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Abstract

Arc faults represent a major hidden risk in low-voltage AC systems, as they can
generate persistent high-temperature plasma leading to insulation failure and fire
hazards. Conventional protective devices often fail to detect these faults because arc
signatures are transient, nonlinear, and strongly influenced by operating
environments. Arc fault detection devices (AFDDs) are developed to prevent the
electrical fires caused by arc faults. But, complex scenarios—such as various load
conditions and line masking—further distort current signals, making detection
highly unreliable. Existing standards address only limited arc-fault cases and lack
comprehensive evaluation metrics, leaving a gap between laboratory testing and
real-world residential environments. However, the circulation of these products in
the market cannot effectively detect arc-fault events and prevent fires, thereby
posing serious threats to human life and property safety.

To overcome the gaps, this thesis aims to systematically evaluate the
performance of existing AFDDs, develop novel arc fault detection algorithms, and
propose a unified explainable assessment scheme for improved reliability and
applicability.

Standard tests cannot fully capture the complexity of real-life situations. To
investigate the impact of diverse load types and line conditions on arc-fault signals,
this thesis develops a sophisticated experimental platform and designs various
additional tests to analyze the behavior of AFDDs under different complex real-
world operating conditions. Based on the platform, existing AFDDs are
systematically evaluated under both standard requirements and additional test
scenarios to identify key weaknesses in practical implementations.

To address these challenges, two refined arc fault detection algorithms are
proposed targeting complex load types and long cable lengths, thereby enhancing
the accuracy, reliability, and real-world applicability of arc fault detection.

Existing arc fault detection methods struggle with low accuracy in complex
load environments and lack adaptability to simultaneous or mixed load operations.
Prior studies offer no clear guidance on optimal sampling parameters. To address the
challenges, this thesis proposes a lightweight AC arc fault detection framework
based on event-based load classification. The method first analyzes arc
characteristics under different load conditions and performs load classification using

transient events, categorizing loads into resistive, inductive, and switchable types.
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For each category, sequential floating forward selection is employed to optimize
feature subsets, and a KNN-based classifier is used to achieve efficient and accurate
detection. The experimental results demonstrate that the proposed method performs
effectively in practical arc fault detection under multi-load conditions and has
stronger applicability in arc fault detection than other reported methods, including
those using deep learning models. The proposed framework avoids the high
computational cost of deep learning while maintaining strong detection performance.

AFDDs exhibit significant drops in detection accuracy when operating under
long cable lengths. Regarding complex masking tests with line impedance, a novel
approach to AC arc fault detection is introduced, combining multi-band feature
fusion with Catboost. Due to the different attenuation degrees of high-frequency
features under various load types in long-distance cables, the startup power
variations are analyzed to capture their transient characteristics for classification.
Recursive Feature Elimination and CatBoost classifiers are used to extract optimal
features and detect arc-fault events, improving detection performance without
requiring deep learning models. The proposed method achieves 97% accuracy in arc
fault detection, even when models are trained only under ideal (Om) conditions,
demonstrating excellent generalization under long-cable conditions. An ablation
study and model comparison are conducted to validate the effectiveness of the
proposed method.

The high accuracy does not guarantee true feature extraction. Existing arc fault
diagnosis models often lack trustworthiness and interpretability, relying too heavily
on accuracy while ignoring whether true features are captured. The study introduces
a unified explainable assessment scheme that defines ground-truth fault features and
integrates explainable artificial intelligence (XAI) to assess model reliability. Two
XAI methods, Occlusion Sensitivity and SHAP, are used to assess how models
identify key fault features for feature pool-based methods and deep learning methods.
Several traditional machine learning methods and deep learning methods across two
arc fault datasets with different sample times and noise levels are utilized to test the
effectiveness of the proposed assessment scheme. Through this approach, the arc
fault diagnosis models are easy to understand and trust, allowing practitioners to
make informed and trustworthy decisions. Based on the results, a lightweight
balanced neural network is developed to guarantee competitive accuracy and soft

feature extraction score. The proposed method enhances model transparency,
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supports real-world deployment with low computational cost, and guides model
selection and ensemble strategies.

In conclusion, this thesis presents a comprehensive framework that integrates a
newly designed testing platform, two advanced arc fault detection algorithms, and a
robust explainable assessment scheme. Building upon existing standards and arc
fault detection algorithms, this thesis systematically addresses their limitations and
introduces novel methods to enhance detection performance. The proposed
framework enables reliable identification of arc-fault signals in real-world
environments characterized by diverse loads and complex disturbances. In addition
to improving detection accuracy and robustness, this work provides practical
insights into standardized test requirements and algorithm evaluation. These
contributions support manufacturers in developing safer and more reliable arc fault

detection products and contribute to reducing the incidence of electrical fires.
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1 Introduction

1.1 Background

An electrical fire is a fire that originates from an electrical fault, such as faulty
wiring, overloaded circuits, or malfunctioning appliances. Unlike other fires caused
by open flames or combustible materials, electrical fires often smolder within walls
or appliances before becoming visible. According to the U.S. Fire Administration,
electrical fires in residential settings resulted in approximately 305 deaths and 800
injuries in 2023. Property losses associated with these fires were estimated at $1.5
billion in the United States [1]. In the European Union, the total number of fires of
electrical origin is estimated at 273,000 per year. Electrical hazards account for
approximately 25-30% of all fires in the EU, resulting in over 1,200 deaths and
causing property damage exceeding €10 billion, as reported by the European Fire
Safety Alliance [2]. Figure 1.1 shows the fire caused by arc faults in China. The

consequences of these fires are severe, not only in terms of economic losses to

society but also fatalities and injuries.

Figure 1.1 Fire caused by arc faults.

Electrical fires are generally attributed to multiple factors within electrical
systems. The most prevalent causes include circuit overloading, short circuits,
deteriorated wiring, defective equipment, and inadequate maintenance. These
conditions often result in excessive heat generation or sparks that can ignite nearby

combustible materials. Among these causes, arc faults represent a particularly



significant hazard. U.S. Fire Administration pointed out that arc faults caused more
than half of the casualties and losses in electrical fires.

An arc fault is defined as an unintended arcing situation in a circuit,
accompanied by a luminous electrical discharge across an insulating medium [3].
Arcing, which results from long-term operation of cables, overload of electrical
equipment, loose connections, external intrusions, or insulation damage, occurs
frequently in residential buildings [4]. Figure 1.2 shows the arc fault generated in the
laboratory by the damage to the cable insulation. Once an arc fault occurs, the
temperature can reach as high as 20004000 °C, even when the arc current is only
between 2—10 A. These arcs can release a tremendous amount of energy. If extreme

heat readily ignites cable insulation or nearby combustible materials, it can give rise

to serious fire hazards [5].

Figure 1.2 Arc faults caused by insulation damage.

According to the types of currents in the arc circuits, arc faults can be divided
into DC arc faults and AC arc faults. The DC arc faults can bring hazards to the
railway system [6-8], PV system [9-15], DC power grid [16-19] etc. The prevention
of DC arc faults has become a hot topic as PV systems and other DC technologies
have proliferated in recent years. Nevertheless, the problems caused by AC arc faults
are always the most concerning problems and have been investigated for a long time.
This is because the AC arc faults that happened in the low-voltage residential circuit

pose a threat to property and human life in buildings.



According to the AC arc fault location, there are three main types of arc faults
in Figure 1.3: series arc faults, parallel arc faults, and ground arc faults. The position
of the series arc faults is connected in series with the load, and the arc current flows
through the load. The current is small, only a few amperes in many cases, and not
easily detected. A parallel arc fault is an arc connected in parallel with the load,
which occurs between the phase lines, and the test current ranges from 75A to 500A.
A ground arc fault is a particular type of parallel arc fault that occurs between the

phase line and the ground line.
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(a) Series arc fault (b) Parallel arc fault (c) Ground arc fault
Figure 1.3 Three types of arc fault.

Due to the appearance of arc resistance, the current generated by an arc fault
is typically lower than the rated operating current of the load. As a result,
conventional protective devices, such as Residual Current Devices (RCDs), are
unable to detect or interrupt arc faults. To handle this problem, the Arc Fault Circuit
Interrupter (AFCI) was invented in the US in 1993. As AFClIs became increasingly
adopted for arc fault protection in residential buildings, the technical standard for
AFCI has been released and revised by Underwriters Laboratories since 1999 [20].
The Electrotechnical Commission (IEC) and China Fire Institute promulgated IEC
62606-2013 and GB 31143-2014 to regulate the requirements of tests for Arc Fault
Detection Devices (AFDDs) [21, 22]. Figure 1.4 shows the tested AFDD and AFCI.

Figure 1.4 Tested AFDD/AFCI.
The detection algorithms of AFDD or AFCI play an important role in arc
protection. These algorithms have evolved significantly over time. Early time-
domain approaches relied on basic electrical signal features but were prone to false

tripping under complex load conditions. Later, frequency-domain and time-
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frequency-domain methods, such as wavelet transforms, enhanced the ability to
capture arc signatures. More recently, machine learning methods and deep learning
models have emerged as dominant approaches, offering data-driven classification
and automated feature extraction that improve adaptability under dynamic load
scenarios.

However, arc fault detection technologies still face significant limitations in
practical applications. First, AFDDs are plagued by frequent missed detections and
false alarms. The unstable and highly random characteristics of arc fault signals
make these devices difficult to reliably distinguish from normal -electrical
disturbances. Moreover, many common household appliances, including various
light systems (Figure 1.5), motor-driven devices, and switch-mode power supplies,
generate high-frequency noise similar to arc signatures, which further increases the
risk of misclassification. Additionally, AFDDs are further constrained by hardware
limits, such as sampling rates and limited on-board computing power, which restrict

complex algorithm deployment and real-time performance.

Figure 1.5 Light systems.

Existing arc fault detection algorithms demonstrate low recognition accuracy
and limited applicability. Conventional approaches that rely on waveform distortion,
harmonic content, or high-frequency features often lack robustness in complex
working conditions. They are sensitive to noise, require high sampling rates, and
struggle to balance real-time performance with accuracy. As a result, their reliability
across diverse operating conditions remains insufficient, restricting large-scale
deployment. Moreover, these methods often struggle to detect arc faults under
complex operating conditions—such as the simultaneous operation of multiple
appliances and the cable masking scenarios. In practical residential or commercial
settings, long cable shielding layers can attenuate or distort arc fault signals,
reducing the ability of existing algorithms to differentiate hazardous arcs from
normal electrical noise. This discrepancy between performance observed in

laboratory tests and real-world applicability further compromises the reliability of
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AC fault arc detection solutions, particularly in the scenarios most critical for
electrical fire prevention.

Additionally, the standardization of arc fault detection remains incomplete.
Although standards have been established to regulate arc fault detection devices, the
test configurations and evaluation results are often relatively limited and uniform.
While arc fault detection algorithms typically achieve high accuracy on
manufacturers’ own datasets, the reliability of these results under diverse real-world
conditions remains unclear. Without a unified framework, the effectiveness of arc
fault detection algorithms varies considerably, leading to inconsistent performance
and hindering user confidence.

To address the constraints of existing arc fault detection technologies, this
thesis proposes to address a series of critical issues in the application of AFDDs:
evaluating existing AFDDs, developing arc fault detection methods through event-
based load classification and multi-band feature fusion with Catboost, and
introducing an explainable artificial intelligence (AI) based assessment scheme,
forming a comprehensive arc fault detection framework to improve accuracy,
enhance applicability, and promote broader adoption in residential and industrial

settings.

1.2 Objectives

The overall objective of this thesis is to address the critical limitations of
existing AC fault arc detection technologies and to develop a comprehensive,
reliable, and practical arc fault detection framework that enhances the accuracy and
applicability of detection systems and further contributes to preventing electrical
fires in residential, commercial, and industrial settings.

To achieve this goal, this thesis assesses the performance of AFDDs,
proposes two novel arc fault detection algorithms, and an explainable Al-based
assessment scheme for arc fault diagnosis. First, a systematic assessment of
commercial AFDDs is conducted to examine their effectiveness according to the
standard and additional tests, thereby identifying performance gaps and providing
recommendations for improving standard test procedures. Then, based on these
identified issues, two arc fault detection algorithms are developed for complex
operating conditions and long-cable scenarios. To address the defect of single
evaluation metrics, an explainable Al-based assessment scheme for arc fault
diagnosis is proposed, providing credible assessments of model interpretability and
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reliability to comprehensively validate the arc fault detection algorithms and solidify

the framework’s overall trustworthiness.
1.2.1 Assessment of Arc Fault Detection Devices

In recent years, a wide variety of arc fault detection devices have emerged
on the market. However, their actual performance under real-world residential
conditions remains uncertain. Although most commercial devices claim compliance
with standardized testing procedures, it is not clear whether they can reliably detect
arc faults and provide effective protection against fire hazards in complex and
dynamic household environments.

To address this gap, this thesis conducts a systematic assessment of commercial
AFDDs, identifying performance differences through standard and additional tests,
and proposes suggestions to standard tests to better bridge the gap between
laboratory conditions and practical applications.

First, various commercial AFDDs are evaluated by a wide range of standard
and additional tests using the arc-fault experimental platform, including standard
tests and additional tests. Based on these performance results under standardized test
conditions and in real-world operating environments, the testing configurations and
load types that expose the weaknesses of AFDDs are identified.

Based on these insights, this thesis recommends improvements to existing
standard tests. These enhancements are intended to capture the complexity of real-
world operating conditions and provide a more rigorous framework for assessing
AFDDs performance. This contributes directly to standardization work and helps

bridge the gap between laboratory testing and real-world application scenarios.

1.2.2 A Lightweight AC Arc Fault Detection Method by

Integration of Event-based Load Classification

To address the challenge of accurately detecting arc faults under complex
electrical conditions, this thesis proposes an AC arc fault detection algorithm to
extract dedicated discriminative features and enhance accuracy and computational
efficiency in complex residential electrical environments. The algorithm is designed
to overcome the limitations of traditional and Al-based methods, which often show
high accuracy in laboratory settings but fail in real-world applications due to a lack

of adaptability and masking effects.



In practical settings, multiple appliances often operate simultaneously, each
exhibiting unique transient behaviors, start-up dynamics, and electrical
characteristics. These overlapping signals can mask or distort the arc signature,
leading to missed detections or false tripping. To address this challenge, classifying
different loads is useful for identifying the characteristic features of fault arcs under
complex conditions. Electrical loads are categorized into resistive, inductive, and
switchable types based on their transient turn-on signatures. Different load
categories interact differently with arc-fault signals. During runtime, the algorithm
performs event recognition to determine the load type, after which the relevant
feature set and classification model are deployed for arc fault detection.

The arc fault detection algorithm can adapt to unknown or evolving load
conditions, while maintaining both high detection precision and computational

efficiency, making it suitable for real-world deployment in residential systems.

1.2.3 A series AC arc fault detection with Line Impedance

Based on Multi-band Feature Fusion and Catboost

To address the issue where algorithms fail to accurately identify long-distance
arc faults, a series AC arc fault detection algorithm is proposed by mitigating the
degradation in detection performance caused by signal attenuation in long-distance
cables.

In long-distance residential wiring, the high-frequency components of current
signals are heavily attenuated or distorted by cables. Although commercial AFDDs
often achieve high accuracy in controlled laboratory environments, their
performance significantly degrades in field applications, primarily due to this
masking phenomenon. The attenuation characteristics of high-frequency signals
during cable transmission are analyzed, and the attenuation of current signals under
different load types is examined as the cable length increases.

An algorithm based on load classification and specific frequency band feature
analysis is proposed to identify arc faults in long-distance cables, which can bridge
the gap between laboratory validation and practical performance. By effectively
addressing cable masking, this approach ensures that detection reliability is

maintained across diverse wiring configurations and installation environments.



1.2.4 An Explainable Assessment Scheme for Arc Fault
Diagnosis

While machine learning and deep learning algorithms have shown impressive
accuracy in arc fault detection, a critical limitation remains: a lack of transparency
and reliability regarding whether the models are genuinely learning from relevant
arc fault features.

To address this gap, this thesis aims to establish a unified explainable
assessment scheme for arc fault diagnosis to assess the consistency between model
decisions and physical characteristics of arcs, addressing the limitations of
traditional evaluation metrics.

The assessment scheme can assess whether a trained model’s decision-making
aligns with the physical characteristics of arc faults. This approach is essential to
ensure that high-accuracy models do not simply overfit to noise or sample time,
especially under varying conditions such as different sampling frequencies, noise
levels, or load types. By comparing selected features with the ground truth features,
the indicator quantitatively assesses how well the model’s focus aligns with expected
arc fault behavior. This indicator ultimately supports safer deployment of arc fault
detection technology and encourages a standardized way to evaluate Al-based

detection models.

1.3 Thesis Outline

This thesis presents a comprehensive study on the arc fault detection in AC
low-voltage systems, focusing on the assessment of existing arc fault detection
devices, proposing novel arc fault detection algorithms for complex scenarios and
cable masking scenarios, and establishing a unified explainable assessment scheme
for arc fault diagnosis to improve arc fault detection reliability and accuracy. Figure
1.6 shows the structure of the thesis.

Chapter 1 introduces the background and objectives of arc fault detection,
outlines the structure of this research, including arc fault product assessment with
recommendations, development of two arc fault detection algorithms, and the
establishment of an explainable Al-based assessment scheme.

Chapter 2 reviews existing research on arc fault detection, outlining the field’s
detection algorithms, major challenges, and gaps. It begins with the mechanism and

mathematical models of arcs, then introduces arc fault detection based on physical
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phenomena. Most arc fault detection methods focus on signal processing procedures
and discuss data-driven detection based on feature extraction and artificial
intelligence techniques. This chapter summarizes the requirements on operating
characteristics for arc fault detection devices specified in existing standards.

