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Abstract

The operational dynamics of residential appliances impede arc fault
identification, particularly in multi-branch circuits where fault
signatures are obscured by load interference, increasing diagnostic
complexity. To address this challenge, we develop the CASCNet
diagnostic framework through synergistic integration of ShuffleNetV2's
hierarchical feature learning and CatBoost's categorical processing.
Firstly, synchrosqueezing wavelet transform (SWT) converts arc
signals into 2D time-frequency images to enhance clarity and reduce
noise. Next, ShuffleNetV2 efficiently extracts features, optimized with
a CA attention mechanism to reduce complexity and improve channel
interaction. Finally, CatBoost’s robust generalization and noise
resistance classify features. Experimental results show that the
CASCNet method accurately identifies series arc faults and load types,
maintaining good performance under noisy conditions. On the NVIDIA
Jetson Orin Nano platform, CASCNet achieves an inference time of
4.2ms and an average accuracy of 99% for six-branch detection.

hybrid for improved arc fault classification.

=  First proposed SWT-based fault arc feature
extraction, enhancing accuracy significantly.

=  Designed a multi-branch arc detection platform

collecting multi-branch arc data.

Keywords
Arc  Fault Detection,
ShuffleNetV2, CatBoost

Synchrosqueezing Wavelet Transform,

This is an open access article under the CC BY license
(https://creativecommons.org/licenses/by/4.0/) [EmDa

1. Introduction

In recent years, with the rapid development of society and the
ongoing rise in electrification levels, the incidence of electrical
fires has markedly increased. Electrical fires have various
causes, with arc faults in low-voltage lines being a key
factorl.When a series fault arc occurs, the current change is not
significant, and traditional electrical fault protection equipment
is not suitable for such situations. Therefore, it is particularly
important to develop a high-precision series arc fault (SAF)
classification method in order to issue timely alarms when arc

faults occur and ensure electrical safety2-3.
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The series fault arc detection methods are mainly divided
into three categories: Physical signature-based approaches
utilizing multi-modal sensing (acoustic, optical, magnetic).The
method is limited by the installation position of measurement
sensors, coupled with the randomness and difficulty in locating
fault arcs, and is commonly used to detect fault arcs in specific
equipment such as switchgear and distribution cabinets4. (2)
The detection method based on arc mathematical model
requires a large number of parameters and is only applicable to

specific circuits, which is still at the level of simulation
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analysis5. (3) Extracting voltage and current features based on
deep learning algorithms for arc fault detection has become the
mainstream trend in low-voltage SAF research6-7.

The uncertainty of arc location means that the voltage-based
series arc detection method requires data acquisition devices at
multiple points, making on-site application more difficult§8-9.
At present, research mainly focuses on arc current signals, as
they are easier to collect and analyze while solving the problems
caused by the randomness of faulty arcs. Reference 10 extracts
current signals and inputs them into a convolutional network for
arc fault recognition. Reference 11 employs raw data input with
a lightweight residual network (LRN) for arc fault detection.
While temporal features offer extraction convenience, their
instability and susceptibility to outliers limit reliability. To
enhance diagnostic precision, we propose a hybrid method
integrating frequency-domain and time-frequency analysis of
current signals. Methods like Fast Fourier Transform (FFT) 12-
13, wavelet transform14, Empirical Mode Decomposition
(EMD) 15-16, and Hilbert Huang Transform (HHT) 17-18
effectively extract time-varying frequency components of
current signals, facilitating detection of high-frequency arc fault
traits.FFT is suitable for analyzing stationary signals and is
computationally efficient, but it lacks temporal resolution and is
difficult to capture time-varying characteristics. DWT is
effective for non-stationary signals and can capture local
features, but it requires a large amount of computation and is
affected by the selection of fundamental waves. EMD can
decompose nonlinear signals and extract local features, but it is
susceptible to mode mixing and boundary effects. HHT
provides instantaneous frequency, suitable for arc signals, but it
is computationally complex and subject to boundary effects
interference.

Reference 19 developed an arc fault detection method that
integrates Variational Mode Decomposition (VMD), enhanced
Multi-scale Fuzzy Entropy (IMFE), and Support Vector
Machine (SVM). Reference 20 used wavelet transform, Fourier
transform, periodic difference, and periodic similarity methods
to extract features, and combined them with backpropagation
(BP) neural network for fault arc detection. Reference 21
proposed an enhanced MFCC-FCNN method for series arc fault
detection, combining Mel-frequency cepstral coefficients with

a fully-connected neural network. However, MFCC-based

approaches exhibit limitations such as noise susceptibility,
limited temporal resolution, and high computational complexity.

