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Abstract: Deep learning-based models have achieved considerable success in partial dis-
charge (PD) fault diagnosis for power systems, enhancing grid asset safety and improving
reliability. However, traditional approaches often rely on centralized training, which de-
mands significant resources and fails to account for the impact of noisy operating conditions
on Intelligent Electronic Devices (IEDs). In a gas-insulated switchgear (GIS), PD measure-
ment data collected in noisy environments exhibit diverse feature distributions and a wide
range of class representations, posing significant challenges for trained models under com-
plex conditions. To address these challenges, we propose a Self-Supervised Asynchronous
Federated Learning (SSAFL) approach for PD diagnosis in noisy IED environments. The
proposed technique integrates asynchronous federated learning with self-supervised learn-
ing, enabling IEDs to learn robust pattern representations while preserving local data
privacy and mitigating the effects of resource heterogeneity among IEDs. Experimental
results demonstrate that the proposed SSAFL framework achieves overall accuracies of 98%
and 95% on the training and testing datasets, respectively. Additionally, for the floating
class in IED 1, SSAFL improves the F1-score by 5% compared to Self-Supervised Federated
Learning (SSFL). These results indicate that the proposed SSAFL method offers greater
adaptability to real-world scenarios. In particular, it effectively addresses the scarcity of
labeled data, ensures data privacy, and efficiently utilizes heterogeneous local resources.

Keywords: asynchronous federated learning; self-supervised learning; gas-insulated
switchgear; partial discharge

1. Introduction
Gas-insulated switchgears (GISs) play a pivotal role in ensuring the reliability of

power grid infrastructures. They maintain stable power system operations and significantly
influence overall grid reliability [1]. However, a GIS operates under extreme conditions,
including high temperatures and pressures, which can lead to insulation degradation.
Additionally, manufacturing, transportation, and assembly processes introduce inherent
risks, potentially causing latent faults [2].

Various insulation defects in GISs include corona defects, particle defects, void defects,
and floating electrode defects. Over time, these defects progressively deteriorate the
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insulation system, potentially leading to breakdowns [3–6]. Among these, floating faults
are the most frequently observed and are often caused by poor contact, rusted components,
or loose bolts in the GIS [7]. Partial discharge (PD) typically results from insulation aging
due to voids, cracks, impurities, and deficiencies within insulation materials [8]. The
ultra-high-frequency (UHF) method is widely used for identifying PD sources and fault
types due to its strong anti-interference capabilities and high sensitivity [9,10].

Over the years, machine learning techniques have been applied to PD classification us-
ing UHF signal measurements in time-resolved PD (TRPD) and phase-resolved PD (PRPD)
analyses [11–15]. While effective, these approaches rely heavily on expert knowledge,
are susceptible to manual errors, exhibit limited feature transferability, and often require
lengthy training times [16]. To address these limitations, deep neural networks (DNNs)
have demonstrated strong performance in PD pattern recognition [17,18]. For instance,
recurrent neural networks (RNNs) with long short-term memory (LSTM) units have been
used to classify PDs in gas-insulated systems based on PRPDs [19], and convolutional
neural networks (CNNs) have been used to automatically extract discriminative features
from UHF signal patterns [20,21]. The combination of CNN and LSTM models have
also shown improved classification accuracy [22]. However, the large number of parame-
ters in DNN models can lead to overfitting [23], and they typically require fully labeled
datasets for supervised training. The scarcity of labeled PD data degrades classification
accuracy [24], and obtaining labeled samples through fault experiments is labor-intensive
and time-consuming.

In contrast to earlier centralized approaches [17–22], recent studies have begun to
address the challenges of limited labeled data and data privacy in PD diagnosis. To mitigate
the shortage of labeled samples, semi-supervised learning (SemiSL) and self-supervised
learning (SSL) techniques have been applied to PD classification. In SemiSL approaches,
to expand the training dataset, a model is initially trained on a labeled dataset and then
used to create pseudo-labels for unlabeled data [25–31]. On the other hand, SSL trains
an online network on unlabeled data while using a target network to provide stable
supervision, producing a pretrained model that can be fine-tuned with labeled data [32–34].
Both approaches reduce the need for extensive manual labeling by exploiting abundant
unlabeled data.