Chapter 2
Review of AC Arc Fault Research

—
. - ~ .
* Detection methods _ —— =~ * Standard requirement
= ~
- - =~ ~

Two Novel Detection Methods _ —— S~ Two Performance Assessments

&
ﬁapter4 \ Research gap /Chapter.’» \
Arc fault Detection by Integration of

h Assessment of Arc Fault Detection

Event-based Load Classification Devices
* Arc characteristics analysis  Standard tests
Line impedance 14+ Load classification based on transient event * Additional tests
* Sequential floating forward featyre selection * Recommendations
Chapter 5
Chapter 6
Arc Fault Detection based on Multi- Model confidence P .
. Explainable Assessment Scheme for
band Feature Fusion and Catboost ﬁ

Arc Fault Diagnosis

« Explainable Al : SHAP, Occlusion sensitivity
* Multi-band feature extraction * Soft evaluation indicator
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Figure 1.6 The structure of the thesis.

In Chapter 3, a thorough assessment of commercial AFDDs is performed
according to the requirements of standards and additional tests, including masking
tests with inhibition loads, masking tests with line impedance, and unwanted tripping
tests. This chapter highlights the inadequacies of AFDDs in detecting complex arc
faults. Based on the test results, enhancements to standard testing methods are
proposed.

In Chapter 4, a new lightweight arc fault detection algorithm is introduced,
which incorporates transient event-based load classification. The method uses
sequential forward feature selection and is validated through real-world arc fault data.
The chapter also includes sensitivity analysis and comparisons with Al and deep
learning methods.

Chapter 5 presents an advanced arc fault detection method targeting line
masking tests. This algorithm proposes a multi-band feature fusion framework and
uses the CatBoost model for classification. Feature selection is performed using
recursive feature elimination, and the method is rigorously tested through
classification performance evaluations and ablation studies.

Recognizing the shortcomings of existing algorithm evaluation metrics,
Chapter 6 introduces an assessment scheme using explainable Al techniques. It
incorporates SHAP and occlusion sensitivity to define ground truth features and
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evaluate model transparency and performance. The chapter concludes with
implementation results and a lightweight neural network design to support
interpretability.

In Chapter 7, the conclusions and future work are summarized.

10



2 Review of AC Arc Fault Research

AC arc faults can cause electrical fire hazards and property loss. To detect arc
faults, some standards and algorithms are proposed to solve the critical problems in
electrical safety. However, in recent years, the increasing variability and complexity
of electrical loads have posed significant challenges to accurate arc fault detection,
such as dehumidifiers, air conditioners, and microwave ovens. Over the past decades,
researchers have developed a wide variety of detection methods ranging from
traditional signal-based techniques to advanced data-driven models.

In order to comprehensively understand the research in this field, this chapter
introduces the relevant work from multiple aspects. Section 2.1 discusses the
mathematical-physical arc model that utilizes mathematical representations of arc
behavior to identify arc faults. These models aim to describe the time-varying
relationships among voltage, current, and energy in order to guide and assist the arc
fault detection. Section 2.2 focuses on detection algorithms based on physical signal
characteristics, such as voltage, acoustic, and electromagnetic emissions. These
methods require prior knowledge of the arc fault location to effectively perform
detection. Section 2.3 reviews the mainstream arc fault detection algorithms based
on the current signal data. These approaches detect arc faults by analyzing current
waveforms and extracting representative features that capture the characteristics of
arc fault signal. In Section 2.4, the requirements of several representative standards
are introduced in arc fault detection. Section 2.5 provides a conclusion of research

in the field of electric arc faults.

2.1 The Mechanism and Mathematical Models of
Arcs

A comprehensive understanding of arc mechanisms is a prerequisite for
proposing effective methods to detect arc-fault events. Analyzing arc-related
characteristics in conjunction with the behavior of the surrounding circuit enables
more efficient arc fault detection.

There are two main ways to simulate an arc fault in the circuit. The
microscopic approach describes plasma phenomena with detailed equations, but it

quickly becomes mathematically heavy. The macroscopic approach treats the arc as
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a variable resistor governed by nonlinear differential equations, with resistance set
by the balance between input and dissipated energy.

The two classic arc models are Cassie and Mayr, introduced in 1939 and 1943.
Cassie assumes a constant arc temperature, with power loss proportional to changes
in the arc-column cross-section [23]. Before zero-crossing current, the breakdown
keeps the arc resistance low, so Cassie generally matches measurements well.

The expression of the Cassie model is as follows:

1d 1 2

gae—=(-@)) G-
In (2-1), g is the admittance of the arc, u is the arc voltage, U, is the static voltage
of the arc, and 7 is the arc time constant.

Mayr assumes a fixed arc-column diameter and constant power loss, while the
arc temperature varies over time and with radial position [24]. After the zero-
crossing point, Mayr is suitable for modeling with experiments due to the highly
resistive arc.

The Mayr model is typically expressed as:

1 dg _ 1 (ui 1) (2_2)

=7\P
In (2-2), g is the admittance %fdt;e a:c, uois the arc voltage,i is the arc current, P is
the steady-state power loss of the arc, and 7 is the arc time constant.

Scholars have recently undertaken studies on the classical models and
proposed a range of model combinations and refinements. In 2000, an improved
Mayr-type arc model, known as the Schavemaker model, was introduced with a
constant time parameter and a cooling power that depends on the electrical power
input [25]. Reference [26] proposed an improved arc model based on the combined
Mayr and Cassie arc models. In Reference [27], the authors proposed an improved
electrical arc model based on the arc diameter variation to predict the average arc
voltage and dynamic behavior closer to the measured ones compared to the
conventional arc models. In Reference [28], the authors propose a parameter
estimation approach for the Mayr arc model, addressing both linear and nonlinear
descriptions. They use heuristic optimization methods to assess the algorithms and
to estimate the arc-model parameters. An AC arc model based on the simplified
Schavemaker model was investigated using a neural-network-based computational
method [29]. In Reference [30], the authors proposed an improved arc model, which
can continuously imitate the randomness and intermittence during the “unstable

arcing period” of arc faults. As the current model fails to capture the high-frequency
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and randomness of arc currents, a time-domain simulation model for arc fault
currents was developed by enhancing the time constant of the Cassie arc model,
while the high-frequency features of arc currents were simulated using a segmented

noise model [31].

Comparison of Simulated Arc Models vs Measured Current
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Figure 2.1 Simulated arc models and measured current of resistive loads.
Figure 2.1 compares measured arc-fault current waveforms with several
simulated arc models for resistive loads. The results show that these arc models are
capable of accurately simulating arc-fault current of resistive loads, including peak
current reduction and the stagnation when crossing zero.

Although arc-fault simulated models under resistive loads have achieved a high
level of similarity with measured signals, a major challenge remains in simulating
the internal components of other practical loads. Many electrical loads contain
complex internal components and may involve chemical phenomena, which are
challenging to model explicitly using conventional simulation approaches.

For motor-type loads, the presence of inductance, mechanical inertia, and
dynamic states leads to complex current behavior, making it difficult for
conventional arc models to accurately reproduce high-frequency arc characteristics,
as illustrated in Figure 2.2.

For switch mode power supply (SMPS) loads, highly nonlinear characteristics,
and diverse internal topologies distort current waveforms, while detailed internal
parameters are often unavailable, limiting the effectiveness of physics-based
simulations. As a result, existing simulation approaches struggle to capture the
complexity of arc behavior under these types of loads. Simulation efforts focus on
normal current waveforms, which are used as the training dataset to prevent

unwanted trippings in Figure 2.3.
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Figure 2.2 Simulated and measured arc data of motor loads.

— Measured Data
—— Simulated Data

0 2000 4000 6000 8000 12000

Figure 2.3 Simulated and measured normal data of SMPS loads.

Various Arc models have been developed to study the characteristics of the
current or voltage during arc faults, thus detecting the arc fault in the residential
circuit. However, the load condition in reality is complex. The temperature, humidity,
and the condition of the electrodes can affect the generation of an arc fault [32]. Also,
the arc exhibits nonlinear characteristics and randomness in the circuit. It is hard to
develop an accurate model to include these factors. The proposed arc models are all
based on approximations and assumptions for some particular conditions. Thus, arc

models are not suitable for arc diagnosis in the residential circuit.

2.2 Arc Fault Detection Methods based on Physical
Phenomena

During an arc fault, energy will be released to the surrounding area due to the
discharge in the circuit. The electromagnetic radiation, acoustic emission, luminous
phenomenon, and the rise of temperature change can be used as indicators for arc
fault detection.

For the light phenomenon, Reference [33] proposed a simultaneous detection of

light and overcurrent for air-insulated switchgear. In Reference [34], the study
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clarified the mechanism of undesired electromagnetic noise from contact-breaking
arcs by quantifying the relationship between short-arc sustainable voltage and
duration. The authors measured the effect of the external DC magnetic field on the
breaking arc of Ag [35]. In Reference [36], the authors utilized radiated
electromagnetic energy from a spark/arc source as a means of detecting arcing faults
by using two types of simple antennas, stick and loop. Reference [37] proposed a
fault detection algorithm based on the randomness of differential voltage at double-
ended monitoring points to effectively identify the line voltage drop and fault arc
voltage and exclude the impact of load fluctuations.

However, these physical factors are susceptible to the environment and arc
location, which results in low feasibility in practical applications. Besides, in the
residential building, electrical wires are installed inside the wall, where it's hard to
detect these physical factors. Thus, arc fault detection based on physical phenomena
is usually used in some particular occasions, such as switch cabinets, switchgears,

aircraft, etc.

2.3 Data Processing and Data-Driven Detection
Methods

Since the location of the arc fault is unpredictable, the most common method
is to detect the arc fault by measuring the bus current. At present, most arc fault
detection methods are mainly realized by detecting the difference between the
normal current signal and the fault arc current signal.

The AC fault arc detection technology is mainly divided into the following
categories. (1) From the perspective of the time domain, these methods analyze the
current signal in the time domain and identify the time domain characteristics by
extracting the current intensity, the current jump value and peak value, the flat
shoulder feature of the current waveform, and the current rate of change. (2) From
the perspective of the frequency domain, the Fourier methods transform the current
signal and identify the arc based on the characteristic component of the arc fault. (3)
Combining artificial intelligence algorithms, other methods to perform statistical
analysis on many arc-fault current signals to find out their main characteristics and

obtain the identification basis for arc-fault events.
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2.3.1 Feature Extraction for Arc Fault Detection

Feature extraction aims to identify characteristic attributes from raw data,
enabling algorithms to focus on the most informative features for arc-fault
classification. Because the arc-fault waveform is a nonlinear time series, developing
an effective identification algorithm requires the extraction of key features. In this
field of arc fault detection, commonly used signal processing and feature extraction
techniques can be categorized into time-domain, frequency-domain, and hybrid
methods. These algorithms require manual threshold setting. When the characteristic
value of the current exceeds the threshold, it is confirmed as an arc fault.

Time-domain characteristics are primarily determined by analyzing the
differences between arc currents and normal currents in the time domain. In the time
domain, phenomena such as stagnation duration, waveform distortion, amplitude
decrease, current mean value, mean square deviation (MSD), mean energy deviation
(MED) [38], randomness, and transient saltation can be observed in the current
waveform [39, 40]. According to Mayr’s model [41], some simple but trustworthy
features can be recognized as members of the feature pool, such as signal mean,
variance, and range, even though they may be affected by load types. Moreover,
some complex statistical features are used as descriptors of time-domain signals,
such as kurtosis [42], skewness, entropy, norm [43], zero current period, and
maximum slip difference [38]. Figure 2.4 shows the current waveform of a 9 A
resistive load. After the occurrence of the arc fault, indicated by the red dashed line,
the current waveform exhibits some different features, including a reduction in

current amplitude and the zero current period.
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Figure 2.4 9A resistive load current waveform.

When it comes to the frequency domain, the magnitudes of components are
normally used as key features to detect arc-fault events. The frequency-domain
feature extraction methods transform the time-domain current signals into the
spectral domain and determine decomposition coefficients, power spectral density,

and other indicators for classification, including the Fast Fourier transform (FFT)
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[44, 45], discrete wavelet transform (DWT)[46-48], and chirp-z transform (CZT)
[49].

Reference [50] utilizes FFT to select the odd frequencies as threshold
indicators for arc fault detection. Qu et al. [51] divide the frequency range (0-2000Hz)
into ten intervals. Wang et al. [39] extract frequency domain features such as the
fundamental frequency component, the third harmonic component, and the fifth
harmonic component, combined with time domain features based on different load
types. Kurtosis and skewness of the fifth and sixth principal components were used
as a feature vector for identifying arcs [52]. DWT is employed to effectively address
the limitation of frequency domain techniques in accurately localizing temporal
frequency components. Some methods set the threshold to obtain arc-fault features
based on different mother wavelets and the scale parameter defining the observed
frequency range of the signal, like 6-layer dbl with a range of 1.9kHz-7.8kHz [53],
reconstructed detail coefficients cd2 of db4 [54], and cdl of 1-layer db2 [55]. The
power of the d5 detail signal (623-1250 Hz) is selected through the mother wavelet
Db10 with 5 detail levels [56]. Artale et al. [49] detect arc faults through a high-
resolution low-frequency harmonic analysis of the current signal, based on the CZT
and a proper set of indicators.

In current algorithms, time-domain features and frequency-domain features
are often put together as an important basis for testing arc faults. Reference [57]
proposed a series arc fault identification method based on wavelet transform and
singular value decomposition. The method selected the mean, root mean square, and
standard deviation of the singular value vector as the arc fault indicators. In the time-
frequency domain, Reference [57] extracted the standard deviation of the root mean
square of the current, the standard deviation of the DC component, and the sum of
odd harmonics as the features of identifying arc-fault events. Reference [51]
extracted four time-domain features, namely, current average, current range,
difference current average, and current variance, and used the FFT to extract ten
frequency domain features. The algorithm [40] adopts a random forest to select the
top ten features with a high correlation to the current signals from the aspects of
time-domain, frequency domain, and wavelet packet energy analysis. Random
Forest (RF) is used to select the combination of linear load and nonlinear load
characteristics in the line and then input into the neural network for training.
Reference [39] proposed a series arc fault identification method based on time-

frequency hybrid analysis.
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Overall, feature extraction for arc-fault detection has evolved from simple
time-domain indicators to more sophisticated frequency-domain and time—
frequency hybrid features. While these approaches effectively capture feature
differences between normal and arc-fault currents, most methods rely on manually
designed features and fixed threshold settings, making them sensitive to load types,
operating conditions, and noise levels. The dependence on manually extracted
features and empirical parameters limits their robustness and flexibility in real-world
residential environments, thereby motivating the exploration of more adaptive, data-

driven detection methods.

2.3.2 Arc Fault Detection Methods based on Artificial

Intelligence Techniques

In recent years, more intelligent algorithms have been employed to identify
arc faults, primarily using support vector machines (SVMs) [38], artificial neural
networks (ANNs) [39, 58, 59], and deep learning methods [60]. In general, Al-based
arc-fault detection follows a two-step procedure in Figure 2.5. Unlike low-cost
solutions that typically rely on simple algebraic calculations to extract indicators,
Al-based approaches usually apply signal transformation methods, such as the FFT,
DWT, Empirical Mode Decomposition (EMD), and CZT, to extract informative

features. Second, classifiers are used to perform arc fault diagnosis.

4@ Feature Extraction and Selection Arc Fault Detection

Signal transformation methods: Classifier: ) '
Input Current * FFT © SVM |
‘ Signal . DWT = . RF | Results
* EMD + ANN . )
« CZT « CNN

Figure 2.5 Flowchart of arc fault algorithms.

SVM-based algorithms can obtain global optimums and have good
generalization ability, especially when addressing high dimensions or small samples.
In Reference [61], high-frequency energy and current variations are extracted as an
input eigenvector for the SVM. To reduce miss or misjudge detection, the multi-
characteristic signals, including high-frequency radiation characteristics, current
waveform slope, and periodic integral characteristics, are extracted from the normal
condition, arc fault condition, and start-up stage of the circuit. Then, the status of the
circuit is identified by the SVM [62]. In Reference [38], SVM and principal

component analysis are implemented to detect the arc fault as well as load
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recognition. Reference [38] proposed a comprehensive method based on principal
component analysis and support vector machine (PCA-SVM) combined model for
compound load identification and series arc detection. It collected 3-time-domain
parameters, maximum slip difference (MSD), zero current period (ZCP), and
maximum Euclidean distance (MED), as well as nine frequency-domain harmonic
information, mixing time domain, and frequency domain information. Based on
SVM, a comprehensive load identification and series arc detection model is realized.
Reference [52] proposed a recognition method based on Kernel Principal
Component Analysis (KPCA) and Firefly Algorithm Optimization Support Vector
Machine (FA-SVM). KPCA was used to separate the harmonics and load noise
interferences in the voltage and current signals. Kurtosis and skewness of the fifth
and sixth principal components were used as a feature vector for identifying arcs.
As an advanced Al technique, ANNs [63] are also employed to detect arc
faults, due to threshold methods cannot handle complex situations. Reference [58]
proposed a method that uses sparse coding to capture specific signal features by NNs
for intelligent feature learning and classification. The preprocessed input samples
are converted into a series of sparse coefficients and then input into the neural
network for recognition. Reference [39] proposed a fully connected neural network
to divide the samples into resistive type, capacitive-inductive type, and switching
type according to the fundamental frequency component of the series current. An
independent fully connected neural network is used in each category, with custom
time and frequency indicators as input, for category recognition and state recognition.
In another aspect, to avoid the complex feature extraction process for arc
fault diagnosis, end-to-end classifications are also widely used, for example, deep
learning methods [39, 64]. The raw or pre-processed electrical signals are directly
leveraged as the input of deep neural networks, using the powerful feature extraction
ability of networks to adaptively extract useful features. Some interesting networks
are utilized in recent research, such as the AutoEncoder (AE) [65], series arc fault
neural network [66], ArcNet [60], and a temporal convolution network (ArcNN) [67].
Reference [60] proposed an arc detection model based on a Convolutional Neural
Network (CNN). The research database collects data of 8 different types of loads
according to the IEC62606 standard. ArcNet only receives the original sampling data
in the form of time series, without any software preprocessing, and directly performs
a large number of analysis experiments to verify the effectiveness of the proposed

ArcNet. The high detection and classification accuracy implies that these models can
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discover hidden arc faults through automatically extracted features, including using
different sample times. This result-oriented thinking runs through the entire deep
learning process, including the construction of additional features, the construction
of the model structure, and the selection of hyperparameters.