The application of neural networks in fault diagnosis has
significantly increased in recent years22. Reference 23 proposes
a bearing fault diagnosis method based on multi-channel
Transformer and transfer learning. Reference 24 proposes the
AT-ICNN model, which combines CNN and hybrid attention
mechanisms, significantly improving the accuracy of
mechanical fault diagnosis. Scholars have mapped signals to
high-dimensional space for fault diagnosis, further improving
diagnostic performance. Reference 25 uses Short-Time Fourier
Transform (STFT) for feature extraction and applies
a SAGPSO-optimized CNN to diagnose short-circuit faults in
medium-voltage direct current shipboard power systems.
However, the fixed frequency resolution of STFT limits detailed
signal analysis. Reference 26 extracted the S5-layer wavelet
detail coefficients from the current signal and fused them into
a matrix. This matrix was subsequently transformed into an
RGB image via color mapping, and a ResNet was employed for
arc detection. Reference 27 employed discrete wavelet
transform with color mapping analysis to extract arc signal
features, then utilized a Deep Residual Network (DRN) for fault
detection. Discrete wavelet transform is susceptible to noise
interference and has limited feature extraction capabilities.
Reference 28 performed continuous wavelet transform on
current signals and converted the results into grayscale images,
using Deep Residual Shrinkage Network (DRSN) for SAF
recognition.

In the study of two-dimensional inputs, image quality
directly affects the feature extraction and classification
performance of deep learning. Therefore, it is crucial for
improving model accuracy to establish an effective signal
conversion mechanism. Synchrosqueezing wavelet transform
(SWT) leverages the time-frequency analysis strength of
wavelet methods to reconstruct and compress frequency
components, thereby enhancing frequency resolution. This
method can effectively remove cross term interference, reduce
energy diffusion, and present clearer time-frequency images29.
This technology has demonstrated its advantages in processing
non-stationary signals in fields such as mechanics30,
medicine31, earth sciences32-33 and power systems34.

Most methods effectively detect single-load arc faults, but
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the complexity of low-voltage distribution systems with
multiple parallel branches reduces detection accuracy for multi-
branch arc faults. To address this, a low-voltage multi-branch
arc fault data collection platform was developed to study multi-
branch arc fault characteristics. A detection method employing
synchrosqueezing wavelet transform (SWT) and CASCNet was
proposed. Current signals are processed into 2D time-frequency
maps using SWT to improve time-frequency resolution.

A ShuffleNetV2-based CNN extracts image features coupled

with CatBoost classification for precise series arc fault detection.

The core innovations of this study include:

(1) A new fault arc classification model, CASCNet, has been
proposed, which integrates the robust feature extraction ability
of ShuffleNetV2 with the strengths of CatBoost in handling
categorical features. Optimizing the structure of ShuffleNetV2
and introducing collaborative attention mechanism (CA)
enhance the perception ability of key features, reduce
computational costs, and improve feature expression accuracy.

(2) For the first time, synchrosqueezing wavelet transform
is proposed for feature extraction of fault arcs. SWT operates as
a wavelet-based signal rearrangement algorithm utilizing time-
frequency analysis, which generates localized energy
distributions to extract critical features and enhance fault
detection accuracy.

(3) Per the ULI1699-2011 standard, a multi-branch
experimental platform for arc fault detection is developed. This
platform simulates diverse on-site conditions and gathers
various experimental data, enhancing the database's

comprehensiveness and representativeness.
2. Network Model

This study proposes a hybrid model CASCNet that combines
ShuffleNetV2 and CatBoost for fault arc classification. Figure
1 depicts the CASCNet architecture, which integrates
a ShuffleNetV2-based feature extraction module with
a CatBoost classification layer.

ShuffleNetV2 is a lightweight and efficient architecture that
reduces computational and storage costs while maintaining high
accuracy, widely used in image classification and object
detection. Compared to traditional CNNss, it further minimizes
computation while preserving accuracy through deep

convolution, channel shuffling, and residual connections35-36.

However, its architecture lacks an efficient attention
mechanism for boosting feature learning capability. To address
this, we integrate Coordinate Attention (CA) into the last block
of each stage, enabling the model to capture both channel and
spatial information without significantly increasing complexity.
Additionally, to optimize computational efficiency, we reduce
the number of stacked basic units to 2 and 3 per stage and
eliminate the third stage entirely. Finally, the features extracted
by ShuffleNetV2 are classified using CatBoost, a gradient-
boosting decision tree algorithm, to achieve accurate fault
detection.