To address data privacy concerns, federated learning (FL) enables training models
on a distributed system utilizing multiple intelligent electronic devices (IEDs) that only
share model parameters for global aggregation [35–38]. However, conventional FL faces
challenges due to varying IED resources, as each training round must wait for the slowest
device, thereby significantly prolonging the process, as well as limiting the representation
learning of the global model. Asynchronous FL (AFL) overcomes this limitation by aggre-
gating model updates without delay, thereby ensuring the coverage of the global model by
using a first-in-first-out scheme to immediately incorporate updates from faster devices and
eliminate idle time [39–41]. This asynchronous strategy greatly enhances training efficiency
in heterogeneous environments while preserving data privacy.

Despite these advancements, most prior studies have addressed these issues in isola-
tion rather than providing a unified solution. Moreover, in distributed learning systems
such as FL, heterogeneity in IED resources makes it difficult to achieve an optimal global
model. To overcome these limitations, we propose an integrated approach that combines
SSL with AFL. This method enables robust representation learning from unlabeled data
while maintaining data privacy and the heterogeneous resources on local devices. The pro-
posed method allows efficient model training across IEDs with varying resource capacities
and concurrently addresses the key challenges of limited labeled data, privacy concerns,
and resource heterogeneity at the same time.
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In this study, we propose a Self-Supervised Asynchronous Federated Learning (SSAFL)
approach for PD diagnosis using phase-resolved PDs (PRPDs) in GIS systems. The pro-
posed scheme consists of two phases: global communication and local downstream tasks.
During the global communication phase, each IED trains its online network using unlabeled
data enhanced with data augmentation techniques and updates its target network. The
server then asynchronously aggregates the model parameters from different IEDs before
distributing the updated parameters back to them. In the downstream task phase, the
online model is integrated with a Multi-Layer Perceptron (MLP) to train on labeled data.
The process and its results are described as follows:

• SSAFL leverages data augmentation techniques to address the scarcity of labeled data
in GIS fault diagnosis while ensuring data privacy and efficiently utilizing heteroge-
neous IED resources.

• Experimental results demonstrate that SSAFL significantly outperforms supervised
learning methods and reduces training time by approximately 30% compared to Self-
Supervised Federated Learning (SSFL). This improvement is achieved by minimizing
the waiting time between IEDs, thereby accelerating the communication process.

The remainder of this paper is organized as follows: Section 2 describes the experi-
mental data for PRPD-based fault diagnosis in GIS. Section 3 formulates the PD diagnosis
problem and introduces SSAFL by integrating self-supervised learning with asynchronous
federated learning. Section 4 presents performance evaluations for the proposed models.
Finally, Section 5 concludes this study.

2. Experimental Analysis
In this section, we describe the experimental setup and analysis of PRPDs and on-site

noise using a UHF sensor in GISs.

2.1. Experiment Setup

Figure 1 illustrates the experimental setup for detecting PD signals in GISs. Figure 1a
presents a block diagram of the setup, which includes a high-voltage source, a voltage
divider, an artificial PD cell, an external UHF sensor, and a data acquisition system
(DAS) [19,42]. The DAS comprises a band-pass filter, a logarithmic amplifier, a peak
detector, an analog-to-digital converter (ADC), and a PC. As shown in Figure 1b, the high-
voltage test site features a high-voltage source operating at 60 Hz, while a voltage divider
scales the applied voltage accordingly.

In this study, PD signals were measured using a UHF sensor connected to a 45 dB
logarithmic amplifier, with a band-pass filter covering the operating bandwidth from
500 MHz to 1.5 GHz. Within the DAS, a peak detector processed the amplified UHF signal
and extracted the envelope of the PD pulses by capturing their peak values. The resulting
low-frequency envelope signal was then digitized by an ADC at a sampling rate of 1024 fm

samples per second, where fm = 60 Hz corresponds to the power system frequency. In the
subsequent digital processing stage, the maximum value was selected from each group of
eight consecutive samples; consequently, each power cycle yielded P = 128 samples, which
were used to construct the PRPD measurements. The measured PRPD signal for M = 3600
power cycles is defined as follows:

X =


x(1, 1) x(1, 2) ... x(1, P)

. . ... .