Many algorithms are performed under a single working condition, so it is
challenging to meet the requirements of the diversity and complexity of household
loads. Reference [40] used a combination of the feature selection method based on
Random Forest (RF) and the Deep Neural Network (DNN) to detect and locate the
topological series arc fault of multi-load circuits. Moreover, RF-DNN increased the
accuracy of ANN and DNN. Reference [68] proposed a singular value
decomposition (WASVD) algorithm based on wavelet analysis. The proposed
WASVD-CAN method has a detection accuracy of only 92% in the parallel
experiment of electronic dimming lamps, halogen lamps, and fluorescent lamps, and

the other experiments have a detection accuracy of 100%.
2.3.3 Arc Fault Detection Applications

Among all the approaches for applications, low-cost detection is most
prevalent and widely used today. To reduce computational cost caused by the large
number of parameters and training samples, the circuit current is first divided into
subsets based on common features. Then, within these refined subsets, lightweight
classifiers are employed to perform targeted feature learning and identification [39].
In Reference [69], an easy implementation method based on calculating the algebraic
derivative of the current is used for arc fault detection. Short integration times (50
us) are sufficient for arc detection in the AC circuit. However, this method is not
suitable for installations with a switching load. In Reference [45], the 5th harmonic
of the current in the circuit is used for arc fault detection. By comparing the 5th
harmonic of the current in the circuit with the minimum value of the 5th current
harmonic indicates the appearance of the arc fault in the circuit, the arc fault in the
circuit can be identified. This method is simple and inexpensive. However, this
method is only effective when the loads in the circuit can not produce the Sth current
harmonic. Other methods based on the harmonic analysis also perform poorly during
switching events [70]. Compared to the arc fault detection based on harmonic
analysis, arcing fault methods using the crest factor are more reliable and can

withstand the disturbances of arcing faults from many switching events and
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harmonics [71]. A more sensitive and stable indicator is proposed in [72]. By using
the inter-period autocorrelation coefficient, the arc fault can be easily identified.
Many algorithms focus more on the accuracy of arc detection, but they do not
realize that in some cases, the misjudgment caused by non-arc signals is also worthy
of attention. Reference [73] proposed an arc fault coupling identification method
based on Short-Observation-Window SVDR, which solved the misjudgment caused
by the similar arc and non-arc signals. The traditional current detection methods
based on FFT, wavelet transform, and CZT, even with high FR, cannot extract small
fault features from the main current. Compared with the methods mentioned above,
the coupling method proposed in this article can effectively solve the small-
amplitude fault characteristics of the main current. In the coupled signal, the second-
order cumulant algorithm is used to distinguish the arc. To guarantee the accuracy
and reduce the nuisance tripping of AFDDs in a complex load environment. The
Kalman filter, which has the ability to deal with linear systems containing white
noise and other inaccuracies in data measurement and processing, is adopted in arc
fault detection [74, 75]. In [75] the Kalman filter and a fuzzy logic processor are
used to develop a reliable arc fault detection method for a complex load environment,
and when masking load exists. In this work, various loads, masking loads, and

disturbances of the appliances are considered.

2.4 Testing Requirements in Arc Fault Detection
Standards

Due to the appearance of load resistance, the arc current during a series arc
fault does not change significantly compared to the normal operating current. Thus,
it can not be prevented by the traditional overcurrent protection devices. To reduce
fire accidents caused by arc faults, some countries have published standards to
require the test configurations for arc fault detection products in Figure 2.6. These
include UL-1699 issued by the United States, IEC62606:2013 issued by the
International Electrotechnical Commission (IEC), and GB/T31143 and GB14287.4
issued by China.

In the US, the Arc fault circuit interrupter (AFCI ) was invented in 1993, and
the standard for AFCI has been released and revised by the Underwriters
Laboratories since 1999 [20]. Since then, the potential of reducing electrical fires by
using AFCI has been recognized. Subsequently, the International Electrotechnical
Commission (IEC) and the National Electrical Code (NEC) also released the
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requirement for the AFCI [21]. In the 2002 version of the NEC code, the AFCls are
required to be installed in all circuits in dwelling unit bedrooms. At the initial stage,
the AFCIs can be used only for branch or feeder circuits. Later, the combination-
type AFCls, which can be used for both the outlet circuit and the branch circuit, were
invented and are defined by the NEC and the UL1699 in 2005 and 2006, respectively.
Since then, the use of AFCIs has expanded from bedrooms to living rooms, libraries,
recreation rooms, or similar rooms or areas [76].

The IEC promulgated an international standard for arc fault protection
equipment in 2013, namely (IEC62606-2013) [21]. In 2014, based on the
international standard IEC62606-2013, China made some modifications according
to China's power supply voltage and frequency and formulated the GB/T 31143-
2014 standard to regulate arc fault protection equipment [22]. Currently, in China,
AFDDs have not been required to be installed compulsorily. Both the AFCI and
AFDD standards serve to detect arcs and interrupt the circuit to prevent fires. In 2014,
China proposed GB 14287.4 as a standard for arcing fault detectors (AFDs)
applicable to industrial and residential buildings with power ratings up to 10kW,
which function as alarms [77]. Until 2014, South Korea still did not publish its
industrial standards or electrical installation technical standards of the electricity

enterprises act on AFDD [78].
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Figure 2.6 Standards for arc fault detection products.
In terms of voltage levels, UL-1699 is an American standard primarily
targeting applications with AC 60Hz and a rated voltage of 120V. GB/T31143 and

GB14287.4 target domestic voltage levels in China, namely AC 50Hz with a rated
22



voltage of 220V. The IEC62606 standard covers most countries and regions
worldwide, including both voltage levels used in different situations.

For current levels, UL-1699 specifies that the maximum current for normal
operation of arc fault protection products should not exceed 30A, while GB/T31143-
2014 sets a maximum current limit of 63A. According to GB14287.4-2014, which
defines a power rating of 10kW, the current level will also not exceed 100A. In
standard GB/T 31143, the minimum test current is 3A, slightly higher than 2.5A in
the standard IEC62606. Therefore, these standards mainly apply to low-current and
low-power domestic scenarios.

To assess AFDD/AFCI performance, the evaluation should cover not only the
detection of series and parallel faults but also immunity to nuisance tripping under
disturbing loads. Accordingly, the standards define test configuration and evaluation
criteria for both sensitivity and immunity. Verification of the operating
characteristics requires the tests, including series arc fault tests, parallel arc fault tests,
masking tests, and unwanted tripping tests.

However, unwanted tripping and missing trips of AFDDs often happen.
According to an investigation [79], the accuracy of arc fault detection devices is only
50%. This is mainly due to the following two reasons: the first is that the fault arc
current is small. The normal current easily submerges the characteristic signal,
especially when the arc fault happens in the subcircuit. Secondly, due to the complex
loads used in the residential building, high-frequency signals and the 'flat shoulders'
phenomenon can appear in the circuit without an arc fault. This will lead to the

unwanted tripping of the AFDDs.

2.5 Conclusions

This chapter reviewed the main research in AC arc-fault detection from four
perspectives: arc modeling, physics-based arc fault detection, data processing and
data-driven detection, and relevant standards. Traditional mathematical and physical
arc models, such as the Cassie and Mayr models, provide theoretical foundations for
understanding arc behavior but are limited by environmental uncertainties,
nonlinearity, and the randomness of real-world arc phenomena. physics-based
detection methods rely on optical, acoustic, or electromagnetic emissions, which are
easily affected by environmental factors and installation conditions, restricting their
use to specific industrial applications.

Data-driven detection methods, particularly those based on current-signal
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analysis, have shown great potential. Time-domain, frequency-domain, and hybrid
feature extraction techniques form the basis of most algorithms. Artificial
intelligence (Al)-based methods such as SVM, ANN, and deep learning models have
significantly improved recognition accuracy and automation. Nevertheless, these
models often rely on limited datasets and specific load types. When faced with
untrained or new load conditions, their performance tends to degrade, leading to
false detections or missed faults. Moreover, the complex loads and strong masking
effects in household environments remain a major challenge.

Existing standards, including UL-1699, IEC62606, GB/T31143, and
GB14287.4, provide the foundation for testing and evaluating arc fault detection
products, but unwanted tripping and missed detections continue to occur due to the
small amplitude of fault currents and the overlap between arc and non-arc
characteristics.

In summary, although significant progress has been made in both model-based
and data-driven detection techniques, challenges remain in ensuring robustness,

adaptability, and real-time performance under diverse load conditions.
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3 Assessment of Arc Fault Detection
Devices

Arc-fault circuit-interrupters (AFCls) and arc fault detection devices (AFDDs)
have been developed to reduce electrical fire risks by interrupting arc faults in low-
voltage residential circuits. As discussed in Section 2.4, several standards specify
test requirements for assessing the operating characteristics of arc fault detection
products.

However, the standardized tests are limited in both complexity and scope,
addressing only a narrow range of load conditions and circuit configurations. As a
result, despite widespread claims of meeting standard requirements, the real-world
effectiveness of arc fault detection products under diverse residential scenarios
remains insufficiently validated. A systematic evaluation of arc fault detection
products is therefore needed to assess practical performance and to identify
weaknesses in existing test methodologies.

This chapter provides a comprehensive assessment of commercial AFDDs and
the weaknesses of the existing tests, and provides recommendations for
strengthening standardized tests. Section 3.1 describes the development of the arc
fault detection platform used for testing. Section 3.2 summarizes the tests of GB/T
31143 and presents results for AFDDs. Section 3.3 and Section 3.4 examine
additional masking tests and additional unwanted tripping tests. Section 3.5 proposes
improvements to the operating-characteristic tests in current standards. Section 3.6

concludes with key findings and recommendations.

3.1 Development of the Arc Fault Platform

To conduct comprehensive arc fault detection product testing and
systematically collect experimental datasets, an experimental platform was
constructed in a real building, as shown in Figure 3.1. The test configuration is
shown in Figure 3.2. The platform comprises three units: an Arc Fault Unit (AFU),
a Data Acquisition Unit (DAU), and an Appliance Load Unit (ALU). This platform
is powered by a 220 V AC, 50 Hz source.
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Figure 3.2 Configuration of the arc testing platform.
3.1.1 Arc Fault Unit

Series arcs are generally generated in two different ways. Figure 3.3 shows the
point contact arc fault generator to produce arcs caused by the interruption of the
line connection. This device consists of a stationary electrode and a moving electrode
based on GB/T 31143. The stationary electrode is a 6mm diameter graphite carbon

rod, and the moving electrode is a copper rod.

Figure 3.3 Point contact arc fault generator.

Figure 3.4 shows the carbonized path generator designed to generate arcs

caused by damage to the insulation layer. The transformer in this generator is used
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to provide a current source for creating a carbonized conductive path across the

insulation of the cable specimens.

Figure 3.4 Carbonized path generator.

3.1.2 Data Acquisition Unit

The current and voltage are respectively measured by a current probe
(CP8050A with the bandwidth of DC-50MHz) and a voltage probe with a bandwidth
of 250MHz. The signals are recorded by an oscilloscope (Rigol Oscilloscope
MSO05000 with 250 MS/s) as shown in Figure 3.5.

(a) (b)

Figure 3.5 Data acquisition device (a) Oscilloscope (b) Current probe

3.1.3 Appliance Load Unit

Loads and circuit configurations in the standard are relatively simple and narrow
in scope. The ALU extends some typical household appliances in Figure 3.6,
incorporating devices such as air conditioners, electric kettles, hair dryers, and
various lighting systems. The platform recreates comprehensive household
scenarios in which arc faults may occur on the main feeder, on individual branches,

or across multiple branches.
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Figure 3.6 Household appliances.
3.1.4 Selection of AFDDs

Arc fault detection devices are designed to detect hazardous arc faults in
electrical circuits and thereby reduce fire risk. Thirteen AFDD/AFCI products
available in the Chinese market were collected for testing, as shown in Figure 3.7.
An anonymized list is provided in Table 3.1. The products employ diverse feature-
extraction and detection techniques. Most devices on domestic and commercial
applications have a rated current up to 40 A, which are typically used to detect series

arc faults in the circuits.
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Figure 3.7 Selected AFDDs.
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Table 3.1 The parameters of selected products

Product  Feature Extraction Detection Algorithm Rated
Current(A)
None Artificial intelligence 32
Typical time-domain features and FFT  Trip thresholds 40
A low-frequency and high-frequency Trip thresholds 20
signal
D FFT, spectrum analysis Trip thresholds 32
E RSSI in the frequency domain Trip thresholds 25
F Typical time-domain features and FFT  Trip thresholds 32
G None None 25

3.2 Standard Tests

This section presents the standard tests performed on AFDDs to evaluate their
performance, reliability, and safety. Section 3.2.1 outlines the general requirements
and test procedures of standard tests. Section 3.2.2 summarizes the test results and

analysis of AFDDs.

3.2.1 The Requirements of Standard Tests

All AFDD/AFCI products entering the Chinese market must undergo a sequence
of tests defined in GB31143 [22] to verify the ability to capture the arc-fault event
and ensure a basic level of unwanted tripping. In this section, standard tests are
presented, which were performed on the selected AFDDs to reveal their detection
performance against arc faults.

The verification of the operation characteristics is mainly made by
conducting three types of tests, namely
e series arc fault tests,
e masking tests, and
e unwanted tripping tests.
3.2.1.1 Series Are Fault Tests
In the series arc fault tests, a representative product shall clear the arcing fault in
case of sudden appearance of a series arc in the circuit, by inserting a load with a
series arc fault, and closing on series arc fault. The test circuit is shown in Figure
3.8. According to the switch position of S1, S2, S3, and S4, the test arc current is
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adjusted to the rated current through the resistive load, and the breaking time is
measured three times.

52

54

51 53

Phase

AFDD Load

Neutral

Figure 3.8 Circuit diagram of the series arc fault experiment.
3.2.1.2 Masking Tests
In the masking tests, the correct operation of AFDDs shall be checked in
different inhibition configurations: inhibition loads, an electromagnetic interference
(EMI) filter, and a line impedance.

The masking test with inhibition loads is divided into two groups. In the first
group, the resistive load is adjusted so that the current flowing through the AFDD is
2.5A. The circuit diagram is shown in Figure 3.9. The second group of tests is
applied with inhibition loads, using the same resistive load in different
configurations. The circuit diagram is shown in Figure 3.10. The current and power

of the masking load in the experiment are shown in Table 3.2.
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Figure 3.9 Test circuit for masking tests.
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Table 3.2 Load parameters

No. Load type GB31143 Lab

a A vacuum cleaner SA-TA 6.8A

b Electronic switching mode power supplies At least 3A 3.95A

c A capacitor start motor P=2.2kW P=2.2kW

d An electronic lamp dimmer controlling a tungsten P=600W P=600W
load

e Two fluorescent lamps plus a resistive load SA P=80W P=80W

f 12 V halogen lamps powered with electronic P=300W P=300W
transformer plus a resistive load 5SA

g Drill P=600W P=600W

The EMI filter masking tests include two types, one using two capacitors

and the other using an EMI filter at the end of the cord.

The line impedance consists of an armored cable with a length of 30 m and

a cross-section of 2.5 mm?. The load is a 3 A resistive load. The circuit is shown in

Figure 3.11.

30m Arc fault
! | tester

----------- <]

Fv AFDD Steel armored
cable

Resistive
load

Figure 3.11 Line impedance for masking tests.

3.2.1.3 Unwanted Tripping Tests

Unwanted tripping tests consist of cross talk test and test with various disturbing

loads. The cross talk test mainly tests whether an AFDD will trip incorrectly in a

branch when an arc occurs in another branch without an AFDD. Tests with various

disturbing loads are shown in Figure 3.9 without an arc generator or cable specimen

(S1 being closed). The parameters of loads are presented in Table 3.2.
3.2.1.4 Testing Procedure

In the series arc fault tests and masking tests, the breaking time is measured

three times. No measurement shall exceed the limiting value in Table 3.3 when using
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the carbonized path generator. When using the arc generator, the AFDD/AFCIs shall
clear the arcing fault in less than 2,5 times the break time in Table 3.3. In the
unwanted tripping tests, the loads are energized for a period of at least 5 s. Five
Start/Stop operations shall be performed and the products shall not trip.

Table 3.3 Limit values of break time

Test arc current (r.m.s. values) 3A°  6A  13A 20A 40A 63A

Maximum time 1 0.5 025 0.15 0.12 0.12

3.2.2 Results and Analysis of AFDD Standard Tests

Seven AFDDs are installed at the side of the power supply to detect arc
faults, as listed in Table 3.1. In the masking tests and unwanted tripping tests, seven
loads are selected, as shown in Table 3.2.
3.2.2.1 Results of the Standard Tests

Since the rated currents of the AFDDs are different, the series fault arc test is
mainly based on the rated current to determine the test items, so the number of arc
test items between AFDDs with different rated currents is not the same. Table 3.4
shows the results of the series fault arc tests on seven different brands. Among the
seven AFDDs, two AFDDs ultimately passed the series arc fault tests in GB31143,
and five AFDDs did not.

