposed model. The above experiments fully illustrate
that the approach introduced in this paper demonstrates superior fault identification
performance for distribution networks.

Table 3 Evaluation metrics table for fault point 1

Fault type Precision Recall Specificity
AG 0.992 0.994 0.999
BG 0.994 0.990 0.999
CG 0.996 0.998 1.000
ABG 0.998 0.998 1.000
ACG 0.998 0.998 1.000
BCG 0.996 0.998 1.000
ABCG 1.000 1.000 1.000
AB 0.994 0.994 0.999
AC 0.994 0.990 0.999
BC 0.996 0.992 0.999

Figure 5 Fault identification confusion matrix (see online version for colours)
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To further evaluate the training behaviour of the proposed model, we analysed the
relationship between the number of training epochs and performance metrics such as
accuracy and loss. Figure 6 shows the training curve for the IEEE 33-node dataset. As
illustrated, the model exhibits rapid improvement in both accuracy and loss during the
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initial 50 epochs. Following this phase, the model continues to optimise, with
performance gradually stabilising after approximately 150 epochs. Minor fluctuations are
observed throughout the training process due to stochastic mini-batch gradient updates,
which are typical in deep learning optimisation. The stable convergence of both metrics
confirms that the model effectively captures critical fault features while maintaining
robustness during training. This also supports the choice of 300 training epochs for the
final model configuration.

Figure 6 Training curve with realistic fluctuations (see online version for colours)
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Table 4 Comparison table of different studies for fault point 1

Fault type Accuracy (%) Training time (s)  Testing time (S)
SVM 96.62 121.67 5.32
DT 97.23 12.42 0.67
CNN 98.82 872.28 0.21
Proposed method (without TFE) 99.22 1321.53 0.12
Proposed method 99.49 1013.17 0.11

5.3 Cross-domain task identification comparison

Although the autoencoder used in this paper achieves high accuracy in fault
classification, the model’s training time is too long. Relying solely on the autoencoder
model for distribution network fault classification requires retraining whenever the fault
node or operating conditions change, which is highly time-consuming and inefficient.
Further integrating the proposed active transfer model, the fault identification accuracy
for Fault Points 2, 3, and 4 is calculated. The fault diagnosis accuracy and computation
time under different learning rates are shown in Table 5. From the table, it can be
observed that transferring the learning model from Fault Point 1 to other nodes allows for
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rapid training while maintaining a high fault identification rate. Additionally, the table
shows that by properly setting parameters, the interference caused by incorrect pseudo-
labels in the TD during early training can be mitigated, thereby improving the accuracy
of all transfer tasks.

Table 5 Transfer learning results table under different learning rates

Learning rate

0.001 0.0001 0.00001
Fault Point 2 Accuracy (%) 99.86 99.83 99.78
Training time (s) 9.23 15.32 11.25
Testing time(s) 0.11 0.18 0.13
Fault Point 3 Accuracy (%) 99.62 99.45 99.49
Training time (s) 9.76 16.43 12.15
Testing time(s) 0.08 0.13 0.10
Fault Point 4 Accuracy (%) 99.53 99.43 99.68
Training time (s) 11.23 19.11 14.79
Testing time(s) 0.13 0.19 0.15
Average accuracy (%) 99.70 99.57 99.64

To demonstrate the superiority of the proposed method, three advanced active transfer
learning methods were also introduced for comparison: BADGE (Su, 2020), AADA
(Huang et al., 2018), and TQS. Table 6 presents the classification accuracy and duration
of each method. The proposed method outperforms the compared methods in
classification accuracy, and actively learning labelled TD data further enhances
classification performance. In terms of time consumption, the proposed method is similar
to AADA and outperforms BADGE, which requires computations in the gradient space,
as well as TQS, which involves training multiple classifiers. This demonstrates that the
proposed method not only achieves better classification accuracy but also has an
advantage in training efficiency.

Table 6 Transfer learning results table for fault points 2, 3, and 4

Fault Point 2 Fault Point 3 Fault Point 4 Average

Accuracy Accuracy Accuracy Accuracy Average
Methods (%) Time(s) (%)  Time(s) (%)  Time(s) (%)  Time(s)

BADGE  99.39 16.21 99.28 17.91 99.12 19.06 99.70 17.06
AADA 99.42 15.38 99.32 17.00 99.21 18.19 99.57 16.19
TQS 99.53 31.68 99.37 35.02 99.35 35.35 99.64 33.35

Proposed  99.86 9.23 99.62 9.76 99.53 11.23 99.70 10.07
method

This study evaluated the proposed model based on the IEEE 33-node system and a
synthetic dataset, demonstrating its effectiveness in fault diagnosis and classification.
Further validation is needed to assess its applicability in real-world distribution networks,
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as the complexity of the grid structure and the presence of actual noise may significantly
impact the model’s performance. Future work should focus on applying this model to real
distribution systems with actual noisy datasets to further validate its robustness and
generalisation ability.

An important aspect to be explored is the relationship between the number of
autoencoder layers and fault identification accuracy. Although the current model
demonstrates strong feature extraction capabilities, optimising the depth of the
autoencoder can enhance its ability to capture complex fault patterns, especially in highly
dynamic environments. Studying this relationship can provide valuable insights for
further improving the model’s performance.

By extending the application scope to real-world scenarios and optimising the model
architecture, future research will help make the proposed method more practical and
reliable for large-scale deployment in modern distribution networks.

6 Conclusions

In this study, we propose a novel approach for fault diagnosis in distribution networks
based on active transfer learning combined with a self-attention-based autoencoder.
Specifically, TFE features are integrated into the input layer of the autoencoder to capture
complex dynamic behaviours of voltage and current signals effectively, significantly
enhancing the extraction of discriminative fault characteristics. An active transfer
learning framework incorporating a MMD-based adaptation layer is constructed,
effectively addressing the problem of domain differences between labelled source data
and unlabelled target data.

Extensive simulation experiments conducted on the IEEE 33-node benchmark
distribution network demonstrate that the proposed method achieves a high fault
classification accuracy of 99.49%, significantly outperforming traditional methods such
as SVM, decision trees, and CNNs in terms of both accuracy and computational
efficiency. The analysis of training dynamics further confirms the robustness and stability
of our method, showing rapid convergence and stable performance despite the presence
of artificially introduced noise designed to emulate practical measurement disturbances.

Overall, the proposed active transfer learning method exhibits strong cross-domain
generalisation capabilities and robustness under noisy measurement conditions, making it
particularly suitable for real-world deployment in modern distribution networks with
increasing penetration of distributed energy resources. Future research directions include
further validation using actual noisy datasets from operational distribution grids, as well
as optimisation of the network architecture to enhance performance and practical
applicability.
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