. . ... .

. . ... .
x(M, 1) x(M, 2) ... x(M, P)

, (1)
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where x(m, p) ∈ {0, 1, ..., 255} is the measured signal of the p-th data point and the m-th
power cycle.

(a)

(b)

Figure 1. Experimental system for PRPD analysis: (a) block diagram of experimental setup, (b) high-
voltage test site.

2.2. PRPD Analysis

Artificial PD cells were used to simulate four types of faults: corona discharges,
floating electrodes, void defects, and free particles. Each artificial PD cell was filled with
SF6 gas at 0.2 MPa. Corona discharge was simulated by attaching a sharp protrusion at
the center of an electrode under an applied test voltage of 11 kV using a needle with a tip
radius of µm. Floating discharge was induced by an unconnected electrode at a test voltage
of 10 kV, where the middle electrode was positioned 1 mm from the grounded electrode
and 10 mm from the high-voltage electrode. Void defects were simulated by introducing
a small gap between the upper electrode and an epoxy disc with an applied test voltage
of 8 kV. Particle discharge was induced by placing a 1 mm metallic sphere on a concave
ground electrode, with a test voltage of 10 kV applied.

Figure 2 shows the three-dimensional (3D) PRPD data for the four fault types.
Figure 2a shows the corona discharge pulses over two half-cycles. However, the signs
of the last half-cycle (rounded at 290◦) were clearer than those of the previous half-cycle
(nearly 90◦). As shown in Figure 2d, the signals measured by the sensor were similar to
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those of the corona fault. However, the signals of the voids in the two half-cycles were more
similar. The floating discharge, which can be observed in Figure 2b, was centralized with
high-amplitude pulses presented across phases, with the amplitude of the floating PDs
reaching 250, whereas the maximum measurable value for the DAS was 255. As shown
in Figure 2c, the signals of the particle fault are concentrated, and the amplitude range is
lower than that of the floating fault in Figure 2b.

Figure 2. Sequential phase-resolved PDs (PRPDs) for fault types in GIS: (a) corona, (b) floating,
(c) particle, and (d) void.

2.3. Online Noise Analysis

Figure 3 presents on-site noise measurements collected by four different IEDs, where
online UHF PD monitoring systems measured online noise in GISs in South Korea. Each
online noise source was found to have distribution patterns that depend on its location.
Table 1 provides a statistical analysis for online noises using the minimum of the maximum,
maximum of the maximum maximum, mean of the mean, and mean of the standard
deviations of amplitude. The minimum and maximum values of the peak amplitudes
define the overall signal range, while the mean values and standard deviations capture the
central tendency and dispersion of the noise levels, respectively.
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Figure 3. Noise measurements: (a) IED 1, (b) IED 2, (c) IED 3, and (d) IED 4.

Table 1. Statistical analysis of noise levels.

Noise 1 Noise 2 Noise 3 Noise 4

Min of Max 33 30 28 48
Max of Max 61 90 56 89
Mean of Mean 0.104 0.829 0.206 0.282
Mean of Standard Deviations 0.965 1.956 1.281 1.474

For a detailed online noise and PD analysis, Figure 4 illustrates the overlapping
distribution among different types of PD signals and noise based on their statistical
features: mean(PDs) on the x axis and max(PDs) on the y axis. These are defined
as mean(PDs) = mean(X) = 1

MP ∑ M
m=1 ∑P

p=1 x(m, p) and max(PDs) = max(X) =

max{x(1, 1), x(1, 2), ..., x(M, P)}. Floating discharges showed consistently high max values
regardless of mean. Void discharges varied widely in max values but produced mean
values in the range [0, 2.5). Noise signals were generally found where max(PDs) < 100 and
mean(PDs) < 1.25. Specifically, noise types 1, 2, and 3 appeared around mean PD values
of approximately 0.1, 1.0, and 0.2, respectively, while noise type 4 exhibited a scattered
distribution with mean values ranging between 0 and 1.
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Figure 4. Distribution of PD types and noises based on mean (PDs) and max (PDs).