In the three fail-to-pass experiments of AFDD Sample C, the tripping time under
the current of 20A is 0.2s, which is greater than 0.15s required by the standard. In
the fail-to-pass experiment of AFDD Sample E, the AFDD tripped at 0.6 s under the
20A current, which exceeded the max. limit of 0.15s. The situation shows that the
algorithms in the two AFDDs are too complicated to protect the circuit in time.
Furthermore, the performance of circuit breakers is different in the three experiments
of the same item.

Table 3.4 Results of the series fault arc tests

AFDD Rated Current | Overall Items | Failed items | Remark

A 32A 4*3=12 0

B 40A 5*%3=15 0

C 20A 4*3=12 3 Time out
D 32A 4*3=12 11

E 25A 4*3=12 5 Time out
F 32A 4*3=12 12

G 25A 4*3=12 12
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The results of masking tests for AFDDs were presented in Table 3.5. It can
be seen that seven AFDDs, four AFDDs passed the test, and the remaining three
circuit breakers failed in the test. From the number of failed projects, these three
AFDDs can hardly identify arcs in the masking tests.

Table 3.5 Results of the masking tests

Brand 3A a b ¢ d e f g EMI Line Fail
A N N N N N N NN v 0

B N e e N v 0

C N e e N N v 0

D N N e N N v 0

E x x x x x x A x x x 22
F x x X  x  x x x x x x 20
G x x X  x  x x x x x x 28

The tests with various disturbing loads are aimed at the current waveforms
of some loads having flat shoulders and other arc current features to prevent AFDDs
from unwanted tripping under normal operation. In Table 3.6, AFDDs performed
very well in the unwanted tripping test. Among the seven AFDDs, only one AFDD
failed in the test.

Table 3.6 Results of the unwanted tripping tests
b d f

Brand Cross Fail
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In Table 3.7, among the seven brands of AFDDs, two circuit breakers have
passed ultimately, and the rest of the AFDDs are not satisfactory. This result
evaluated the operating characteristics of seven AFDDs in the Chinese market and
found that not all circuit breakers can detect the arc fault within the specified time.
The main problem is the arc fault identification under the masking experiment. When
there is a masking load in the circuit, the current feature of the arc-fault signal is

easily masked. In the series arc fault experiment, the challenge of the circuit breaker
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is that AFDDs cannot recognize the fault arcs and trip in a standard fixed time under

high currents. In the unwanted tripping experiment, the overall performance of

AFDDs is outstanding.
Table 3.7 Results of the AFDD standard tests
Brand Series  arc Masking test Unwanted Total tests
fault tests tripping test

Test Total Fail Total  Fail Total  Fail Total  Fail

A 12 0 28 0 8 0 48 0
B 15 0 28 0 8 0 51 0
C 12 3 28 0 8 0 48 3
D 12 11 28 0 8 0 48 11
E 12 5 28 22 8 0 48 27
F 12 12 28 20 8 0 48 32
G 12 12 28 28 8 3 48 40

3.2.2.2 Waveform Analysis

Figure 3.12 presents the normal current and arc current of a 3A resistive load
in the series arc fault tests. It is observed that the normal current is a sinusoidal
alternating current. When an arc appears in the circuit, the current waveform is

distorted with an amplitude increase and a flat shoulder.
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Figure 3.12 3A resistive load current waveform.

In the masking tests, the arc-fault current of the vacuum cleaner has high-
frequency components at the zero-crossing point. The arc-fault current waveform of
the electric drill shows a flat shoulder and high-frequency characteristics. However,
when there is a masking resistance in the circuit with the arc on the resistance branch,

the feature of the fault arc current is easily masked. In Figure 3.13, when a switching
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power supply or an electric drill is used as a masking resistor in the circuit, arc-fault
current waveforms exhibit less pronounced features than typical resistive arc-fault
current waveforms in Figure 3.12. The masking of this parallel load has caused

difficulties for the AFDDs to judge the arc current.
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Figure 3.13 Normal and arc waveforms of different types of appliances.
(a)Vacuum cleaner (b) Drill (¢) Drill and 3A resistive load-arc fault in the resistive
load branch (d) Power supplies and 3 A resistive load-arc fault in the resistive load

branch

3.3 Additional Masking Tests

Based on the results in Table 3.7, several AFDDs achieve a good operating
performance in the standard tests. However, in complex and dynamic scenarios at
home, whether these AFDDs can still identify fault arcs and protect circuits correctly
is not clear.

The additional masking tests are designed to evaluate the performance of
these AFDDs under real-world conditions. The test circuit follows configuration I,
as illustrated in Figure 3.10. The detailed power ratings of the selected appliances
are listed in Table 3.8. In total, thirty-three load types are included, covering many

common household loads and operating modes.
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Table 3.8 Power rating of the home appliances available for tests

ID  Load type Power | ID  Load type Power

1 Tungsten bulb 200 18  Fluorescent lamp 20

2 Kettle 1800 19  Computer 300

3 Handheld garment steamer 1200 20  Electronic switching mode 460
power supplies

4 Electric baking pan 1200 21 LED bulb 16

5 Vacuum cleaner 1600 22 LED tube 14

6 Hair dryer-Heating 1000 23 Electronic lamp dimmer 600

7 Hair dryer-Cold 500 24 Air purifier 38

8 Sliding resistor 660- 25  Fluorescent lights with 30

8800 magnetic ballast
9 Drill 600 26 Induction cooker 2100
10 Capacitor start (air 1600 27  Microwave Oven-Micro 1300
compressor type) motor

11 Industrial electric fan 550 28  Microwave Oven-Light 850

12 Washing machine 400 29  Fixed-frequency air 3500
conditioner

13 Dishwasher 1200 30  Changeable frequency air 1390
conditioner Cold

14  Disinfection cabinet 800 31  Changeable frequency air 1780
conditioner Heating

15  Fluorescent lights with 36 32 Halogen lamps powered 50

electronic ballast with electronic transformer
16  Refrigerator 130 33 Dehumidifier 178
17 Electric bike charger 180

3.3.1 Additional masking tests with inhibition loads

AFDDs A, B, C, D, and E are collected for the additional masking tripping

tests due to the performance in Table 3.7. In the additional masking tests, the test

configurations for the loads are classified into three groups: 1) the arc fault current

below the minimum current defined by the GB/T 31143, 2) the variation of the

masking load current, and 3) the variation of masking loads other than those listed

in the standard.

Table 3.9 reveals the results of the masking tests with Group 1 loads. As

shown in the table, Product D cannot detect the arc fault current of the fan or drill
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with the masking loads. Product B fails to capture the signal of arc-fault events with
the tungsten bulbs as the arc-fault load and the motor or switching-mode power
supply as the masking load. Product B functions incorrectly with the arc fault load
of the fan and the masking load of the switching-mode power supply. It is apparent
that these common home appliances have significant masking effects on the
identification of arcing in a circuit with loads of the current rating less than 3A.

Table 3.9 Results of the masking load tests(Group 1)

c-fault Loads Fan Drill Tungsten bulbs
Masking loads
AFDD/AFCI products D | Bl D | BI D | Bl
3A resistive load X N x N N N
6A resistive load x v x N N N
10A resistive load x v x N N N
16A resistive load x v x N N N
Drill + 3A resistive load | x \ x v N x
Drill + 6A resistive load | x \ x v N x
Drill + 10A resistive load | x \/ x N N x
Vacuum cleaner + 3A | x \/ x N N x
resistive load
Vacuum cleaner + 6A | x \ x v N x
resistive load
Vacuum cleaner + 10A | x \/ x N N x
resistive load
Vacuum cleaner + 16A | x v x N N x
resistive load
Switching power supplies | X X X \ N X
+ 3A resistive load
Switching power supplies | x x x N N x
+ 6A resistive load
Switching power supplies | x X X \ N X
+ 10A resistive load

‘x” failure in the test, ‘\’ pass in the test.

In the second group of tests, a sliding rheostat is inserted in the branch for
the masking load to provide an adjustable current of up to 25A. Figure 3.14 shows
the testing results of Products A, E, and D with various arc fault loads. In the figure,
the symbol of ‘0’ depicts a pass in the test under a combination of an arc-fault load
and the masking load current, and ‘%’ depicts a failure in the test. It is found that
Product E could fail in the test with the masking load current of 25A, and Product A
could fail in the test with the masking load current of 16A or above. This means a

large masking current could cause the detection failure of the products.
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Figure 3.14 Results of the masking load tests (Group 2). (a) Product E (b) Product

A (c) Product D

In the third group of tests, different combinations of appliances in the list

are made for the masking load to mimic realistic working conditions. The available
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loads include the 3A/25A resistive load, kettle, induction cooker, tungsten bulbs,
disinfection cabinet, vacuum cleaner, air compressor, switching-mode power supply,
and fluorescent light with magnetic ballast. Table 3.10 shows the testing results of
Products A, C, and E. It is found that Products A and C fail to detect the arc fault
current in the resistive loads, and Product E fails to detect the arc fault current in
other loads. Note that these products pass the standard masking tests. Figure 3.15
shows the arc-fault currents in the resistive load and disinfection cabinet,
respectively. It is seen that the arc-fault signals of the resistive load and disinfection
cabinet are masked by the masking loads, which leads to detection trouble to the
algorithms in these products.

Table 3.10 Results of the masking load tests (Group 3)

Arc-fault Load Masking loads A| C | E
A 3A resistive load Fluorescent lamps Vo x
Kettle

Switching power supplies
Vacuum cleaner

Kettle A 25A resistive load Vox A
Tungsten bulbs

A 3A resistive load Tungsten bulbs Vox A
Kettle
Induction Cooker

A 3A resistive load Tungsten bulbs x A
Kettle

A 3A resistive load Tungsten bulbs x v A
Kettle
Switching power supplies

Disinfection cabinet Vacuum cleaner RS

Switching power supplies

Fluorescent lights with magnetic ballast
Kettle

Kettle Disinfection cabinet NS
Vacuum cleaner

Switching power supplies

Fluorescent lights with magnetic ballast
Vacuum cleaner Disinfection cabinet RS
Switching power supplies

Fluorescent lights with magnetic ballast
Kettle

Disinfection cabinet Vacuum cleaner NS
Switching power supplies

Fluorescent lights with magnetic ballast
Kettle

Tungsten bulbs

Air compressor

“x” failure in the test, ‘\” pass in the test.
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Figure 3.15 Arc-fault current waveforms in masking experiments. (a) 3A resistive
(arc-fault load), tungsten bulbs, kettle (b) Disinfection cabinet (arc-fault load),
vacuum cleaner, switching-mode power supply, fluorescent lights with magnetic
ballast, kettle, tungsten light, air compressor

The products passing the standard tests could fail in the masking tests with
the arc-fault loads of a current of less than 3A, with a large masking current, or with
a marking circuit consisting of a group of home appliances. It seems that resistive
loads in an arc fault circuit could cause some difficulty in the identification of arc

faults in these cases.
3.3.2 Masking Tests with Line Impedance

The experimental platform is constructed to investigate the impact of cable
length on arc fault detection in Figure 3.2. The circuit configuration is shown in
Figure 3.11. Experiments are conducted on combinations of load and various lines.
The line impedance between the load and the current sensor can be adjusted from 0
to 100 m with a cross-sectional area of 1 mm?. For experimental validation, seven
common appliances are chosen, and the rated power or current is shown in Table
3.11.

Table 3.11 Power rating of the home appliances available for tests

ID  Load type Category Power/Current
1 2.5A resistive load Resistive 2.5A

2 9A resistive load Resistive 9A

3 Kettle Resistive 1800W

4 Tungsten bulbs Resistive 800W

5 Vacuum cleaner Inductive 1600W

6 Capacitor start motor Inductive 2200W

7 Electronic switching mode Switched-mode power 3.95A

power supplies (ESMPS)  supply
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The results are summarized in Tables 3.12 to 3.14, where numerical values
represent the percentages of successful tests. An "X" denotes an invalid or
inapplicable test group. These results show that the accuracy of AFDDs decreases to
varying extents as the cable length increases.

Table 3.12 shows that as the cable length increases, AFDD2, AFDD3, and
AFDD4 experience a significant decline in their ability to detect tungsten lamp arc
signals, eventually failing when the masking effect exceeds a certain threshold. In
the electric kettle tests, AFDD2 and AFDD3 become vulnerable to interference
beyond 60 meters of cable length, while AFDD4 exhibits notable instability after
only 20 meters. With a 2.5A resistive load, AFDD1, AFDD2, and AFDD3
demonstrate progressively diminished accuracy beyond 20 meters, whereas AFDD4
ceases to operate effectively beyond 60 meters. However, under a 9A resistive load,
AFDD1 remains unaffected by variations in cable length, while AFDD3 and AFDD4
begin to generate erroneous results beyond 40 meters.

Table 3.12 Results of resistive loads

Tungsten bulb Om 20m 40m 60m 80m 100m
AFDD1 100%  80% 80% 60% 100%  100%
AFDD2 100%  100%  100%  100% O 0
AFDD3 100%  100% O 0 0 0
AFDD4 100%  100% O 0 0 0
Kettle Om 20m 40m 60m 80m 100m
AFDDI 100%  100%  100%  80% 100%  60%
AFDD2 100%  100%  x 40% 40% 40%
AFDD3 100%  100%  100%  80% 40% 60%
AFDD4 100%  20% 40% 0 20% 0
2.5A resistive load | Om 20m 40m 60m 80m 100m
AFDD1 100%  80% 80% 60% 20% 60%
AFDD2 100%  80% X X X 40%
AFDD3 100%  60% 0 0 0 0
AFDD4 100%  100%  100% O 20% 0

9A resistive load Om 20m 40m 60m 80m 100m
AFDD1 100%  100%  100%  100%  100%  100%
AFDD?2 100%  x 0 0 0 0
AFDD3 100%  100%  80% 80% 80% 20%
AFDD4 100%  100%  20% 40% 0 0
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Table 3.13 presents the experimental results for inductive loads. Increasing
cable length has minimal impact on AFDDs for vacuum cleaners. For the signals of
a capacitor start motor, cable lengths up to 100 meters do not interfere with AFDD2's
detection capability. However, AFDD1 and AFDD4 fail to detect arc signals when
cable lengths exceed 20 meters and 40 meters, respectively. AFDD3's efficiency
decreases gradually beyond 60 meters.

Table 3.13 Results of inductive loads

Vacuum Cleaner Om 20m 40m 60m 80m 100m
AFDDI1 100% 100%  100%  100%  100%  100%
AFDD2 100% 100%  100%  100%  100%  100%
AFDD3 100% 100%  100%  100%  100%  100%
AFDDA4 100% 100%  100% 100%  100%  100%
Capacitor start motor | Om 20m 40m 60m 80m 100m
AFDD1 100%  20% 0 0 0 0
AFDD2 100%  100%  100%  100%  100%  100%
AFDD3 100%  100%  100%  60% 20% 40%
AFDD4 100% 100% O 0 0 0

Table 3.14 presents the test results of ESMPs. The performance of AFDDI
remains unaffected by cable lengths within 100 meters. The accuracy of AFDD2
gradually decreases beyond 80 meters. AFDD3 exhibits low identification efficiency
when the cable length exceeds 40 meters. AFDD4 begins to show performance
degradation at 20 meters and completely fails beyond 80 meters.

In general, the accuracy and stability of AFDDs decline as cable length
increases. And, the attenuation characteristics vary across different load types,
leading to distinct impacts on detection performance.

Table 3.14 Results of switched-mode power supply loads

ESMPs Om 20m 40m 60m 80m 100m
AFDD1 100% 100% 100% 100% 100% 100%
AFDD2 100% 100% 100% 100% 80% 40%
AFDD3 100% 100% 20% 0 20% 20%
AFDD4 100% 60% 60% 60% 0 0

43



3.4 Additional Unwanted Tripping Tests

The five products in Section 3.3.1 are selected for the additional unwanted
tripping tests. The test procedures are described in Section 3.2.1. Table 3.15 shows
the pass/failure results obtained from the tests. It is found that many failures are
associated with the loads, such as hairdryers, compact fluorescent lamps, and
fluorescent lights with magnetic ballast.