The input is a 64 X64 X1 grayscale image, and after 3 X3
convolution and 3 X 3 max pooling, the output feature map size
becomes 16X16X48. Next, after ShuffleV2Block unit
processing, each stage is followed by a CA attention mechanism,
which does not change the number of channels. The output of
Stage 1 is 8 X8X 96, The output of Stage 2 is 8 X8X 96, and
then the number of channels is expanded to 1024 through a 1x1
convolution. Convert to a vector of size 1024 through global
average pooling. The feature vector is input into CatBoost
classifier to output category prediction. Finally, the model
performance is evaluated by accuracy.

To ensure consistency and reproducibility in the training
process, Table 1 lists the hyperparameters, while Table 2
presents the configuration of the CNN model architecture. The
style and format of Table 2 follow the original ShuffleNetV2
paper to maintain consistency, transparency, and reproducibility

in the experimental design and results.

Table 1. Hyperparameter Settings

Hyperparameter Value
Batch Size 32
Epochs 20
Learning Rate 0.0001
CatBoost Iterations 100
CatBoost Depth 6
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Table 2. CNN Model Architecture and Parameters.
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Fig. 1. CASCNet network mode.

2.1. Synchrosqueezing Wavelet Transform

The synchrosqueezing wavelet transform (SWT), proposed by
Daubechies et al. (2011), enhances time-frequency resolution
via wavelet coefficient compression in the frequency domain,
focusing signal energy near true frequencies. The method's
implementation involves three key phases:

(1)The Continuous Wavelet Transform (CWT) of signal

s(t) is calculated as:

Wy(a,b) = [ sy (7) dt &)

Here, a denotes the scale factor, b represents the time shift
factor, and 1* indicates the wavelet basis's complex conjugate.
The output is then transformed into the frequency domain using

a Fourier transform.
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Here, € denotes the angular frequency, while §(¢) and
P*(€) represent the Fourier transforms of s(t) and y*(t),
respectively.

(2)The instantaneous frequency W(a, b) is obtained from
the signal’s phase stability. Due to wavelet coefficient
dispersion in the time-scale domain and the scale a invariance

of signal phase, the phase derivative provides:

—id,Ws(a,b)
(@ b) = wan  W@DI>0 (3)
% [Wy(a, b)| =0

(3) Wavelet coefficients are reassigned from the time-scale
domain W;(a, b) to the time-frequency domain W;[ws(a, b), b],
with subsequent frequency-directional compression. For
discrete application, the synchronized compression variable is
specified as:

3

To(@i,b) = Qo)™ ayiotapm-wi<anrz Ws @ baday (4)

In the formula, w; denotes the 1-th discrete frequency value,
a, represents the kth discrete scale factor, Aa, = a; —

p-1,dw; = W — Wy_q.

X AvgPool

Concat+

In the case of continuous variables, it becomes:
To(@,b) = [, We (a,b)a~*/26(W (a, b) — w)da (5)
Select Morlet wavelets as the wavelet basis function for
synchrosqueezing wavelet transform by using the ssq cwt
function in the ssqueezepy library in Python, and then perform
time-frequency analysis. After 6 layers of Morlet wavelet
decomposition, each signal generates a time-frequency map Tx
with the shape of (50,10000), representing the time-frequency
information of 50 frequencies and 10000 time points. Finally,
the time-frequency image is transformed into a (64,64)
grayscale image and stored as a standard PNG file, with labels,

as training data for the deep learning model.
2.2. CA Attention Mechanism

When conducting low-voltage series arc fault detection, the
ShuffleNetV2 model faces issues with channel-independent
processing and feature redundancy, impacting feature extraction
efficiency. To tackle these challenges, this paper introduces the

Coordinate Attention (CA) mechanism, depicted in Figure 2.

Conv2d Sigmoid

BatchNorm+

\ Conv2d Non-linear <4 \
— Residual Re-weight —»
A /

Input

—»

Conv2d Sigmoid Output

Fig. 2. CA attention module.

The CA mechanism accounts for both channel data and
directional positional information. The formula for the CA
mechanism is as follows:

Global average pooling in the height direction:

ZE(h) = - Tosicw We(h, 1) (6)
Global average pooling in the width direction:

Z¥ (W) = = Tosicn We(, W) 7)

After obtaining feature maps in two directions, the width and
height feature information are transposed to the same dimension
and stacked to obtain a feature layer of C X (H+W) X 1. Then,
the F1 operation is performed:

F=68(F([2"2"]) (8)

In the formula, [, Jrepresents the concatenation operation of
spatial dimensions, and § is a nonlinear activation function.
Subsequently, f is decomposed into th and fw, corresponding
to the vertical/horizontal axes of the feature map. A 1x1
convolution kernel is used to enhance dimensionality, with
Sigmoid activation yielding the final attention vector:
9" = a(F*(F*)) 9

9" =a(F*(f*) (10
g"and gV represent the final attention vectors in the height

and width directions, respectively, o represents the Sigmoid
activation function.