3. Proposed Scheme
3.1. Problem Description

Fault diagnosis approaches based on centralized deep learning require large labeled
datasets to learn effective feature representations [23]. However, the lack of sufficient
labeled data can significantly degrade the accuracy of deep-learning-based fault classifica-
tion in GISs. Additionally, obtaining labels for unlabeled data is resource-intensive, often
requiring substantial time and labor. Moreover, centralized learning raises concerns about
data privacy and security risks.

Synchronous Federated Learning (SFL) has been introduced to address these chal-
lenges by keeping data localized. However, it incurs high costs due to strict synchronization
requirements [40]. Specifically, the server must wait for all IEDs to complete their local
training before aggregating their models, leading to inefficiencies. Network unreliability
and heterogeneous IED resources further exacerbate slowdowns in SFL.

In this study, we propose a novel approach that simultaneously addresses the scarcity
of labeled data, data privacy and security concerns, and the heterogeneity of local resources.
This is achieved by integrating self-supervised learning—where an online network and a
target network learn from unlabeled data—with asynchronous federated learning [39].

3.2. Proposed of Self-Supervised Asynchronous Federated Learning

Figure 5 shows a flow diagram of the SSAFL. We assume a set of K IEDs (denoted as
C1, C2, ..., CK), each holding fault data that include labeled and unlabeled samples. Each
IED k has a local dataset of Nk samples comprising unlabeled and labeled examples. We
denote the unlabeled samples as Xk

j and the labeled samples as (Xk
i , yk

i ), where Xk
j is the

j-th unlabeled sample at IED k, and (Xk
i , yk

i ) is the i-th labeled sample with its label.
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Figure 5. Global communication process between IEDs and server. At the time t0, server sends
Wg

on,t to all IEDs. After that, IEDs optimize Wk
tn,t+1 using Xk

j . At the time t1, IED 1 sends Wk
on,t+1 to

server. Then, server aggregates Wk
on,+1 with Wg

on,t. During that process, at the time t2, other IEDs
k send Wk

on,t+1 to server as well. At time t3, server has completed aggregating Wk
on,t+1 and then

sends it to IED 1. After that, at the time t4, server sends the aggregated to IED k after finished the
aggregating process.

For clarity, we use the following notations throughout the SSAFL procedure: on (online
network), tn (target network), g (global), and ∗ (optimized weights or models). Using these
notations, the key steps of the proposed SSAFL process are as follows:

• Step 1—Initialization: The server initializes the global online model f g
on,t with param-

eters Wg
on,t at time t. The model architecture is based on MobileNet-V3 [43], where the

pretrained weights are frozen, and the remaining parts are randomly initialized. The
server then sends these global model weights to all IEDs.

• Step 2—Local Pretraining: Upon receiving Wg
on,t, each IED initializes its local online

network and its local target network with parameters Wk
on,t and Wk

tn,t, respectively,
based on Wg

on,t. The IED then optimizes its local online model f k
on,t and its local target

model f k
tn,t using its unlabeled data Xk

j . To facilitate this, each unlabeled sample Xk
j is

transformed via a set of augmentation functions T(.) (described in Section III.C.) into
a pair of augmented inputs t′i, t′′i . The online network f k

on,t and the target network f k
tn,t

process this augmented pair to generate outputs z′on, z′′on (from the online network) and
z′tn, z′′tn (from the target network). The online network is then updated by minimizing
the loss Lon based on these outputs. Meanwhile, the target network parameters
Wk

tn,t are updated using an exponential moving average (EMA) with a decay rate τ,
producing Wk

tn,t+1. At the end of local pretraining, the IED sends Wk
on,t+1 to the server,

completing the communication round.
• Step 3—Global Communication: After the server receives an updated model Wk

on,t+1
from an IED, it integrates this update with the current global model using an aggrega-
tion function A(.), producing a new global model Wg

on,t+1. The server immediately
sends Wk

on,t+1 back to the IED. This asynchronous update process continues for each
IED until the global communication phase concludes. Once global aggregation is
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complete, the server instructs all IEDs to transition to the downstream task phase by
broadcasting the final global model W∗on.