There are three different groups of tests. Table 3.15 shows the test results
when the fluorescent light with a magnetic or electronic ballast is switched on or off.
It is observed that three of five products (B, C, and E) fail the test. Figure 3.16 (a)
shows the current waveform when fluorescent lights with a magnetic ballast alone
are turned on. Figure 3.16 (b) shows the current waveform of multiple loads
connected in series. It is clearly seen that these currents contain high-frequency
components, which may lead to the misjudgment of these products. Figure 3.16 (c)
presents the normal current of the fluorescent light with an electronic ballast, which

1s similar to the arc current waveform with flat shoulders.

|<— Normal state 4"

|@

Time (ms)

Figure 3.16 Normal current waveforms. (a) Fluorescent lights with magnetic
ballast (b) Fluorescent lights with magnetic ballast, vacuum cleaner, drill, compact

fluorescent lamps (c) Fluorescent lights with electronic ballast
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Table 3.15 Pass/Failure results of the unwanted tripping tests

The loads on/off |

Load in other branches

|A[B][C

ID|E

1. first case-starting process

Fluorescent lights
with magnetic
ballast

3A Resistive

\/

Refrigerator
Switching power supplies
Fixed-frequency air conditioner

\/

3A Resistive
Vacuum cleaner

Vacuum cleaner
Drill
Fluorescent lamps

Vacuum cleaner

Vacuum cleaner
Hairdryer
LED bulbs

3A Resistive
Fluorescent lamps

Vacuum cleaner
Drill
LED bulbs

3A Resistive
Hairdryer

3A Resistive

Hairdryer

Fluorescent lights with electronic
ballast

X

\/
\/

Fluorescent lights
with electronic
ballast

None

3A Resistive

<2 X

2. Second Case- mode change

Hair dryer

None

3A Resistive

3A Resistive

Fluorescent lights with electronic
ballast

Fluorescent lights with magnetic
ballast

3A Resistive
Fluorescent lights with magnetic
ballast

3A Resistive
Electronic lamp dimmer

\/

< <2 X

\/

< <2 X

< <2 X

< <2 X

3. Thir

d Case- change states among different cases

Vacuum cleaner

Disinfection cabinet upper floor
3A Resistive

\/

\/

6A Resistive

Fluorescent lights with electronic
ballast

\/

3A Resistive

Fluorescent lights with magnetic
ballast

\/

Fluorescent lamps

X
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Electronic  lamp | 3A Resistive
dimmer Fluorescent lamps x A AN A
3A Resistive

Switching power supplies
3A Resistive x N oA A
Halogen lamps with electronic
transformer

3A Resistive

Halogen lamps | 3A Resistive NV oA ox A A
with electronic | Switching power supplies
transformer Electronic lamp dimmer
Industrial electric | None VIV x
fan
Changeable 6A Resistive N
frequency air
conditioner
Fluorescent lamps | 3A Resistive N
Kettle
6A Resistive V
3A Resistive x
Electronic lamp dimmer
3A Resistive X
Halogen lamps with electronic
transformer

3A Resistive x NN x A
Halogen lamps with electronic
transformer

Fluorescent lights with magnetic
ballast

3A Resistive x NN x A
Halogen lamps with electronic
transformer

Fluorescent lights with magnetic
ballast

Fluorescent lights with electronic
ballast

Switching power | 3A Resistive x A A N A
supplies Electronic lamp dimmer
3A Resistive x N oxoA A
Electronic lamp dimmer
Fluorescent lamps

3A Resistive VoA N A
Fluorescent lights
with electronic | None
ballast

<
X
<
<2
<

2|

<]
2|
X

< < <2 < |
<

< < <2 < |
X

“x” failure in the test, ‘\’ pass in the test.
The second group of tests is performed to check the performance of these
products when switching the operation mode of a hairdryer. It is found in Table 3.15-
2 that all five products could fail the tests. Figure 3.17 shows the current of the

hairdryer when the hairdryer is switched from cold mode to hot mode. It is found
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that the current waveform changes from the half-wave and full-wave, which is
similar to the arc current of resistive loads. When the hairdryer is operated with other
loads connected in parallel, a sudden change in the current waveform is observed.

This could lead to misjudgment as well.

Id— Normal state

L
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Time (ms)

Figure 3.17 Normal current waveforms. (a) Hairdryer (b) 3A resistive load, hair
dryer, fluorescent lights with magnetic ballast

The third group of tests is performed by switching a load other than
fluorescent lamps and a hairdryer on or off. As shown in Table 3.15-3, the switching
of tungsten lamps with an electronic dimmer and fluorescent lamps in the presence
of other loads could cause misjudgment of three products. The startup and shutdown
of some small current loads could cause misjudgment of the tested products as well,
e.g., an electronic lamp dimmer, compact fluorescent lamps, and fluorescent lights
with electronic ballast. There is a phenomenon of zero-crossing, accompanied by
high-frequency components in the normal state of an electronic lamp dimmer in
Figure 3.18. (a).

In the test with the tungsten bulbs with an electronic dimmer connected in
parallel with a 3A resistive load, the turn-off current waveform has several cycles
with zero-crossing, followed by an irregular current waveform. The zero-cross
waveform is also observed when the compact fluorescent lamps are switched off
(Figure 3.18(b)) or a switching power supply is switched on (Figure 3.18(c)). This
could lead to misjudgment. When the upper room of a disinfection cabinet is
working, the closing of a vacuum cleaner results in a current distortion, accompanied
by high-frequency components, and leads to misjudgment, as shown in Figure 3.18
(d). Figure 3.18(e) shows the current waveform in the case that two loads are turned
on simultaneously. The distorted current waveform causes the malfunctions of
Product E.

For the first case-starting process, a reasonable dataset, including
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fluorescent lights with magnetic ballast and fluorescent lamps with electronic ballast,
for training can be very helpful in reducing the false positive rate of the products. It
is known from the tests that unwanted tripping of products could be caused by the
transient load current during the switching of loads. Such a transient current may
contain high-frequency components or zero-cross current, which are similar to those
observed in the arc-fault current. It is also noted that the transient current lasts for
just a few cycles. Therefore, it is possible to avoid unwanted tripping by ignoring
arc-like signals that appear just in a few cycles. If the arc-like signals continue for a

long time, tripping of the product shall be made in the circuit.
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Figure 3.18 Normal-state current waveforms. (a) 3A resistive, electronic lamp
dimmer (b) 3A resistive, fluorescent lamps, electronic lamp dimmer (c) 3A
resistive, switching power supplies, Electronic lamp dimmer (d) Disinfection
cabinet upper floor, vacuum cleaner, 3A Resistive (e) Fluorescent lights with

electronic ballast, 3A resistive (together)
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3.5 Suggestion on the Operating Characteristic
Tests of the Standard

This assessment uncovers the performance of AFDD/AFCI products available
in the Chinese market. Unfortunately, less than half of the collected products passed
the standard tests. All these products failed in the additional tests in which more
diverse appliances and more complicated configurations were considered. A revision
should be proposed to retain the core framework of standard tests while adding
broader test scenarios and stricter anti-interference requirements in order to align
AFDD performance with real-world needs and enhance safety.

The investigation results in Section 3.3.1 reveal a demand for more
comprehensive and diverse additional tests as part of the certification process. To
address the limitation of test load types in the current standard, it is recommended to
expand the scope from the original 7 types of standard loads to 33 types in Table 3.8.
With this expansion, the coverage of test loads will extend beyond traditional single
scenarios to more diverse and realistic operating conditions. This adjustment allows
AFDD testing to better capture the typical characteristics of modern residential
electricity usage, thereby enhancing the representativeness and applicability of the
standard.

The unwanted tripping tests aim to evaluate whether AFDDs can maintain
stable and reliable arc fault detection under multi-level operating conditions. The
selected load should have at least three operating levels, such as: induction cooker
(low, medium, and high power levels), electric fan (low, medium, and high speed
levels), electric drill (stepped or continuous speed control), and LED lighting with
multi-level brightness or dimming modes. A reasonable dataset, including
fluorescent lights with magnetic ballast and fluorescent lamps with electronic ballast,

for training can be very helpful in reducing the false positive rate of the products.

3.6 Conclusions

Standards have been implemented for a decade, initially meeting the typical
arc fault detection needs of residential power environments. However, against the
background of technological advancement and increased electrification, the
proliferation of household appliances, diversification of types, and complexity of
user scenarios have exposed significant limitations in the standard’s operating

characteristic tests. These limitations include narrow coverage of masking test loads,
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inadequate consideration of unwanted tipping loads, and overly simplistic masking
configurations.

To address these gaps, this chapter presents a comprehensive investigation
into the AFDDs on the ability to clear the arcing fault under series arc faults and
avoid unwanted trips in the standard and additional tests. The products passing the
standard test failed in additional tests with more diverse appliances or more
complicated circuit configurations. Through analyzing the current waveforms
collected in failure cases, realistic tests with diverse appliances and complex load
configurations were provided for inclusion in the dataset creation for detection
algorithm development and in the standard for certification.

These improved test methods comprehensively address the shortcomings of the
current standard, enabling more accurate, comprehensive, and realistic evaluation of
AFDD performance. By better aligning with modern residential electrical
environments, the methods enhance the relevance and guidance of IEC62606 or
GB/T 31143, providing stronger technical support for ensuring the safe and reliable
operation of AFDDs in real-world applications and promoting the healthy

development of the arc fault detection industry.
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4 Lightweight AC Arc Fault Detection
Method By Integration of Event-
Based Load Classification

4.1 Introduction

Arcing creates excessive heat [80] that can easily ignite surrounding
materials, such as wood framing or insulation, resulting in a potentially hazardous
fire. Various methods based on different features and detection algorithms have been
developed in Chapter 2. Features based on the spectral domain (transformations) and
time domain (statistical descriptors) have been adopted [42, 81, 82]. Transformation
is one of the commonly used feature extraction techniques for arc fault detection.
These methods transform the time-domain arc signals into the spectral domain and
determine decomposition coefficients, power spectral density, and other indicators
for event classification. Transformations require manually configuring the algorithm.
The choice of base functions, level of decomposition, and sampling frequency
greatly influences the detection performance [47], thus should be carefully selected
for fault detection [19, 38, 39, 82]. Descriptors developed for mechanical systems
[38] are also employed to analyze arc signals such as MSD, MED, etc. All these
features are manually selected by researchers based on their own experiences. There
still lacks a general specification to determine which feature is more reasonable for
AC arc fault detection.

After features are extracted, detection algorithms are adopted to diagnose the
arc fault. Initially, constant thresholds or algebraic expressions are employed as the
detection criteria due to their simplicity. Detection according to constant thresholds
cannot handle complex situations. Recently, artificial intelligence (Al) techniques
have begun to be used in arc fault detection [44, 52, 75, 82]. The performance of
Artificial Neural Network (ANN) is determined by its structure, which requires
manual design. Due to the limitation of computation capacity, the calculation of deep
learning is too complicated to perform in an industrial chip of AFCIs. Thus, a
suitable detection algorithm should be selected from the viewpoint of both
configuration convenience and computation complexity.

Another key issue for arc fault detection is the selection of data characteristics,

including sampling rate and sampling period, which is seldom studied in previous
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studies. Theoretically high sampling rate and a long sampling period will bring high
detection accuracy. However, it will certainly lead to a high computational burden.
Therefore, it is necessary to consider both accuracy and efficiency when selecting
the reference sampling rate and period.

Despite detection methods, the complex waveforms of arc fault currents
induced by different loads are also a significant challenge for arc detection. The
additional tests in Chapter 3 reveal that the complex waveforms of arc fault currents
generated by different loads present a significant challenge for arc fault detection.
The waveforms of arc fault currents are various, especially in the presence of
nonlinear or switching loads [52, 72, 83] What is more, multiple loads operate
simultaneously in practical conditions, making arc fault detection more difficult. The
widely adopted AC arc detection methods are constructed using a given and fixed
basis. However, it may limit their ability to adapt to various load conditions.
Experimental results show that their performances are not always satisfactory, and
they have a high possibility of nuisance tripping or miss tripping when the load
condition is complex [83].

To address the mentioned issues, this chapter proposes a high-performance
AC arc fault detection method that is implemented by integrating load identification
with fault detection. With the assistance of load identification, different
discriminative features and rules are extracted for arc detection of different
categories of loads, which can greatly improve the generality and accuracy of arc
detection under complex operating load conditions.

In Section 4.2, three load categories are specifically defined for arc fault
detection. An event-based load classification method is implemented, which works
in real-time and can perfectly integrate with arc fault detection. Section 4.3 proposes
a lightweight arc fault detection method, which integrates event-based load
identification with arc fault detection. The experiment validation in Section 4.4
proves that the proposed method achieves high detection accuracy with low
computational cost. The proposed method works well with complex load conditions,
including multiple operating loads. In Section 4.5, the sensitivity analysis of
classifiers, deep learning algorithms, sampling rates, and sampling periods for arc
fault detection is carried out. It provides a reference for developing arc fault

detection devices.
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4.2 Arc Characteristics Analysis with Different
Loads

According to the designed function and operation principle, common electric
appliances can be roughly categorized as [84]: resistive, inductive, capacitive, power
electronic, and composite loads. Figure 4.1 shows the typical waveforms of different
types of appliances and corresponding arc fault waveforms. Their corresponding
waveforms under arcing conditions also vary.

Most of the resistive loads are related to heating, such as heating kettles,
incandescent lighting, etc. They have almost no harmonic content with synchronized
current and voltage, as shown in Figure 4.1(a). The arcing current for resistive loads
has a ‘flat shoulder’ of current across the zero-crossing region without showing
significant spikes.

Inductive loads are mainly appliances equipped with transformers and motors,
such as vacuum cleaners, drills, etc. As shown in Figure 4.1(b), in motor-based
inductive loads, a large inrush current occurs at the turn-on moment of operation
when the motor is switched from the standstill into movement. When an arc occurs,
transient spikes are also observed for inductive loads.

Capacitive loads are barely found in residential usage. Although many loads have
capacitive elements (e.g., an air compressor with a starting capacitor as shown in
Figure 4.1(c)), their overall behavior is dominated by inductive and resistive
characteristics [85]. Thus, loads with capacitive elements are not considered as a
load category for arc fault detection.

Power electronic loads with switch-mode power supply can produce a large
number of harmonic contents, such as a dimmer displayed in Figure 4.1(d). A short
but very high-amplitude transient can be observed at its turn-on moment. Meanwhile,
this category of load draws current in a non-sinusoidal form with a period of zero
current, making it difficult to discriminate from arc faults. It can also be observed
that the short-duration transient also appears for arcing.

The others are the combination of different loads, which are called composite
loads. For example, a dehumidifier consists of a motor and a heating element that
has a complicated current waveform, as shown in Figure 4.1(¢e). The currents of this
category of load show a composite effect rather than a pure resistive, inductive, or
switchable current. In this situation, loads are classified by their turn-on
characteristics. For example, the switchable load’s turn-on spike is commonly larger

than the inductive spike, making it the dominant component. Thus, a composite load
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is classified as a switchable load if it contains a switchable component. Similarly, if

a composite load consists of inductive and resistive components, it is classified as

an inductive load. Therefore, based on the characteristics of the transient spike and

load category, we separate the loads into three categories: resistive, inductive, and

switchable (power electronic) loads.
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Figure 4.1 Typical waveforms of different types of appliances and corresponding
arc fault waveforms. (a) Heating kettle — resistive, (b) Drill — inductive, (c) Air
compressor — inductive with capacitance, (d) Dimmer — switch, (¢) Dehumidifier —

composite.
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4.3 The Proposed AC Arc Detection Method

Figure 4.2 shows the comparison of the traditional arc fault detection method
and our proposed method. Traditional methods commonly detect arc faults directly
based on current waveforms, as shown in Figure 4.2 (a). But the waveforms of arc
faults vary according to load categories. To take advantage of this, an arc fault
detection method is proposed by integrating load identification as described in
Figure 4.2 (b). The proposed arc fault detection method has two major parts: load
classification and arc fault detection. Different feature sets are extracted based on

the load category. This section presents the details of the proposed method.

(a) Tradiional arc fault detection

cument —p  arc detect  |— arc or not?

{b) The proposed method

’—b Resistive — arc detect |—p arc or not?

current—m load identify \_: Inductive — arc detect }—p arc or not?

Switchable —m arc detect }—Iv arc or not?

Figure 4.2 The comparison of (a) the traditional arc fault detection method, and (b)

the proposed method.
4.3.1 Load Classification Based on Transient Events

The waveform of an arcing current is mainly determined by the category of
load. As indicated in [39], to detect series arc faults successfully, the detection
system should first identify the category of the load, allowing it to extract
corresponding features for that category of load.

As analyzed in Chapter 4.2, the loads are divided into three categories,
namely, resistive, inductive, and switchable loads. A rule-based event detector [86]
using the change of mean concept [87] is developed by avoiding the use of any kind
of complex mathematical technique that may cause a high computational cost.

The event detector calculates the log-likelihood ratio of the change-of-mean
in each sliding window to detect transient events [87]. For a sliding window with the
length of 2n samples, the signal is divided into pre- and post- parts, and the following

relation is obtained,
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in which 4, and g4,05 are the mean of the pre- and post- parts respectively, o is the
variance of the transient power in the sliding window. Parameters pi, v+ and i are
the transient power, voltage and current for sample k. Py, is the threshold to screen
the influence of the noise.

The likelihood of the signal for a sliding window is then obtained by its maximum
as

D= max(|Dk ) k=1.2n (4-2)

An event can be detected when the amplitude of D exceeds a threshold Dy It is
noted that we use a constant threshold for the detection which has a possibility of
reporting wrong (false) events. False events (e.g. noise or power fluctuations) should
be eliminated from the detected events. Power changes and time limits are set to

remove false detections [88].

* A minimum power change is set to eliminate the influence of noise or power
fluctuations. Based on the typical rating power of major household appliances,
we only consider the power events with a minimum absolute power change of
20 Watts.

e In order to remove false events, the minimum time interval between two
continuous events is set. Considering the turn-on transient periods of major
household appliances, the time limit is set to 0.1s, which means multiple events
within 0.1s are treated as one event.

Besides removing false events, the time interval between events is also an
indicator to separate different categories of loads. Figure 4.3 shows the current,
transient power, and likelihood of turn-on events of loads. A resistive load has the
shortest turn-on duration. As multiple spikes occur, an inductive load has a turn-on
duration of more than 0.4 s. While, this value becomes less than 0.15 s for a
switchable load because just one spike occurs for this load category. Arcing is
mistaken as a continuous event because it reacts as a switch, repeating opening and
closing operations. Thus, this type of false event can be removed by using the

duration time.
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Figure 4.3 The current, transient power and likelihood of turn-on events, (a)
Heating kettle - resistive, (b) Air compressor — inductive, (c) Switch

power+tresistance — switch. (O indicates the detected event.)