The output formula after CA attention module:

We(i, ) = We(i,)) x g"(0) x 9" () (11D
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2.3. CatBoost

CatBoost, a 2017 Yandex GBDT model, uses ordered boosting
to cut gradients and bias, boosting generalization and category
feature handling. It avoids one-hot encoding’s high-dimensional
issues, reducing overfitting and increasing accuracy. Its
symmetric tree structure enhances efficiency, eases
hyperparameter tuning, and fits large-scale data.

In arc fault diagnosis, CatBoost manages nonlinearity, noise,
and complex arc signal features effectively. Its anti-noise
capability ensures stability, while automated feature selection
enhances fault recognition efficiency. It minimizes overfitting,
improving model accuracy and reliability.

CatBoost processes training data for each permutation p by
building n decision trees T1, T2, ..., Tn. T1 uses initial samples,
with later trees trained on smaller sets to correct errors. The final
prediction aggregates all tree outputs, averaging results across
permutations to improve accuracy and reduce overfitting.

Multiple data permutations train the model, with predictions

averaged for the final result.

For any arrangement § = (6, §,...dy), there is:

Xsim = —j

% [J;zlsi,m=xsj,m]Y5j+pr (12)
Y [Xsim=xsjm]|+d

Among them, pis the prior value, d is the prior weight.
3. Experimental Design and Data Collection

3.1. Arc Fault Experimental Platform

Based on UL1699-2011 and GB14287.4-2014, a low-voltage
arc fault data platform was built for single and multi-load
parallel circuits (Fig. 3). The fault device uses a 6mm carbon
rod (static) and copper rod (moving), adjusted by a stepper
motor to trigger arcs. Powered by 220V/50Hz AC, 4mm copper
wires ensure safety and signal stability. Two breakers control
the circuit, with a disconnection point for protection. Six
loads—heater, kettle, fan, AC, TV, PC—are paralleled, each
with a switch to simulate branch faults. A JLT4 current
transformer and TiePieSCOPE HS801 analyzer capture main

current signals.

CT
e M
Power ~ U/ * * ¢ * ¢
Supply
220V/50HZK\J
l Yy __"_"______'_____‘\\
5 o sar / % % % % l
generator \
2 © os |||
A - - . air N
S 1 deskto
% heater kettle € ?;;I'IC Fonditionel] TV computzr

Fig. 3. Physical simulation diagram of the experimental platform.

3.2. Arc Fault Experimental Platform

The multiple sets of complex branch parallel experiments were
designed in this paper to simulate the changing load
environment in actual power systems. The experiment is

divided into six categories, ranging from single branch to six

branch loads. Each branch is configured with different types of
loads, including resistive, inductive, and nonlinear loads,
covering low-power to high-power devices to ensure the
authenticity and reliability of experimental results. The

attributes and parameters of the load are detailed in Table 3.
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Table 3. Load properties and parameters.

Load name Load Load type Rated power /W
Load 1 400

heater oa Resistive load

kettle Load 2 1500

i Load 3 60

electric fan oa Inductive load

air conditioner Load 4 1500
Load 5 120

v oa Nonlinear load

desktop computer Load 6 350

This paper established six experimental categories
comprising 18 test cases to identify arc faults in electrical
branches. Each type of experiment adopts a random load
combination, covering resistive, inductive, and nonlinear loads,
simulating various electrical devices in actual circuits. Six loads
are connected in parallel on the main circuit, where switch S
controls arc fault simulation. Specifically: when S is open, the
arc generator activates to create a fault arc in the corresponding

branch; closing S restores normal branch operation. As per

Table 4. Experimental plan.

Table 4, each experiment ensures only one branch emulates
a fault while others function normally, with main circuit current
signals acquired via a transformer. 3900 samples per category
(normal/faulty) are collected and split into training/testing sets
at a 10:3 ratio. In the 10 parts of the training set, we further
divided it into 7:3 sections specifically for training and
validation to ensure effective training and robust evaluation of

the model.