• Step 4—Local Downstream Tasks: Upon receiving W∗on, each IED begins the down-
stream training phase. The IED combines its received online model f k

on with a newly
initialized MLP (denoted as fm) to create the downstream model f k

d . This model f k
d is

then trained on the IED’s labeled dataset (Xk
i , yk

i ) to produce optimized downstream
parameters Wk∗

d .

The proposed architecture offers a novel approach to fault diagnosis. It harnesses the
capability of self-supervised learning to utilize unlabeled samples while simultaneously
leveraging federated learning to safeguard data privacy in a distributed training environ-
ment. This combination is well suited to distributed fault diagnosis systems. Algorithm 1
presents the overall structure of the proposed method.

Algorithm 1 Self-Supervised Asynchronous Federated Learning (SSAFL) Algorithm

Input: List of IEDs, Xk
j , (Xk

i , yk
i ), Number of communication rounds T, Local Training

epochs and pre-train task Et, Local training epochs at downstream task Ed, Batch-size B,
Downstream task learning rate η, target decay rate τ, mixing hyper-parameter α.
Server Aggregate

1: Initialized Wg
on,t

2: for t = 1 to T do
3: for Ck in K do
4: Wk∗

on,t+1 ←− Pre-training(Xk
j , Wg

on,t, Wk
tn,t)

5: Wg
on,t+1 ←− A(α, Wg

on,t, Wk
on,t+1)

6: end for
7: end for

Output: Global model Wg∗
o

Local Pre-training
1: Initialize: f k

on,t, f k
tn,t ←−Wg

on,t
2: for epoch in Ep do
3: for batch in B do
4: t′i, t′′i ←− T(Xk

j )

5: z′on, z′′on ←− f k
on,t(t

′
i, t′′i )

6: z′tn, z′′tn ←− f k
tn,t(t

′
i, t′′i )

7: Wk
on,t+1 ←− Lon(z′on, z′′on, z′tn, z′′tn)

8: Wk
tn,t+1 ←− EMA(τ, Wk

tn,t, Wk
on,t+1)

9: end for
10: end for
11: return: Wk

on,t+1
Local Downstream Tasks

1: Initialize: fd ←− add( fo, fm), fo ←−Wg∗
on

2: for epoch in Ed do
3: for batch in B do
4: zi ←− fd(Xk

i )

5: Wk∗
d ←− Ldt(zi, yk

i )
6: end for
7: end for
8: return Wk∗

d

3.3. Global Communication

Before initiating the global communication phase, the server and IEDs adopt the
MobileNet-V3 architecture and freeze all pretrained model parameters. The server then



Energies 2025, 18, 3078 10 of 17

initializes the global model Wg
on,t and distributes it to all IEDs. It then waits to receive an

updated model Wk
on,t+1 from any IED to begin asynchronous aggregation.

On the IED side, each IED applies data augmentation to its unlabeled data to improve
representation learning. We employed five augmentation techniques [44,45], which are
described as follows:

• Gaussian noise adding: Introduce Gaussian noise with µ = 0 and σ2 = 10−5 to the
original signal.

• Gaussian noise scaling: Similar to above but with µ = 1 (with the same σ2 = 10−5) to
scale the original signal.

• Random cropping: Zero out a random segment of the signal (segment length is 20%
of the original data length).

• Phase shifting: Phase shifting augmentation is implemented by adding a random
phase offset to the PD signals, which introduces a phase synchronization error into the
augmented data [45]. This process simulates a phase synchronization error between
the electrical equipment and the fault diagnosis system.

• Amplitude scaling: Multiply the signal by a random factor in the range of [0.8, 1.2],
capping the maximum amplitude at 255 after scaling.