Assuming At is the duration of an event, the category of load C can be obtained as

resistive 7, SAf <71,
switch 7, <A<,
C=q . (4-3)
inductive At <,
false others

According to the previous analysis, we set the time thresholds as 7= 0.02 s, 7 =
0.08s, »=0.15sand z=04s.

4.3.2 Feature Selection Based on the SFFS Method

After load classification, arc fault feature extraction is carried out for each
category of load. The selection of features [43] is key to the success of arc fault
detection. In this algorithm, both transformation and statistical descriptors are
adopted to construct a feature pool. In terms of efficiency, FFT and statistical
descriptors are used, listed in Table 4.1, resulting in a total of 25 features. However,
not all these features can discriminate well the differences between normal and arc
states. Feature selection is evaluated to remove irrelevant features. Obtained features

can provide a better learning performance and lower computational cost.
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Table 4.1 List of features for arc fault detection

Descriptor Expression
Range max (x)fmin (x)

1
Mean N2
i1

Integral
Root Mean Square (RMS)

Variance

Skewness

Kurtosis

MSD

ZCP
Entropy —il X -log(x7)
FFT 15 harmonics

The maximum value is used between precision and recall of a predetermined
classifier as the criterion to determine the quality of selected features. K-Nearest
Neighbor (KNN) is employed as the classifier for arc fault detection. A sequential
floating forward selection (SFFS) [89] is used to deal with feature selection. SFFS
consists of two different steps, a forward step and a conditional backward step that
partially avoids the local optima.

»  The first step is sequential forward search (SFS), which adds one feature from
a candidate subset at a time while evaluating the criterion. The feature subset
with the highest classification accuracy becomes the initial feature set for the
next round of feature selection.

*  The second step consists of performing a sequential backward search (SBS),
which excludes one feature at a time from the subset obtained in the first step
and evaluates the new subset. If excluding a feature increases the value of the
objective criterion, then that feature is removed and goes back to the first step

with the new reduced subset.
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*  This process is repeated between SFS and SBS until the required number of
features is added or the required performance is reached.

Assuming m is the size of the current feature, M is the required dimension, the
scheme of SFFS can be visualized as in Figure 4.4. Based on the category of the load,
SFFS is evaluated for three categories of loads using corresponding data. Three
groups of decisive features are obtained. They are fed to KNN classifiers to

implement the arc fault detector.
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>
»

A 4

One step SFS

[ >
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back No
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exclude one feature

by applying one step
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conditionally
excluded feature
back

Is the best (m-
1) subset 2

Figure 4.4 The flowchart of sequential floating forward selection

4.3.3 Strategy of the Method

The whole framework of the proposed method is displayed in Figure 4.5. The
voltage and current are captured in the acquisition window timely. Event detection
is evaluated based on the likelihood of transient power. If an event is detected, false
event removal is followed according to the duration of the event. Once the event is
confirmed, the load category is recognized from its duration, and the load index is
updated. Load classification is only triggered when an event is detected. Otherwise,
load classification is paused, and arc fault detection continues with the last classified
load. While, if an event is not detected, the acquired current is processed to determine
whether the arc occurs or not. The load index indicates which of the three categories
of arc detectors to activate. Integrating load classification into arc fault detection
makes the proposed method more accurate. As no complex computation is involved,

the proposed method is efficient.
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Figure 4.5 The flowchart of the proposed hybrid arc detection method.

4.4 Validation of the Proposed Method

This section presents the arc detection performance of the proposed method.

The arc fault detection method constructed using Floating Forward Feature Selection

is first validated using the experimental data. Then, the proposed hybrid arc fault

detection method with load classification is validated using 15 sequences of data.

Precision and Recall are chosen to be the evaluation metrics. Assuming the

minority class to be positive class (P) and the majority class to be negative class (N),

classified samples can be separated into four groups as denoted in the confusion

matrix. A confusion matrix consists of information about actual and predicted

classifications returned by a classifier. Precision is defined as the proportion of the

number of correctly predicted samples in the total number of the positive class as Eq.

(4-4). Recall is defined as the classification accuracy of correctly identifying a

positive class, and it is expressed by Eq. (4-5).

. TP
Precison = ——
TP + FP
Recall = L
TP+ FN
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4.4.1 Experimental Configuration and Dataset

To verify the efficiency of the proposed method, common electric appliances
with/without arcing are tested. As the experiment configuration in Figure 4.6, the arc

generator and current probe are presented in Section 3.1.

220V
50Hz

& B3y
Current probe ! Arc generator )\
/

Figure 4.6 Experimental platform

As listed in Table 4.2, 14 common electric appliances are tested. The dataset
is obtained for a single load or combined loads. Firstly, series arc fault current signals
for each load are generated for measurement. As fault detection is more difficult to
achieve with combined loads, series arc fault signals for multiple loads are arranged
for measurement. More complicated configurations with 1 or 2 masking loads are
also evaluated. A total of 165 sequences of data with 10-second long are recorded,
each of which has a 6s normal operation and 4s arcing operation. The dataset is
constructed by using 150 sequences. Each sequence of data is randomly split in order
to have 70% data for training, and 30% data for validation. Additionally, the other
15 sequences of data are used for verifying the proposed method in time series,
which are not included in the training.

Table 4.2 Categories of common electric appliances

Load Category  Appliance Power (W)
Resistance (105 Q, 52 Q and 32 Q) /
Resistive Heating kettles 1200
Incandescent lighting 4x200
Vacuum cleaner 1600
Inductive Drill 600
Fan 550
Air compressor 1600
Capacitive /
Switch mode power + resistance 120
Computer 400
Dimming lamp 800
Switchable LED lamp 4x22
Microwave oven 1300
Air conditioner 1360
Dehumidifier 400
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4.4.2 Validation on Arc Fault Data

Firstly, the detection method is verified by classifying normal and arcing
data. The recorded data are downsampled to 10 kHz and divided using a sliding
window of 3-cycle length. In the proposed method, load classification and arc fault
detection need to be constructed based on the dataset. The proposed method is tested
on 150 sequences of data, and all of them succeed.

The arc fault detection is implemented by feature extraction through SFFS.
The dataset is divided into three groups according to the load categories, and feature
extraction is carried out separately for them. For each group, 70% of the data is used
as the training set and the remaining 30% is used as the testing set. 5-fold cross-
validation is employed. The arc fault detection results of the Re, Le, SW categories
are shown in Figure 4.7 with a confusion matrix, and the extracted features are

shown in Figure 4.8.

8
H
B

normal arc normal ar arc

100% 0% 0090% | 0.01% 0.03%

naormal
normal

nommal
LD
w0
-]
[=]
[=]

o
b
(o]

-
[
[
=
=
S

Yo 100% 2| 0.01% |99.99%

(a) (&) (c}
Figure 4.7 The confusion matrix for detection performances of three load
categories. (a) Resistive load, (b) Inductive load, (¢) Switchable load.
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The average detection precision of normal and arcing states for Re category,
Le category, and SW category are 100%, 99.99%, and 99.98%, respectively. The
result validates that the proposed method is effective and reliable in complex load
conditions with various categories. Different sets of features are extracted for three
load categories. As Figure 4.9 shows, extracted features have significant changes
when the arc occurs for different load categories. A resistive load has the least
features and the highest detection accuracy, which is the most easily handle. Arc
detection for Le load is more complicated and requires 6 features to guarantee a high
detection accuracy. Arc detection for SW loads is the most difficult with 7 features

extracted. These features contain many FFT information indicating SW loads

generate many harmonics.

5 normal arc
_ A NN N
i II'. Il'l I\I".I Il’mll'nl f{ '|II fJ I'. Pll I'I |I ",I |I
E III I'l |'I | I|I i ,II \ | \ | )
E I:l = |II | |I Il I|II |l|' |II lll I||I I,-v- --|| I L--| Ir I'-| lf— -
= | 1 f 1 ! i
ARRVARY RV YR VARVERY Y
5 i Ill‘“I II.T’I; l‘l\‘; 1 1 1 1
0 20 40 60 80 100 120 140
4F Integral fit2 |
_ fit1
2k T T— -
D - -
0 20 40 60 80 100 120 140
Time({ms)
(a)
normal arc
L (R (R R ' T
T VN A
E kY ! L! 'l'll ll"\ I,I I\ .'ll \ AN Ill N A -
N/ NN N\
= II || [ | ! i i
3 \ | Vo |I \/ Y | II
(] | | | | |_|| i
-‘10 I\Jll ||I\.|I \L'Ill ILll 1 L |‘J Jl h
0 20 40 60 80 100 120 140
10F ' ' ' Mean ZeP| T
Integral fft2
5[ ) MSD e | ]
S — L - L r— T ]
0 20 40 60 &0 100 120 140
Time(ms)
(b)

63



50 T normal T T Eﬁr{} T

p n \ II' |
V7 %_w_, _'U'—J s | \_U I _V_-

Current (A)
=

-ﬁﬂ L L L L
0 20 40 60 a0 100 120
30 Mean 5 | ' ' ' 7
Integral v g
20 M30 fit&
ffit2
10— — — I
0 e
1 il 1 _ .'I_h A 1
0 20 40 60 80 100 120
Time(ms)

(c)
Figure 4.9 Extracted features for three load categories with/without arcing.(a)

Resistive load (b) Inductive load (c) Switchable load.
4.4.3 Validation on Practical Data Sequence

Secondly, the effectiveness of the proposed hybrid method is presented,
where both load classification and arc fault detection are implemented. The method
is tested using 15 sequences of data in a time series. Load classification is
implemented using the method, which are determined according to the turn-on
characteristics of loads. The proposed method succeeds in all 15 sequences. Three
sequences of data are presented in Figure 4.10 to show their efficiency and
mechanism.

Figure 4.10 (a) shows a sequence of data with two resistive loads opened at
different time instances. Resistive load 1 is opened at 0.58s, and resistive load 2 is
opened at 2.59s. The arc occurred at 4.24s. The proposed method classifies the load
as resistive and detects an arc fault in time.

Figure 4.10 (b) shows a sequence of data with a resistive load and an
inductive load opened at different time instances. The resistive load is opened at 0.53
s and the inductive load is opened at 0.92s. The proposed method initially classifies
the load as resistive. Then, it turns into an inductive category at 1.24s. To avoid the
false event, we set a time threshold of 3 = 0.4s corresponding to the period from the

start of the inductive load (at 0.84s) to determining the load category (at 1.24s). The
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arc detection method for the inductive load is activated at 1.24 s. Finally, the arc
occurs at 2.64 s and is correctly detected.

Figure 4.10 (c) shows a sequence of data with a resistive load, an inductive
load, and a switchable load opened at different time instances. The resistive load is
opened at 0.53 s. Then, the inductive load is opened at 1.41 s, and the load category
turns to be inductive at 1.75 s ( <73 ). The switchable load is opened at 2.87 s, and
the load category turns switchable at 2.97 s ( <7 ). The arcing is detected at 5.48 s.

The proposed method successfully classifies the load category and detects arc

faults in time sequences. The result proves its efficiency.
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Figure 4.10 Three sequences of data for validation of the proposed hybrid method.

(a) With two resistive loads. (b) With a resistive load and an inductive load. (¢)

With a resistive load, an inductive load, and a switchable load.

4.5 Sensitivity Analysis and Discussion

The selection of Al algorithms and sampling parameters is important for
developing fault detection methods. This section presents the sensitivity analysis of
Al algorithms and sampling parameters. Meanwhile, to validate the superiority of
the proposed method, a comparison with other reported arc fault detection methods

is presented.
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4.5.1 Discussion on Al algorithms for AC Arc Detection

As summarized in Table 4.3, various Al algorithms have been employed for
arc fault detection. Thus, the performances of six popular Al algorithms are
evaluated, including SVM, KNN, DT, and three sigmoid-activated ANNS.
Considering the variant structures of ANN, three configurations are evaluated,
namely

SVM: with radial basis function (RBF) kernel and optimizes parameters
using iterative single data algorithm;

KNN: with Euclidean distance metric, the number of nearest neighbors is 5,
and uses a kd-tree to find nearest neighbors;

DT: a standard CART tree is adopted,

ANNI1: 1-layer ANN with 10 neurons, the activation function is sigmoid;

ANN2: 2-layer ANN where the first hidden layer is composed of 20 neurons
and the second one of 8 neurons, the activation function is sigmoid [82];

ANN3: 3-layer ANN that the first and second hidden layer is composed of
12 neurons and the third one of 4 neurons, the activation function is sigmoid [39].

Extracted features (as in Figure 4.8) are used as the input to six Al
algorithms and their detection results are listed in Table 4.3. The comparison of three
ANN s reveals that the performance of an ANN is heavily affected by its structure.
More hidden layers and neurons can improve the detection performance but bring a
high computational burden. Despite SVM and DT being more complex classifiers,
KNN performs best among the six Al algorithms with the highest precision and
recall for all three load categories. The superior performance of KNN is due to the
following reasons. KNN computes the distance among all features. It is not suitable
for high-dimensional problems but can provide accurate results for low-dimensional
problems. For each category of load, a few features are extracted in our method.
KNN performs great on arc fault detection problems of such a low dimension.

Table 4.3 The performance comparison of different classifiers

Re Le SW
Precision Recall Precision Recall Precision Recall

SVM | 9991 99.98 98.44 98.46 96.42 96.42
KNN | 100 100 99.99 99.99 99.98 99.98
DT 99.98 99.98 99.93 99.93 99.67 99.67
ANNI1 | 99.7 99.52 92.23 92.26 91.0 91.1

ANN2 | 100 100 98.74 98.75 98.15 98.16
ANN3 | 100 100 99.34 99.35 98.29 98.32
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4.5.2 Discussion on Sampling Frequency and Period

Both the sampling frequency and sampling period are decisive factors
influencing the computation cost and reaction time. The influence of these two
factors on arc fault detection performances is evaluated. The sampling frequency
from 1 kHz to 20 kHz and the sampling period from 1 circle to 3 circles are evaluated.
The arc fault detection method is used for all cases.

The average precision and recall are listed in Table 4.4. It can be seen that the arc
fault detection performance improves with the increase of sampling frequency and
sampling period. The sampling frequency is more important than the sampling
period. In other words, a high sampling frequency can significantly improve
detection performance. While, the sampling period can only contribute a little
improvement. By comparing all combinations of these two factors, the sampling
frequency of 10 kHz with a 3-cycle sampling period is the best.

Table 4.4 The performance comparison under different sampling frequencies and

sampling periods

T=1 T=2 T=3
Precision Recall Precision Recall Precision Recall
1 kHz | 78.1 78.87 83.11 83.39 87.92 88.07
2 kHz | 85.52 85.58 94.37 94.36 96.72 96.72
5 kHz | 97.62 97.62 98.89 98.88 99.48 99.48
10 kHz | 99.89 99.88 99.97 99.96 99.99 99.99
20 kHz | 99.95 99.96 99.98 99.97 99.99 99.99

4.5.3 Discussion on Integration of Load Classification

To show the effect of load classification, the Al algorithms tested are evaluated
for arc detection without load classification, where all data from the three categories
are mixed up. A total of 11 features are adopted for arc detection, which are selected
by combining features for three load categories in Figure 4.8. The data is also
sampled at 10 kHz and 3-cycle long. The average precision and recall are obtained
as listed in Table 4.5. The results show that arc detection performance is greatly
improved when load classification is integrated. It proves the advantage of the

proposed method.
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Table 4.5 The performance comparison of different classifiers with/without load

classification
Precision Recall

Without Load SVM 95.27 95.27

Classification KNN 96.93 96.93

DT 96.62 96.62

ANNI1 83.31 83.31

ANN2 93.59 93.63

With Load ANN3 95.39 95.43
Classification

4.5.4 Comparison with Adopted Features in Other Methods

To test the advantage of the proposed method, six reported methods are
compared. Fault features are selected according to the compared methods as listed
in Table 4.6, respectively, and the KNN is used to identify an arc fault.

Table 4.6 Adopted features of the compared methods

Ref. Feature

® [38] MSD, ZCP, MED, FFT

@ [39] FFT, Integral, variance, skewness, kurtosis, Shannon entropy

® [19] mean, median, variance, RMS, range

@ [83] FFT using 1-15 harmonics

© [46] DWT with mother wavelet of Daubechies 10 level 5 under descriptor
signal energy
DWT with mother wavelet of Daubechies 4 level 5 and CZT 10-20

® [82] kHz under descriptors mean, variance, skewness, kurtosis, max

value, etc.
The same dataset is used in the evaluation with the 10 kHz sampling rate

and 3-cycle sampling period. The average precision and recall are obtained as listed
in Table 4.7. From the results, we can find:

1) Series arc faults that occur on resistive loads are easily detected. All
methods have a high performance. Series arc faults on inductive and switchable
loads show more difficulty for detection.

2) The comparison of results @ and @ , @ reveals that more features do not
provide a better detection accuracy. The results of ® and @ show both statistical
descriptors and harmonics can be great candidate features for arc fault detection.

3) Wavelet related techniques show worse performance than others. A
wavelet technique requires a long sampling period. A 3-cycle sampling period is not
long enough to take advantage of wavelet decomposition. Meanwhile, as the wavelet
technique has massive variables and combinations [82], it should be carefully

designed for identification.
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4) The proposed method shows superior performance for all types of loads,

which verifies its advantage.