Load attribute of the fault

Group Number of branches Load numbers Fault branch that occurred Normal dataset Fault dataset
1 2 2 resistive 1300 1300
2 1 4 4 inductive 1300 1300
3 5 5 nonlinear 1300 1300
4 1. 4 4 inductive 1300 1300
5 2 3.5 5 nonlinear 1300 1300
6 2.5 2 resistive 1300 1300
7 I. 3.5 5 nonlinear 1300 1300
8 3 I. 4.5 4 inductive 1300 1300
9 2. 4. 6 2 resistive 1300 1300
10 I. 3. 5. 6 5 nonlinear 1300 1300
11 4 1. 3. 4. 6 4 inductive 1300 1300
12 I. 3. 5.2 2 resistive 1300 1300
13 I. 3. 5. 4. 6 4 inductive 1300 1300
14 5 1. 2. 3. 5.6 2 resistive 1300 1300
15 I. 2. 3. 5. 6 5 nonlinear 1300 1300
16 I. 2. 3. 4. 5.6 2 resistive 1300 1300
17 6 I. 2. 3. 4. 5.6 4 inductive 1300 1300
18 1. 2. 3. 4. 5. 6 5 nonlinear 1300 1300

To better classify arc fault load types, all detected fault
samples were categorized into three groups based on inherent
characteristics: resistive, inductive, and nonlinear loads.
Normal operation samples formed a fourth category. Each
category consists of 7,800 datasets, which are split into training

and testing sets at a 10:3 ratio. The training set is further divided

into training and validation sets with a 7:3 ratio.
3.3. Waveform Analysis

The experiment setup used a 50 kHz sampling rate (10,000
points/0.2s) to capture 10-cycle current waveforms. Signal

duration refers to the total duration of the current waveform,
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which is 0.2 seconds. Arc duration refers to the time when fault
features appear in the waveform. If >8 cycles within the 10
cycles show fault features, it is identified as a fault signal. The
experimental waveforms for three load types in a single branch
are presented in Figure 4. The television, classified as a
nonlinear load, shows minor waveform distortion under normal
conditions while retaining periodicity. During an arc fault, the
waveform displays peak pulses and abrupt changes. The
resistive-load kettle maintained sinusoidal waveforms normally,
developing zero-crossing "flat shoulders" with harmonic

interference The

during arc faults. inductive-load air
conditioner displayed phase-lagged sine waves under normal
operation, transitioning to distorted waveforms with both "flat
shoulders" and sharp peak pulses when faulted.

The current waveforms obtained from the experiment of
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(a)Normal working current waveform of TV
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(b)Normal working current waveform of kettle

multiple branches with the same load (taking the kettle as the
load in single, three, and six branches as an example) are shown
in Figure 5. In normal operation, the current waveforms present
an approximate sine wave shape. When an arc fault occurs in
this branch, this stable state will be broken, and the waveforms
will undergo significant distortion, manifested as abrupt peak
pulses in the waveforms and a "flat shoulder" phenomenon at
the zero crossing point. As the circuit structure becomes more
complex, the operational stability of the circuit has been
significantly improved. However, this stability also brings
certain challenges, that is, the characteristics of the fault arc may
become less obvious and more difficult to detect in complex
circuit environments, thereby increasing the difficulty of

accurately identifying arc faults.
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Fig.4. Single branch current waveforms with different loads.
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Fig.5. Current waveforms of the same load in different branches.

3.4. Comparison of Time-frequency Analysis Methods

SWT and CWT are applied to a signal duration of 0.2 seconds,
extracting time-frequency features within the 0.2-second
window. Figure 6 displays time-frequency images of current
signals processed by CWT and SWT, with Rényi entropies
calculated, as shown in Table5. Compared to CWT, SWT better
captures local signal features with more concentrated energy.
Table 3 indicates lower Rényi entropy for SWT images,

reflecting higher time-frequency resolution and clustering.

SWT employs phase-guided synchrosqueezing to reassign

wavelet coefficients

to true instantaneous

frequencies,
producing clear, compact images, whereas CWT yields blurred
features due to coefficient dispersion, reducing extraction
efficiency. Additionally, SWT’s phase reassignment suppresses
high-frequency noise, improving robustness in low-voltage
systems. This high-resolution capability enhances SWT’s
ability to detect transient arc faults and extract key features
efficiently. Hence, SWT images are selected as inputs for the

convolutional neural network.

Table 5. The Rényi entropy of CWT and SWT time-frequency images.

Time-frequency map

Air conditioner TV Heate
CWT 12.40 13.48 12.93
SWT 11.06 11.95 11.31
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Fig.6. Different time-frequency analysis methods for time-frequency analysis.
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4. Experimental Design and Data Collection

The experimental setup uses an Intel (R) Core (TM) I7-7700HQ
processor with 16.00GB of RAM. After training the CASCNet
model using PyCharm Community 2021, the converged model
was quantized and transferred to the NVIDIA Jetson Orin Nano
embedded development kit for deployment and inference
testing. This was done to assess the real-time performance and
robustness of the model in a resource-constrained environment.