Using these augmented inputs, each IED trains its local network, as described in Step 2.
The online network is optimized by minimizing the loss Lon, defined as the mean squared
error between the online and target network outputs, as follows:

Lon = ||zon − ztn||22, (2)

where zon and ztn are the outputs of the online and target networks, respectively, for the
augmented pair (t′, t′′). After updating the online network, the target network parameters
are updated via the EMA of the online weights as

EMA(τ, Wk
tn,t, Wk

on,t+1) = τWk
tn,t + (1− τ)Wk

on,t+1, (3)

where τ ∈ [0, 1] denotes the target decay rate. Once the local training is completed, the IED
sends Wk

on,t+1 to the server. The server incorporates this update into the global model using
an aggregation function as

Wg
on,t+1 = A(α, Wg

on,t, Wk
on,t+1)

= αWg
on,t + (1− α)Wk

on,t+1,
(4)

where α ∈ [0, 1] denotes the contribution of the IED update. By applying a mixing parameter
α, the server asynchronously aggregates model updates from the IEDs using a first-in, first-
out (FIFO) queue mechanism. This asynchronous aggregation allows the global model to
update as soon as each IED sends its result without waiting for all IEDs in every round.
Additionally, each IED employs its own hyperparameter settings to maximize local resource
utilization. For example, during a global communication round involving two devices
(IED 1 and IED 2), the server may receive model parameters from IED 2 while it is still
aggregating those from IED 1. Instead of instantly responding to IED 2 with an updated
model, the server first completes the aggregation of IED 1’s contribution, then processes
that of IED 2, and only then sends the updated global model to IED 2. Importantly, the
server’s aggregation time is minimal and negligible compared to the training time required
by each IED. Therefore, in terms of device waiting times, the overall process effectively
functions in an asynchronous manner.

Although IEDs updates are processed asynchronously as they arrive, the global com-
munication concludes only after a predefined number of communication rounds (e.g.,
T = 100). At that point, the server signals all IEDs to begin the next phase of the process.
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These design choices enable the proposed SSAFL to effectively address key challenges,
including asynchronous update delays, data heterogeneity among IEDs, and varying IED
system constraints.

3.4. Downstream Tasks

During the downstream training phase, each IED optimizes parameters Wk∗
d of its

downstream model f k
d . Model f k

d is essentially the final global online model f g∗
on combined

with an added MLP fm at the end. In this phase, IEDs train Wk∗
d on their locally labeled

data (Xk
i , yk

i ) using mini-batches of size B. The downstream task uses a cross-entropy loss
Ldt defined as

Ldt =
1
|B|

B

∑
b=1

(
−

C

∑
i=1

eilog(zb
i )

)
, (5)

where C is the number of classes, and ei is the one-hot encoded ground truth label for
sample Xk

i . Additionally, subscript b denotes the index of the b-th batch in the training
samples with thin mini-batch B. The model parameters were updated using the Adam
optimizer during training.

4. Performance Evaluation
This section presents the experimental results and performance evaluation of the

proposed SSAFL using PRPDs in various noisy environments. To ensure the reliability of
the assessments, each experiment was repeated five times, and the average results were
analyzed to derive the final conclusions.

4.1. Hyperparameter Optimization

Table 2 lists the number of PRPD samples per IED in the GIS covering four types of
PRPD faults: corona, floating, particle, and void. Noise signals were recorded on-site using
UHF sensors, and each IED’s training data consisted of PRPDs and the IED’s own noise
signals. We split the data into training and testing sets at a 90:10 ratio for each fault category.
To simulate the limited labeled data, we assumed that only half of the training samples
were labeled.

Table 2. The number of samples in each IED.

IED Corona Floating Particle Void Noise

1 94 35 66 242 30
2 94 35 66 242 29
3 94 35 66 242 30
4 94 35 66 242 13

Table 3 lists the value ranges considered for each hyperparameter during the tuning
process. The optimal hyperparameter configuration identified was B = 128, Et = 5,
Ed = 100, T = 500, η = 0.0003, α = 0.5, and λ = 0.00005. This configuration yielded the
highest overall accuracy for the PD dataset. To ensure robust results, we conducted each
experiment five times with different random initializations and averaged the outcomes to
confirm the robustness of the proposed model. The experiment approaches are described
in the following:

• Centralized Supervised Learning [42] (no data privacy, fully labeled data): All IED
data are aggregated on a central server without any privacy restrictions. It assumes all
data are labeled and does not address scenarios with limited labeled data.
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• Centralized Self-supervised Learning [33] (no data privacy): This approach aggregates
data on a central server and leverages self-supervised learning to handle limited labels.
While it addresses the scarcity of labeled data by utilizing unlabeled data, it disregards
data privacy concerns.