Table 4.7 The comparison of arc fault detection performance

Method Re Le SW
Precision Recall | Precision | Recall | Precision Recall
@ 99.99 99.99 99.97 99.95 97.98 97.98
@ 98.38 98.37 95.71 95.71 95.15 95.16
©) 100 100 99.27 99.28 98.69 98.69
@ 100 100 99.99 99.99 99.87 99.87
® 96.97 96.7 90.8 90.8 90.66 90.67
® 97.01 96.58 82.66 82.66 78.43 78.43
Proposed 100 100 99.99 99.99 99.98 99.98

4.5.5 Comparison with Deep Learning Methods

Recently, deep learning models have also been adopted for arc fault
detection. For comparison, four deep learning methods are evaluated with the
detailed network structures as follows:

LSTM: the model includes two layers of Long Short-Term Memory
Networks (LSTMs) and a fully connected (FC) layer. The first LSTM layer has 20
hidden units, and the second one contains 10. Each LSTM layer is followed by a
dropout layer with a probability of 0.2. The FC is the output layer followed by the
softmax layer for classification.

AE [65]: AutoEncoder (AE) is composed of an encoder and a decoder. The
encoder consists of a convolution (CNN) layer (filter size = 4, stride = 1, number of
filters = 8, and activation function is leaky ReLU), and an FC layer (number of
hidden units = (sequence length — 3)x8 and activation function is ReLU). Then the
FC layer with 128 hidden units and the activation function of ReLU is followed for
the latent representation. The decoder is then connected with the inverse structure of
the encoder (an FC layer followed by a CNN layer). Finally, the output is
implemented by an FC layer with softmax activation.

CNN [65]: this is a basic CNN network with 5 CNN layers followed by 2
fully connected layers. All CNN layers are set with a stride of 1 and activated by
ReLU. The sizes of these layers vary as (1st: filter size = 10, stride = 1, number of
filters = 30; 2nd: filter size = 8, stride = 1, number of filters = 30; 3rd: filter size = 6,
stride = 1, number of filters = 40; 4th: filter size = 5, stride = 1, number of filters =
50; 5th: filter size = 5, stride = 1, number of filters = 50)

ArcNet [60]: the model has 4 CNN layers and is followed by 2 FC layers.
The st and the 3rd CNN layers have 96 filters each. The 2nd CNN layer has 128

69



filters each. The 4th CNN layer has 64 filters. Each CNN layer has the same kernel
size of 5 x 1 and is followed by a ReLU and a MaxPooling layer of pooling size 2 x
1 with stride 1. At the end of the last MaxPooling layer, 2 FC layers having 64, and
32 neurons are appended.

All these models are trained using the Adam optimizer with a minibatch of
150 for 30 epochs. The learning rate is initial to be 0.001. The diagnosis results of
these models are listed in Table 4.8. The results show that all these models can
achieve high diagnostic accuracy of more than 99% for three categories of loads.
While, the proposed method is better than theirs. Deep learning models have many
parameters and require careful tuned for better performance. Meanwhile, as
summarized in [65], the memory cost and computation complexity of deep learning
models are much larger than shallow Al methods. For series arc fault detection, the
dominant features are limited. Shallow Al algorithms are recommended for arc fault

detection.

Table 4.8 The performance comparison with deep learning models

Re Le SW
Precision Recall | Precision Recall Precision  Recall
LSTM 99.86 99.81 99.42 99.41 99.04 99.03
AE 99.85 99.86 99.93 99.93 99.64 99.63
CNN 100 100 99.99 99.99 99.78 99.78
ArcNet 99.89 99.92 99.84 99.84 99.38 99.38
Ours 100 100 99.99 99.99 99.98 99.98

4.6 Conclusion

In this Chapter, an efficient AC arc fault detection method is proposed where
an event-based load classification method is integrated. In the proposed method,
loads are divided into resistive, inductive, and switchable categories based on their
turn-on patterns. Three groups of features are extracted using Sequential Floating
Forward Feature Selection for three load categories separately. In the practical
detection process, load classification is first evaluated to decide the load category.
Then, a specific arc fault detection is activated according to the load category. The
proposed method improves the arc detection performance with complex load
conditions, including multiple operating loads. Meanwhile, it is fast and easy to
implement and requires no complex mathematical calculation. It achieves a high
diagnosis accuracy under a relatively low sampling frequency with low

computational complexity features.
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The experimental results show that the proposed method works well for practical
arc fault detection with multiple loads. The proposed method has strong applicability
in arc fault detection and better performance than other reported methods, even for
deep learning models. The sensitivity analysis shows that both statistical descriptors
and harmonics can provide great arc fault detection. It is also noted that more

features do not mean better detection.
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S5 Series AC Arc Fault Detection with
Line Impedance Based on Multi-
band Feature Fusion and Catboost

5.1 Introduction

In response to the concern regarding fire incidents caused by arc faults,
standards have established masking tests with line impedance as shown in Section
2.4. American standard UL-1699 specifies a line impedance test for arc-fault circuit
interrupters (AFCIs) involving a parallel arc with a current of 500A [20]. Other
standards mandate series arc fault tests. The requirements of the international
standard IEC 62606 [21] and the Chinese standard GB/T 31143 [22] for arc fault
detection devices (AFDDs), include a branch circuit comprising 30 meters of 2.5
mm? armored cable with two conductors and steel armor in the masking test with
line impedance. In real residential homes where cable lengths can reach 100 meters
or more, it remains unclear whether the tests specified in these standards are
sufficient for detecting arc faults under such practical conditions.

Masking tests with various line lengths are designed to evaluate the
performance of AFDDs under seven loads in Section 3.3.2. Our findings indicate
that an increase in line length negatively affects the accuracy and stability of AFDDs.

In recent years, many algorithms have been studied for arc-fault detection, as
outlined in Chapter 2 [60, 65-67]. However, these algorithms lack datasets with line
impedance and typically restrict circuit lengths to 10 meters or less, and the impact
of line length has not been sufficiently considered in the design and training process
of the algorithm. Such limitations reduce their applicability to real-world residential
scenarios.

Some researchers have investigated arc fault location techniques under varying
line lengths in household AC power systems. A low-voltage AC series arc fault
location method based on an RBF neural network has been introduced, with a
maximum applicable line length of 200m [90]. The algorithm [91] utilizes line
impedance parameters in conjunction with a neural network to estimate the distance
of a series arc fault in short AC low-voltage indoor power lines. However, these
approaches have certain limitations: all of them require multiple sensors to measure

both current and voltage at both ends of the arc faults [90-92], which restricts their
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direct applicability to practical products.

Although many methods have reported accuracies above 95% in controlled
experiments [93-96], the practical performance of commercial products remains
considerably lower [97]. A key reason is the inconsistent emphasis on frequency
bands of the features between algorithmic designs and product implementations.
AFDDs commonly employ high-pass filters to capture high-frequency features and
reduce misjudgment. In real-life scenarios, lines can extend up to 30-100 meters or
even longer. The filtering effect of lines amplifies interference and enhances the
high-frequency masking phenomenon, posing a significant challenge. Moreover, the
deployment of algorithms at the edge imposes specific requirements on both the data
sampling rate and the model complexity. Although certain large-scale deep neural
networks exhibit strong performance in classification tasks, their deployment on
resource-constrained edge devices presents considerable challenges, as they require
extensive pre-extraction of basic features [98].

To address the problem, this chapter analyzes the influence of cable masking
on high-frequency characteristics within the 100 kHz range and proposes a Multi-
band Feature Fusion and Catboost (MFFC) model, incorporating a transient-event
load classification and recursive feature elimination (RFE) feature selection, to
detect arcing events within 100-meter cables.

Section 5.2 presents the masking effect analysis with line impedance. In Section
5.3, the proposed MFFC is introduced to extract relevant features and identify arc
faults. In Section 5.4, the performance of the proposed method is evaluated on the

test set of various line lengths. Section 5.5 provides a conclusion.

5.2 Masking Effect Analysis with Line Impedance

Due to the presence of capacitance and inductance in a long line, the line exhibits
low-pass filtering characteristics. As a result, the current signal undergoes
considerable attenuation in the high-frequency range, while low-frequency
components are transmitted with minimal loss. To investigate the variations of
different frequency bands of the current signal as the line length changes, we apply
the Short-Time Fourier Transform (STFT) to perform a series of time-frequency
analysis to capture the dynamic evolution of the frequency of the current signal over
time.

Figures 5.1 to 5.3 present the signal spectrum distributions of three representative
load categories (a 2.5A resistive load, a vacuum cleaner, and ESMPs). Each graph
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consists of three distinct segments: load start-up, normal current, and arc-fault
current. The upper portion of the graph displays the time-domain waveform of the
current, while the lower section presents the time-frequency distribution derived
from STFT, with each pixel indicating the energy magnitude at the corresponding
frequency and time.

When an arc fault occurs, the high-frequency components of the current signal
exhibit a significant increase compared with the normal state. Generally, as the line
length increases, the attenuation of the high-frequency components becomes
apparent. As the line length of a 2.5A resistive load rises to 100 meters, the high-
frequency components decrease from approximately 80 kHz to 30 kHz in Figure 5.1.
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Figure 5.1 The signal spectrum distribution of a 2.5A resistive load at different line
lengths

In Figure 5.2, the high-frequency components of the vacuum cleaner remain
unaffected by line lengths to 100 meters, which aligns with the results presented in
Table III, where these products can still identify arc fault signals. In Figure 5.3, the
high-frequency components of the ESMPs decrease from 100 kHz to approximately
50 kHz with increasing line length. By analyzing the attenuation characteristics of
high-frequency components across different load types concerning line length,
corresponding characteristic intervals can be determined, thereby enabling the

efficient identification of arc-fault events.
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Figure 5.3 The signal spectrum distribution of ESMPs at different line lengths
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Overall, the test results reveal that a longer line length leads to a higher probability
of missing detections by AFDDs. Through signal analysis using STFT, the energy
of high-frequency components diminishes progressively as the line length increases.
Moreover, when arc faults occur under different load types, the high-frequency
components of the current exhibit different distributions. These frequency

components serve as key characteristic indicators for arc fault detection.

5.3 The Proposed Multi-band Feature Fusion
Catboost

Based on the comprehensive analysis presented in Section 5.2, we propose a
robust detection framework that systematically integrates load classification, feature
extraction and selection, and a classification model to achieve accurate arc fault

detection across varying operational conditions and line lengths.
5.3.1 Load Classification based on Transient Behavior

As analyzed in Section 5.2, the impact of line length on current signal
distortion varies with the load category. Therefore, incorporating load identification
into the detection framework enables more adaptive feature analysis, thereby
enhancing robustness under a variety of line conditions. After analyzing the current
waveform characteristics during the start-up transient phase, two metrics, initiation
peak and initiation time, are defined to describe the initiation behavior of the current
signal and are used to identify electrical load categories in the load classification
module.

According to the classification method [39, 60, 99], the loads can be classified into
three representative categories. Figure 5.4 (a) shows the original current among the
three electrical load categories:

a. Resistive loads (Re): typical linear elements such as electric kettles, tungsten
lamps, and resistive loads, which exhibit a smooth and stable current (and
power) rise with no overshoot or high-frequency content.

b. Inductive loads (In): loads such as motors and transformers. The vacuum
cleaner and air compressor fall into this category. They typically display a
prominent inrush current with a large peak followed by a slow decay due to

magnetic field build-up and saturation effects.
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c. Switched-mode power supply loads (Sw): nonlinear loads, such as switching
power supplies. The type of loads often presents high-frequency noise, sharp
current spikes, and significant non-stationary components at start-up.

After defining the categories and their features, we use a start-up detection
algorithm based on moving average difference, which enables precise identification
of the actual load energization moment. The idea of moving average difference is as
follows.

At each time index t, two adjacent sliding windows are defined: preceding
windowW,,,.. = [t — wy:t] and posterior window Wp,,s = [t:t + w;]. Given the
current value at time 7 is I[i], the instantaneous power can be calculated as P[i] =

1[i]?, and the average power of both windows is given by:

t
1 .
Upre = avg(P[VVpre]) = W_ Z I[l]z (5-1)
1 i=t—-wq
1 t+W2
Upost = avg(P[Wpost]) = W_Z z I[i]z (5-2)
i=t
Otran = | Upost — #prel (5-3)

A transient event is detected if the transient difference J8;,.4,, €xceeds a predefined
threshold. Once the start-up point is identified, the first-order derivative of the
current is calculated to characterize the rate of change:

dI[n]

dt
where f; is the sampling rate of the current.

~ (I[n+1] = 1I[nD) - fs (5-4)

As illustrated in Figure 5.4 (b) and Figure 5.4 (c) , different types of loads exhibit
distinct initiation characteristics. Resistive loads tend to have relatively low peaks in
the first-order derivative of current, while inductive and switched-mode power
supply loads show significantly higher values. To further distinguish between the
two types, the duration for which dI[n]/dt remains above a threshold can be used,
as inductive loads tend to have a long duration, while switched-mode power supply
loads have a short spike. Then two metrics are defined to describe the initiation
behavior of the current signal.

a. Initiation peak: maximum value of dI[n]/dt in 0.5 second after the start-up
point.

b. Initiation time: range of dI[n]/dt greater than threshold in 0.5 second after
the start-up point.

77



| sl
I (a)

Current (A)
o

Current (A)
)

Current (A)
=

-50

50 -50
P

50000 50000 50000 |

. Pow
B
=4
Avg. Power
n
8
Avg. Power (A%)
N
8
s

dP/dt (A%/s)
o
dP/dt (A%s)
-
dP/dt (A%ls)
-

50000 + + ¢ # -50000 4 . ¢ H -50000 : v - - .
0.0 02 0.4 06 08 0.0 02 04 06 08 0.0 02 04 06 08
Time (s) Time (s) Time (s)

Figure 5.4 Comparison of (a) original current (b) average power of current (c) first-
order derivative of average power among three electrical load categories: resistive
loads (Re), switched-mode power supply loads (Sw), and inductive loads (In).

Based on these metrics, a three-class classification strategy is proposed. First,
the peak derivative is used to separate resistive loads. Then, the initiation time is
used to distinguish between inductive and switched-mode loads. The classification
thresholds are summarized in Table 5.1.

Table 5.1 Load classification thresholds

Category Initiation peak (A%/s) Initiation time (s)
Resistive loads 0~5000 -
Switched-mode power
>5000 0~0.15
supply loads
Inductive loads >5000 >0.15

5.3.2 Multi-band Feature Extraction

To accurately capture arc fault signatures under various lines and load categories,
a multi-band feature extraction strategy is designed, incorporating both specific
features for each load category and global signal features. A total of 19
representative features are extracted from each current signal segment, as
summarized in Table 5.2 and Table 5.3. To account for the high-frequency
attenuation and interference caused by long lines, the raw current signal is
decomposed into three frequency bands: 0-20 kHz, 20—40 kHz, and 40-80 kHz.
Although the main frequency components of the current signal are concentrated
around 30 kHz, 50 kHz, and 80 kHz, as shown in Section 5.2, the signals are divided
into broader bands (0-20 kHz, 20-40 kHz, 40-80 kHz) to balance resolution and
generalization. This approach captures energy variations near key frequencies while
mitigating the effects of load differences and noise, ensuring robustness for

subsequent feature extraction and classification.
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0-20kHz: This band is minimally affected by line attenuation and primarily
contains load harmonics and steady-state current behavior. However, variations
caused by normal load operation may introduce significant interference.

20-40 kHz: This band captures the initial emergence of arc-related spectral energy
and exhibits moderate sensitivity to line length. It provides a balance between arc-
fault signal content and transmission robustness.

40-80 kHz: This high-frequency band typically contains strong arc fault
signatures, but is significantly attenuated by line masking and transmission effects,
especially at long lengths.

Each band is isolated using either a Butterworth low-pass or band-pass filter. The
filtered signals are subsequently mean-centered to remove DC bias, ensuring
stability and comparability in feature extraction.

For each frequency band, the following five features are extracted to describe
signal amplitude, impulsiveness, spectral distribution, and structural characteristics
in Table 5.2. These band-level features in 3 bands generate 15 features in total and
enhance robustness to line distortion.

In the following tables and analyses, x denotes the time-domain signal, X denotes
its corresponding frequency-domain representation and p denotes power spectrum
density. The symbol u is the sample mean, and o is the sample standard deviation.

Table 5.2 Band signal feature indicators

Indicator Expression
Energy ratio ER = band_energy/total_energy
RMS RMS =
1 n—-1
Zero crossing rate ZCR = mz 1(x; - %41 <0)
i=1
Entropy Entropy = = XiL, p(D) - log(p(1)
1
Kurtosis Kurtosis = 2= 104l

To capture the overall signal morphology regardless of frequency decomposition,
four global features are directly calculated from the full-band current signal in Table

5.3. These four global features complement the band-signal set with 15 features,
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resulting in a comprehensive 19-dimensional feature vector that balances frequency
resolution and generalizability.

Table 5.3 Global feature indicators

Indicator Expression
max(x
CF = #
Crest factor 1
2 \n 2
n&i=1%i
rofixlX(@
Spectrum Centroid Centroid = l_ilfl—l()l
=1 XDl
*LIX( X(i) — Centroid)?
Spectrum Bandwidth BW = 2iz XD *r(l Q) - entroid)
=Xl
LX)
XD
Flatness Flatness = (1H—())
SSLIX Q)]

5.3.3 Feature Selection based on Recursive Feature

Elimination (RFE)

To reduce feature redundancy and enhance the model's generalization capability,
RFE is employed for the feature selection of arc fault signals. This approach
systematically reduces computational complexity and accelerates training by
iteratively removing less relevant features. RFE refines the feature set by evaluating
feature importance, thereby enhancing model generalizability and mitigating
overfitting.

To reduce feature redundancy and enhance the model's generalization capability,
RFE [100] is employed for the feature selection of arc fault signals. This approach
systematically reduces computational complexity and accelerates training by
iteratively removing less relevant features. RFE refines the feature set by evaluating
feature importance, thereby enhancing model generalizability and mitigating
overfitting.