The appearance of the hardware platform is shown in Figure 7.

i
Fig.7. NVIDIA Jetson Orin Nano Developer Kit.
To assess the precision of network classification predictions,
this paper adopts accuracy as the model evaluation metric,
enabling clear observation of network performance.
Accuracy denotes the proportion of correct predictions

within the total sample.
TP+TN

Accuracy = ———
Y = TP+FN+FP+TN

(13)

Among them, TP represents the actual count of correct
categories predicted as true categories, TN indicates the actual
count of incorrect categories classified as false, FP signifies the
count of incorrect categories misclassified as true, and FN
represents the actual number of correct categories predicted as
false categories.

The dataset uses binary classification: "without arc" (normal,
label 0) and "with arc" (fault, label 1). Samples with the same

label are shuffled and then divided into training, validation, and

testing sets.
4.1. Arc Fault Identification

During the training process, ShuffleNetV2 was first trained
through multiple iterations using 6000 sets of normal and

incorrect training data, without the involvement of CatBoost.

After training, the feature tensors of the training data were
extracted from the global average pooling layer and input into
CatBoost for training. As training batches grow, the model’s
precision on the test set steadily rises. Taking a single branch as
an example, the accuracy increases from about 0.7 to about 0.97.
Figure 8 depicts the model’s precision on the testing set,

showing that it effectively captures the data’s features and

patterns.
100
95_ —— S5 o & & & |
>, 90
=
o 85 i
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8 Double
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701 —e— Four
—e— Five
651 —— Six
60

10 12 14 16 18 20
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Fig.8. Training accuracy of different branches.

The processed training data from branches 2 to 6 were fed
into the model for training, and the resulting model was assessed
using these data. The CatBoost classifier has undergone random
search optimization on key hyperparameters. To minimize
randomness, the program was executed 5 times, and the average
was calculated to determine the accuracy of each branch, as
presented in Table 6. The results showed that CASCNet had
better accuracy than ShuffleNetV2 in all branches, indicating
that the model has stronger generalization and prediction
abilities.

Table 6. Accuracy of different branch tests.

Method ShuftleNetV2 CASCNet
Number of branches Accuracy Accuracy

1 97.39 99.16

2 97.11 99.05

3 96.94 98.94

4 96.72 98.83

5 96.38 98.78

6 96.16 98.68

When identifying the load type experiencing a fault, the
“with arc” sample data are categorized into three types based on
the load where the arc fault occurs: resistive, inductive, and
nonlinear. Four categories are labeled as 0 (normal), 1 (resistive),
2 (inductive), and 3 (nonlinear), each containing 7,800 data

points, which are split into training and testing sets at a 10:3
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ratio. The training set is further divided into training and
validation sets at a 7:3 ratio. The test set is then fed into the
trained model to evaluate classification accuracy, as detailed in
Table 7.

Table 7. Results for identifying load types.

Form Accuracy/% Overall accuracy/%
Normal 98.77
Resistance 99.06
Inductive 99.00 98.93
Nonlinear 98.87

To visually assess the model's performance more effectively,
we have drawn three confusion matrices, as shown in Figure 9.
These matrices are used to represent arc fault detection in
branches one through six and the identification of the faulty load
type. When assessing the presence of an arc fault, the horizontal
axis indicates the model’s diagnostic outcomes, the vertical axis
depicts the actual conditions, 0 represents normal operation, and
1 represents the occurrence of a fault. When identifying the type
of fault load, the horizontal axis represents the model prediction
result, the vertical axis represents the actual load type, O is
normal operation, 1 is resistive load fault, 2 is inductive load
fault, and 3 is nonlinear load fault. The numbers on the diagonal
indicate diagnostic accuracy, and darker colors indicate higher
accuracy. From the confusion matrixes, it can be seen that the
misdiagnosis samples are fewer and overall accuracy is high

using CASCNet to determine faults and their load types results.

Table 8. CASCNet ablation experiment results.

Diagnostic Label Diagnostic Label
0 1
g o 894 6 g
< <
- -
@ @
= £
B =

(a)Single branch (b)Six branch

Diagnostic Label
1 2

0 3

True Label

(c)The type of load where an arc fault occurs

Fig.9. Confusion Matrix.
4.2. Ablation Experiment

In order to verify the contribution of each component to
performance improvement, a formal ablation experiment was
designed in this study. The experiment further validated the
effectiveness of the hybrid architecture by systematically
quantifying the role of each module. The experimental setup
ShuffleNetV2 2)
ShuffleNetV2_Structural Adjustment (SA); (3) ShuffleNetV2
(SA) CA; (4) The CASCNet. The experiment was conducted

includes: (1 using only

on single branch and six branch datasets, with accuracy as the

evaluation metric. The experimental results are shown in Table

8.