• Supervised Federated Learning [46] (fully labeled data, homogeneous IED resources):
This federated approach preserves data privacy by keeping data local, but it assumes
all local data are labeled and that all IEDs have similar resources. It therefore still
suffers from labeled data scarcity and cannot handle heterogeneity in IED resources.

• Supervised Asynchronous Federated Learning [40] (fully labeled data): This approach
allows asynchronous updates to manage heterogeneous IED resources. However, it
still requires fully labeled data and thus suffers from labeled data scarcity.

• Self-Supervised Federated Learning [47] (homogeneous IED resources): This method
addresses data privacy and mitigates labeled data scarcity by using self-supervised
learning in a federated setting. However, it assumes homogeneous IED resources and
does not resolve issues related to IED heterogeneity.

• Self-Supervised Asynchronous Federated Learning: This approach simultaneously
addresses the scarcity of labeled data, preserves data privacy, and accommodates
heterogeneous IED resources.

All experiments were conducted using two machines. The first machine was equipped
with an AMD Ryzen 2990 WX CPU and three identical NVIDIA GeForce RTX 2080 Ti GPUs.
The second machine had an Intel Core i9-10900X CPU and an NVIDIA GeForce RTX 4090
GPU. Both machines performed experiments using PyTorch 2.5.1.

Table 3. Minimum and maximum bounds of hyperparameter optimization.

Hyperparameter Minimum Maximum

Batch size B 64 128
Number of epochs at communication phase Et 1 5
Rate of labeled data 0.5 1
Dropout 0.05 0.2
Number of epochs at downstream task phase Ed — 100
Number of communication round T — 500
Learning rate η (downstream task) — 3× 10−4

Target decay rate τ — 0.999
Mixing hyperparameter α — 0.5
Weight decay λ — 5× 10−5

4.2. Experimental Results

Figure 6 illustrates the loss values of SSFL and SSAFL across global communication
rounds. Both curves show a decreasing trend, indicating convergence of the global model.
In SSFL, each communication round involved all IEDs, with every device uploading its
updated model parameters to the server. In contrast, SSAFL allowed only a single IED
to send its updated model parameters to the server in each round. Therefore, to monitor
global model convergence, we used the loss value of the global model in SSAFL, while in
SSFL, we used the mean loss value of the global model across all IEDs.

Table 4 lists the performance outcomes of the different techniques on the training
and testing datasets. It evaluates various combinations of training strategies, for example,
by comparing centralized training to federated learning (synchronous and asynchronous)
and using supervised and self-supervised learning. In the centralized scenario, all IED
data (training and testing) were aggregated into a single dataset for model training and
evaluation. As shown in Table 4, the proposed SSAFL achieved competitive accuracy
and significantly improved training efficiency. Specifically, the proposed SSAFL achieved
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98.26% in training accuracy and 95.28% in testing accuracy. In terms of training time, the
asynchronous FL strategy drastically reduced the training duration, which was nearly 60%
shorter than that of the fully supervised FL case and approximately 29% shorter than that
of the self-supervised FL case.

Figure 6. Test loss of the global model over communication rounds for SSFL and SSAFL: SSFL shows
the mean loss across all IEDs, while SSAFL shows the loss value from a single IED.

Table 4. Mean of accuracy for different methods.