Method

One branch accuracy/%

Six branch accuracy/%

ShuffleNetV2

ShuffleNetV2 (SA)

ShuffleNetV2 (SA) CA
Method

One branch accuracy/%

96.28 95.56
96.33 95.22
97.39 96.16

Six branch accuracy/%

CASCNet

99.16 98.68

These experimental data effectively demonstrate the
performance improvement effect of each module in the
CASCNet model. Especially through CA attention mechanism,
structural adjustment of ShuffleNetV2, and integration of

CatBoost, the accuracy of the model is improved.

4.3. Model Anti Noise Capability Verification

To thoroughly validate the proposed method’s enhanced noise
resistance, a series of comparative experiments were designed
in this study. Firstly, in response to the problem of a large
amount of high-frequency electromagnetic noise introduced

during the operation of nonlinear loads widely used in low-
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voltage systems, such as computers and power adapters, these
noises can cause interference components to be mixed in the
circuit current waveform. To simulate this actual situation,
Gaussian noise with a signal-to-noise ratio of 50dB was added
to the current signals in the experiment, and the proposed model
was used for fault diagnosis and performance analysis. To
simulate this actual situation, Gaussian noise with a signal-to-
noise ratio of 50dB was added to the current signals in the

experiment, and the proposed model was used for fault

diagnosis and performance analysis.

On this basis, further comparison and evaluation of the
performance of our method are conducted from the following
three aspects: (1) comparison of different input methods (such
as CWT-CASCNet), (2) Comparison of different classifiers
(such as SWT ShuffleNetV2, SWT ShuffleNetV2-RF), (3)
Comparison with traditional rolling arc fault diagnosis methods
(such as SWT-VGG16 and SWT AlexNet). The experimental

results are shown in Table 9.

Table 9. Different models' classification results on Gaussian noise faults.

Method One branch accuracy/% Six branch accuracy/% Determination of load type accuracy/%
CWT-ShuffleNetV2-CatBoost 96.11 95.42 95.56
SWT-ShuffleNetV2-Softmax 96.94 95.89 96.27
SWT-ShuffleNetV2-RF 97.50 96.27 97.06
SWT-VGG16 95.83 94.67 95.27
SWT-ResNet18 96.38 95.61 96.16
Proposed 98.89 97.94 98.50

The initial training model maintains high recognition
accuracy despite Gaussian noise interference. The findings
show that this approach exhibits strong noise resistance.

Under noise interference, when using CWT time-frequency
images as input, the model’s diagnostic precision is notably
inferior to the approach presented in this paper. In contrast,
SWT can more stably extract multi-scale signal characteristics,
particularly under high noise, and it can more effectively
preserve useful information of the original signals. After
analysis, the main reason is that compared to synchronously
compressed wavelet time-frequency maps, CWT is more
susceptible to noise interference when processing noise. CWT
may introduce high-frequency noise into time-frequency maps
in multi-scale analysis, resulting in blurry signal features and
decreased diagnostic accuracy. SWT, through its synchronous
compression mechanism, is more effective in separating signals
from noise, especially in the case of high noise, and can extract
effective information of signals more stably at various scales,

reducing the impact of noise on time-frequency images.

4.4. The Influence of Different Mother Wavelets on

Accuracy

In this experiment, we selected three common wavelet bases
(Morlet wavelet, Mexican Hat wavelet, and Haar wavelet), and

tested them under three branch conditions in noise free and

50dB Gaussian white noise environments. The experimental
results show that Morlet wavelets perform well under both
signal-to-noise ratio conditions. Under 50dB Gaussian white
noise, the accuracy of Morlet wavelet is 98.61%, while under
noise free the accuracy is 98.94%. The specific results are

shown in Table 10.

Table 10. The influence of different mother wavelets on

accuracy.

Mother The accuracy under The accuracy under 50dB
wavelet noise free/% Gaussian white noise/%
Morlet 98.94 98.61

Mexican Hat 97.39 96.38

Haar 97.83 96.89

4.5. Comparative Study of SWT and Traditional Time-
Frequency Methods

In order to verify the advantages of SWT over traditional time-
frequency analysis methods (such as CWT, STFT, and HHT),
the accuracy of four methods under three branch conditions was
compared in the experiment, and 50 dB of Gaussian white noise,
harmonic noise, and switch transient noise were added to the

testing of each method. The results are shown in Table 11.
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Table 11. Comparison of accuracy of different time frequency

analysis methods.