Methods Train Test Time

Centralized Supervised 0.9707 0.9556 03 min 28 s
Self-Supervised 0.9518 0.9259 05 min 00 s

FL Supervised 0.9792 0.9387 50 min 03 s
Self-Supervised 0.9792 0.9522 34 min 49 s

AFL Supervised 0.9825 0.9530 19 min 52 s
Self-Supervised 0.9826 0.9528 24 min 34 s

Table 5 lists the breakdown performances of the individual IEDs. The proposed SSAFL
achieved the highest training accuracy of 98.85% on IED 1, which is slightly higher than
the best training accuracy of SSFL (98.84% on IED 3). For testing, the proposed SSAFL
achieved 95.71% accuracy on IED 4 compared to SSFL’s highest test accuracy of 94.83% on
IED 3. These results indicate that the proposed SSAFL delivers higher accuracy than SSFL
on the training and test sets across all IEDs, demonstrating superior overall performance.

Table 5. Accuracy performance outcomes for IEDs.

SSFL SSAFL

IED Train Acc Test Acc Train Acc Test Acc

1 0.9762 0.9361 0.9885 0.9531
2 0.9831 0.9361 0.9686 0.9498
3 0.9884 0.9483 0.9861 0.9522
4 0.9694 0.9341 0.9872 0.9571

Table 6 lists the precision, recall, and F1-score [48] results for each fault class on IED 1
by comparing SSAFL with SSFL. As listed in Table 6, the proposed SSAFL method achieved



Energies 2025, 18, 3078 14 of 17

higher values for these metrics across most fault classes. For floating, the proposed SSAFL
achieved 100% precision, whereas SSFL achieved 95% precision. For the noise class, the
proposed SSAFL attained 100% recall and F1-score values, outperforming SSFL (which
achieved approximat ely 94% recall and 97% F1-score). These improvements highlight the
effectiveness of the proposed approach for imbalanced data and multiple fault categories.
Additionally, Figure 7 provides a confusion matrix for the classification results of SSFL and
SSAFL on IED 1, offering an overview of the performance of each model across fault classes.

Table 6. Precision, recall, and F1-score comparisons on test dataset with IED 1.

Metrics Methods Corona Noise Floating Void Particle

Precision SSAFL 1.0 1.0 1.0 0.97 0.97

SSFL 0.98 1.0 0.95 0.97 0.97

Recall SSAFL 0.98 1.0 1.0 0.99 0.95

SSFL 0.98 0.94 0.95 0.98 0.95

F1-Score SSAFL 0.99 1.0 1.0 0.98 0.96

SSFL 0.98 0.97 0.95 0.98 0.96

Figure 7. Confusion matrix for (a) SSFL and (b) the proposed SSAFL, both obtained from experiments
conducted on IED 1.

5. Conclusions
This study proposes a novel SSAFL approach for PD fault diagnosis in GISs. This

approach integrates asynchronous federated learning and self-supervised representation
learning to address key challenges in this domain. By leveraging asynchronous federated
learning, SSAFL enhances data privacy and reduces communication costs among IEDs,
even in heterogeneous resource environments. Additionally, the self-supervised component
enables the model to learn effective feature representations from unlabeled data, thereby
reducing dependence on large labeled datasets.

We validated the proposed SSAFL on multiple local IEDs using real on-site noise
conditions and PRPD data. The experimental dataset included four fault types—corona,
floating electrode, void, and particle—generated using artificial cells. The experimental
results demonstrate that SSAFL achieved high accuracy, precision, recall, and F1-score mea-
sures in fault classification. Furthermore, the asynchronous approach significantly reduced
training time compared to conventional synchronous federated learning. These findings
suggest that SSAFL, trained on local IEDs with limited labeled data, is more suitable for
real-world applications than traditional centralized or fully supervised techniques.
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Nomenclatures
The following nomenclatures are used in this manuscript:

ADC Analog-to-digital converter
AFL Asynchronous federated learning
CNNs Convolution neural networks
DAS Data acquisition system
DNNs Deep neural networks
FIFO First-in, first-out
FL Federated learning
GIS Gas-insulated switchgear
IEDs Intelligent electronic devices
LSTM Long short-term memory
MLP Multi-Layer Perceptron
PD Partial discharge
PRPDs Phase-resolved PDs
RNNs Recurrent neural networks
SemiSL Semi-supervised learning
SSAFL Self-Supervised Asynchronous Federated Learning
SSL Self-supervised learning
SSFL Self-Supervised Federated Learning
UHF Ultra-high-frequency
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