The accuracy under The accuracy under

Method noise free/% 50dB noise/%
HHT 94.67 94.11
STFT 94.28 93.22
CWT 95.94 95.22
SWT 98.94 98.50

The experimental results show that the synchronized
wavelet transform (SWT) exhibits high accuracy under both
noisy and noiseless conditions. Under 50dB noise, SWT can
still maintain an accuracy of 98.50%, which is superior to other
methods. The accuracy of CWT, HHT, and STFT decreases
significantly under noise interference, especially STFT, which
is significantly affected by noise.

SWT improves resolution and effectively suppresses high-
frequency noise through synchronous compression, making it
ideal for capturing the transient changes of arc faults. In contrast,
STFT struggles with non-stationary signals due to its fixed
frequency resolution. CWT faces issues with resolution blurring
when dealing with non-stationary signals, due to scale selection
and redundancy. HHT is prone to modal aliasing, which reduces
accuracy. Thus, SWT's high resolution and noise resistance
outperform STFT, CWT, and HHT, making it particularly
effective in arc fault detection.

In summary, the noise-related experiments validate the noise

resilience and generalization capability of CASCNet combined

with SWT in noisy environments. SWT-CASCNet effectively
extracts signal features through the synchronous compression
mechanism, significantly outperforming CWT, STFT, and HHT,
demonstrating strong stability and adaptability. Additionally,
compared to other neural networks, CASCNet shows higher
accuracy and stability in handling noise interference. The
specific experimental results are as follows:

(1) SWT-CASCNet maintains high accuracy under noise
interference, outperforming both CWT and other neural
networks.

(2) The Morlet wavelet shows stable performance in noisy
environments, improving model stability.

(3) SWT effectively preserves signal information under
noise interference, achieving higher accuracy than CWT, STFT,

and HHT.
4.6. Comparative Experiment

In order to comprehensively evaluate the performance of
CASCNet in practical applications, we conducted experiments
on the case of three branches and compared the VGG16 and
ResNet18 models. In this experiment, we focused on four
indicators: accuracy across three branches, parameter count,
FLOPs, and inference time. These indicators demonstrate the
model's advantages in accuracy and computational efficiency.

The experimental results are shown in Table 12.

Table 12. Comparison of model performance under three branch setting.

Method The accuracy/% Parameter count/M FLOPs/G Inference Time/ms

VGG16 95.55 39.93 1.273 1.53
ResNet18 96.06 11.19 2227 1.97
CASCNet 98.94 3.22 0.246 1.18

The results of this experiment show that under the three
branch setting, CASCNet not only has significant advantages in
accuracy compared to VGG16 and ResNet18, but also performs
more efficiently in terms of computational resource

consumption.
4.7. Hardware Performance Evaluation

To wverify the applicability of the model in resource
constrained environments, we quantified the trained CASCNet
model and deployed it in the NVIDIA Jetson Orin Nano

development kit (see Figure 7). In the six branch detection task,

CASCNet achieved an average accuracy of 99% and inference
time of only 4.2 milliseconds. The generation time of SWT
time-frequency graph on NVIDIA Jetson Orin Nano platform is
0.74 seconds, which fully proves the efficiency and reliability

of the model in embedded systems.
5. Conclusion

This paper presents a method for arc fault detection based on
SWT and CASCNet. By monitoring only the main circuit
current, SAF fault detection can be implemented in multi-
embedded

branch circuits and efficiently run on
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microprocessors. Experimental results show that when
CASCNet runs on embedded devices, the average inference
time per sample is 4.2 ms. Moreover, the method maintains high
accuracy in a 50 dB Gaussian white noise environment,
demonstrating strong noise resistance and confirming its
potential  for practical deployment on embedded
MiCroprocessors.

Although the Jetson Orin Nano platform outperforms other
embedded devices (e.g., Raspberry Pi) in terms of performance,
its higher cost limits its use in home arc fault circuit interrupters

(AFCI or AFDD). Therefore, future work will focus on

optimizing the SWT and CASCNet models to reduce hardware
costs while maintaining detection performance, aiming to
expand the application of home electrical fault monitoring
systems.

Additionally, the variation in sampling frequencies caused
by different data acquisition cards, a common issue in
engineering practice, has not been fully addressed. Future work
should investigate its impact on time-frequency images and
fault detection, with an emphasis on improving the model's

robustness under different sampling conditions.
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