Initially, a base model is trained to assess the importance of all features. The least
important feature is then eliminated, and the model is retrained on the remaining
features. This iterative process continues until only the K's most critical features are

retained. As Table 5.4 shows:
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Table 5.4 Pseudocode for RFE algorithm

Algorithm: Recursive Feature Elimination (RFE)
Input: dataset D = [(x1, y1), ..., (Xn, ¥n)], model M, feature set F = [, £, ..., fa],
desired number of features k.
Output: Selected feature subset Feurrent
Initialize Feurent «— F
While |Fcurrent| >k do:
Train model M on D using features in Feyrrent
Evaluate feature importance scores
Identify f,.;, with the least importance
Remove ﬁnin from F current
Return Fx < Foyrrent

5.3.4 Model Construction based on Catboost

To achieve accurate arc fault detection in the masking tests with line impedance,
the Catboost [101] is employed as the core classifier, which is a gradient boosting
decision tree (GBDT) model that provides excellent performance with tabular data,
strong handling of categorical variables, and robustness against overfitting. However,
traditional GBDT models are prone to prediction shift, a bias that can adversely
affect the convergence rate and generalization performance of the model [101]. To
address these limitations, CatBoost introduces two key innovations: Ordered
Boosting and Ordered Target Encoding.

Ordered Boosting first generates one or more random permutations o of the
training indices. In iteration m, for the i-th sample in the permutation o, CatBoost
calculates the gradient using a partial model that is only trained on the first i-1
samples in that permutation. The gradient for sample o(i) can be written as:

_ OL(Yo (i) F (Xa@))
OF (xXg(i)) _(o)i-1)
a(i) F_Fm—l

Io(iym = (5-5)

where Y ;) is the label of the o (i)-th sample, L(-) represents the loss function and

PIGESY

‘n_1 _ donates the model obtained after the previous iteration (m—1) and after
processing the first i—1 samples in permutation o. These sequentially calculated
gradients (one per sample, respecting ordering) are used to fit the weak learner. Then
the model is updated:

EP () = F Oy (x) +v - @, (x) (5-6)
Although internally, CatBoost maintains partial updates as it progresses through the

permutation.
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Ordered Target Encoding uses only the portion of data preceding the current
sample to compute means or other statistics. Specifically, ¢ represents random
permutations of the sample indices. The target encoding is calculated as:

_ Izi1xe)=xew)] Ye()
221 1xegy=x00) ]+

Ao (i) (5-7)

where x,(;) is the categorical feature value of the sample at position j in the
permutation g, Y4y is the target value of the preceding samples in the permutation
and «a is a smoothing parameter. This dramatically reduces the likelihood of data

leakage. Although the application may primarily involve numerical features, this

mechanism remains advantageous for any discrete or inherently categorical features.

5.4 Verification of the Proposed Method
5.4.1 Framework of MFFC

A structured processing framework is proposed, as illustrated in Figure 5.5.
The entire pipeline encompasses three principal stages, namely data acquisition, load
classification and feature extraction, and arc fault detection.

In the first stage, raw current signals are acquired from the experimental
platform. To ensure temporal resolution and local analysis, the current waveform is
segmented using a sliding window method. Each window, covering five complete
cycles of the 50Hz signal, serves as the basic analysis unit for downstream
processing. The second stage focuses on load classification and feature extraction.
The first-order derivative of the signal is calculated to identify potential transient
points. If a transient is detected, its peak magnitude and initiation timing are
compared against predefined thresholds to distinguish among three typical load
categories in Table 5.1. The current signals are further processed using frequency-
domain decomposition and normalization. In the final stage, the extracted features,
combined with the inferred load type, are fed into a pre-trained CatBoost

classification model to perform arc fault detection and output the classification result.
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Figure 5.5 Process of MFFC.

5.4.2 Dataset Establishment

Data are collected on the experimental platform mentioned in Section 3.21,

followed by preliminary screening and processing to construct a dataset for

subsequent processing. The dataset encompasses a variety of loads, including 2.5A

and 9A resistive loads, a kettle, tungsten bulbs, a vacuum cleaner, a capacitor-start

motor, and switch power supplies. The sampling rate of the current signal is 200 kHz.

Then, a sliding window method is applied to segment the data. Each window

contains 5 cycles of 50Hz current signals. Detailed data for each load is provided in

Table 5.5.
Table 5.5 Samples for loads
Samples Om 20m 40m 60m 80m 100m
Kettle 2769 907 379 591 718 746
Vacuum Cleaner 2346 487 453 483 361 417
Switch power supply 2473 605 353 476 717 766
Air compressor 2525 1342 634 818 902 803
Incandescent lamp 2496 971 708 815 676 598
2.5A Resistor 1883 1156 1151 1232 1180 1129
9A Resistor 3251 1356 671 1235 1445 814
Total U7 em4 430 5650 5999 5273
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5.4.3 Multi-band Feature Fusion

Feature engineering mainly consists of feature extraction, normalization,
and selection. 19 features (mentioned in Section 5.3.2) and the load category are
extracted from each current segment. Subsequently, Z-score standardization is
applied to eliminate unit discrepancies and improve model stability. After that, RFE
is conducted based on a simple Decision Tree model to select features from the 20
features. An optimal feature subset containing 10 features is selected for model
training in Table 5.6. Specifically, these features include 4 low-frequency (below 20
kHz) features, 2 middle-frequency (20~40 kHz) features, 1 high-frequency (40~80
kHz) feature, and 3 global features.

In the low-frequency band, features primarily characterize waveform
impulsiveness, zero-crossing behavior, and energy distribution. In contrast, features
in the middle-frequency and high-frequency bands capture subtle variations in
transient energy.

Table 5.6 Selected multi-band features

Type Features

Low frequency
Kurtosis, ZCR, Spectral Entropy, Energy Ratio

(0~20 kHz)
Middle frequency
RMS, Kurtosis
(20~40 kHz)
High frequency
RMS
(40~80 kHz)
Global Spectral Bandwidth, Crest Factor, Load Category

5.4.4 Classification Model Performance

For model training, we split the Om dataset into 80% for training and 20%
for testing, using other datasets as additional test sets to demonstrate the generality
of the algorithm. For the CatBoost model, the hyperparameters are constrained:
iterations = 200, learning rate = 0.1, and depth = 8.

To evaluate the effectiveness of the proposed method in detecting arc faults
under varying line lengths, a CatBoost classifier [101] is trained using only the
dataset corresponding to the 0 m line. Subsequently, the model is tested on datasets

associated with six distinct line lengths, namely 0 m, 20 m, 40 m, 60 m, 80 m, and
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100 m. The generalization capability of this model can be evaluated across different
lengths of lines.

Four evaluation metrics are employed to comprehensively assess model
performance, including Accuracy, Precision, Recall, and F1 Score in Table 5.7. The
model achieves an accuracy of 99.73% on the seen data (0 m line), indicating near-
perfect classification performance on seen samples. When tested on unseen line
lengths, the model still maintains high Accuracy (>95%) and F1 score (> 94%)
across all cases, demonstrating strong generalization ability. Notably, while
precision remains consistently high across different line lengths, recall shows a
gradual decline as line length increases, which indicates that some arc faults are
missed at longer lengths. This might be due to the attenuation of high-frequency
components and weakened signal features after long-distance propagation.

Overall, the model exhibits robust performance in detecting arc faults even
when trained on a single-length dataset. The results confirm the discriminative
power of the selected multi-band features and the capacity of the model to capture
load-dependent transient characteristics under varying lengths of lines.

Table 5.7 Metrics comparision for each length data

Length (m) Accuracy Precision Recall F1 Score
0 99.73% 99.36% 99.45% 99.41%

20 98.09% 97.90% 93.67% 95.74%

40 97.27% 99.26% 93.06% 96.06%

60 95.87% 99.62% 90.81% 95.01%

80 95.51% 97.67% 90.77% 94.10%

100 95.76% 99.45% 91.38% 95.25%
Average 97.04% 98.88% 93.19% 95.93%

5.4.5 Ablation Study and Model Comparison

To further investigate the contribution of the load classification module and the
impact of different classifiers on the proposed framework, we conduct ablation
studies and model comparison.

Two configurations are compared: one with the load classification module
integrated into the framework and another with the module removed. In Figure 5.6,
the results present the arc fault detection accuracy across various line lengths for
both the original method and the ablation variants. The incorporation of load

classification consistently enhances detection performance for long line lengths (e.g.,
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80m and 100m), with an accuracy improvement of up to 2%. This result confirms
that the inclusion of the load classification module provides prior knowledge to the
model, enabling it to adaptively distinguish load-specific signal patterns from arc

faults, especially when the signal is degraded due to line attenuation.

B With load classification

100 99.73 0069
B3 Without load classification

98 1 59727 97.35

95.87 s, \
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Figure 5.6 Accuracy comparison with and without the load classification module
across different cable lengths.

The choice of the best classifiers is evaluated in the proposed task. By
average results across all datasets, CatBoost is compared with Multi-Layer
Perceptron (MLP), Decision Tree (DT), Random Forest (RF), and two other popular
boosting models, XGBoost and LightGBM. The evaluation results are summarized
in Table 5.8. CatBoost achieves the best performance across three out of four average
metrics, including accuracy (97.04%), precision (98.88%), and F1-score (95.93%).
In contrast, MLP performs relatively poorly due to its sensitivity to hyperparameter
tuning and data scale. Meantime, tree-based ensemble methods—particularly
XGBoost and LightGBM—also demonstrate strong overall performance, with F1-
scores exceeding 95%. These results confirm the effectiveness of gradient boosting
models in arc fault detection and highlight that CatBoost is the most robust classifier
under the current feature set and data configuration.

Table 5.8 Average metrics comparison

Model Accuracy Precision Recall F1 Score
CatBoost 97.04% 98.88% 93.19% 95.93%
MLP 88.57% 91.78% 73.35% 81.47%
DT 93.06% 91.99% 88.51% 90.11%
RF 96.22% 98.71% 91.00% 94.67%
XGBoost 96.81% 98.00% 93.45% 95.65%
LightGBM 96.71% 96.94% 94.34% 95.61%
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5.5 Conclusion

Arc-fault signal characteristics in low-voltage residential environments are
often masked by long-distance lines. Although many algorithms achieve high
accuracy, commercial products still have difficulty preventing fires caused by arc
faults. Although IEC62606 mandates regulations for a 2.5A resistive load with 30-
meter lines, the behavioral pattern of arc signals under longer lines and more
complex load configurations has not been adequately addressed by existing
algorithms and arc fault detection products.

Our work assesses the performance of AFDDs under diverse loads and line
lengths. The attenuation characteristics of lines are analyzed to investigate the
impact on the arc-fault signal. Then, during model training, filtering techniques are
applied to enhance robustness. The RFE is utilized to select the top 10 most
significant features from 20 multi-band features as inputs for the learner. Finally,
CatBoost can accurately identify arc-fault events for seven loads within the 0-100

meter line length range, with an accuracy rate consistently exceeding 97%.
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6 An Explainable Assessment Scheme
for Arc Fault Diagnosis

6.1 Introduction

As reviewed in Chapter 2, arc fault detection methods have been extensively
developed to provide early warning and prevent fires in recent years. Except for the
physical-signal approaches in Section 2.2, most techniques fall into two categories:
(i) time- and frequency-domain analysis techniques and (ii) deep-learning
techniques (Section 2.3).

Traditional ML classifiers [19] analyze electrical signals in time and
frequency domains using the Fourier transform [102] or wavelet transforms [48, 103]
to manually select features, for arc fault detection [38, 42, 43]. These features,
chosen based on researchers' experience without standardized criteria, are fed into
ML classifiers [19, 88, 99]. Detection performance depends mainly on the rationality
and accuracy of feature selection rather than the ML algorithm [19].

End-to-end approaches [39, 64] bypass complex feature extraction by directly
feeding raw or preprocessed electrical signals into deep neural networks, which
adaptively extract features. High detection and classification accuracy indicate these
models uncover latent arc fault patterns through automatically learned features. This
result-driven approach guides the construction of features, design of models, and
selection of hyperparameters in deep learning [64].

However, a key challenge is whether these methods locate the real arc fault
feature, for example, the 'flat shoulder'. A unified evaluation metric is needed to
represent whether the arc fault is correctly located quantitatively. To address this
issue, explainable artificial intelligence (XAI) [104, 105] can be used to create a
unified assessment framework for Al-based arc fault diagnosis. XAl enhances model
interpretability and transparency using game theory, gradient-based methods, or
attribution techniques, and is widely applied in fields like building energy
management [106], load disaggregation [107], and power quality disturbances
classification [108]. Aligning with causal inference and engineering needs, XAl
helps experts and researchers understand and assess model operations [104, 105].

In this Chapter, the primary objective is to fully utilize the ability of XAI to
establish a posterior assessment scheme for Al-based arc fault diagnosis to improve

practitioners’ confidence in models. A unified explainable assessment scheme (XAS)
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is proposed for both artificially defined arc features-based and automatic arc feature
extraction-based methods. It defines the correct explanation of arc faults and
leverages SHapley Additive exPlanations (SHAP) [109, 110] and occlusion
sensitivity [111] to quantitatively explain whether the arc fault is correctly located.
By examining the consistency of these explanations under different sampling rates
and noise levels, the proposed XAS can be used to evaluate the robustness and
reliability of arc fault diagnosis models. By checking whether the models remain
consistent under different sample times and noise levels, the proposed XAS can be
used to assess the robustness and reliability of arc fault diagnosis models. It helps
distinguish models that only perform well on clean, high-quality data from those that
remain trustworthy under more realistic conditions.

Section 6.2 proposes a definition for the correct explanation of machine
learning-based arc fault diagnosis, building a bridge between physical feature
locating and machine learning methods. A novel unified explainable assessment
scheme is designed to evaluate the Al-based arc fault diagnosis methods, using XAl
techniques (SHAP and occlusion sensitivity). In Section 6.3, an arc fault experiment
is conducted by using a standard arc fault test platform to demonstrate the
effectiveness of the assessment scheme. The XAS is tested across several traditional
machine learning methods and deep learning methods using an arc fault dataset with
different sample times and noise levels. Section 6.4 proposes a lightweight balance
neural network to guarantee the competitive classification accuracy and feature
extraction scores by analyzing arc faults. Section 6.5 concludes with a summary of

findings.

6.2 Explainable Assessment Scheme

The key reason machine learning models can identify arc signals is that they
capture high-frequency characteristics from the feature pool. Therefore, the ground
truth features should be able to directly reflect the changes in arc current at high
frequencies, instead of blindly stacking useless features. Therefore, in this section,
an explainable assessment scheme (XAS) is introduced for both feature pool-based
and deep learning-based methods, including the ground truth features definition, the

feature extraction score, and the explainable assessment scheme.
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6.2.1 Definition of Ground Truth Features

1) Ground truth features in feature pool: The features currently used can be
defined into three categories: original signal variants, primary, and secondary
features. Original signal variants are based on signal decomposition, for example
FFT, to find out the key sub-signals or corresponding properties. It can be considered
as the extension of the original data instead of the statistical description. Therefore,
although the data contain the most information, they are not discussed in this paper.
The primary features are the fundamental arc fault features, which are generally
basic characteristics of the data, such as the mean and variance. Considering that the
high-frequency arc occurs under different loads and the current is periodic, the
efficient features are normally based on the absolute and square value or the bias of
the input signal, such as variance, entropy, range, RMS, and integral [39], [65]. The
secondary features are usually the extensions of primary features and are artificially
designed, such as Skewness, Kurtosis, L1 normalization, and L2 normalization.
However, they lack a general specification. Therefore, for arc fault diagnosis, five
basic features (Variance, Entropy, Range, RMS, and Integral) are selected as the
ground truth features set S.

2) Ground truth features in deep learning: The ground truth features in deep
learning methods are defined as the regions r = [ry, 75, ..., 7y] where the arc fault
happens. Assuming that the normal input signal at a certain type of load is x and the
corresponding arc fault signal is X, they can be cut into N independent regions
respectively. The ground truth features at the region 1, can be defined as:

efp s o
where n = 1,2,3, ..., N. x,, and X, are the n-th independent region being cut in x and

X.
6.2.2 Feature Extraction Score

The principle of explainable machine learning methods applied in this
chapter can be summarized as “local feature attribution”. In this approach, individual
predictions are explained by an attribution vector, 1 € R%. Mathematically, for any
ML model f, input x € R%, and output y € R€, there is a map g € R¥ that describes
the input feature importance to target class output y,..The feature importance g = G(x,

f, y.) is calculated by a coalitional game, or heat-mapping function, based on the

90



model being explained [110]. Two XAI techniques are presented in this section:
SHAP and occlusion sensitivity.
6.2.2.1 SHapley Additive ExPlanations

The feature attributions based on SHAP depend on defining a coalitional game,
or set function. The core idea of SHAP is assigning credits (contributions) to players
(features) in coalition games (G (x, f,V.)) in the form of shapley values based on
game theory [110].

For a ML model f and input x € R%, supposing that the coalition game G is
determined by the sets of features s € d that are chosen to be applied in the model
f. For the i-th feature x;, shapley values assign credit to the individual x; by
calculating a weighted average of the G increase when x; is in s versus when x; does
not in s (a quantity known as x;’s ‘marginal contribution’). The definition of the x;’s
shapley value ¢;’s is

Isl'(d]=Is|=1D!

$1(6) = Tocariey T (G (s U (ri)) - G(s)) (62)

It follows that when the features contribute more, they should have higher credit
in the game. If the features have the same contribution, they have equal credit, and
when the feature has no help, the credit is zero.

There are several ways to remove x; from d(s € d \ {x;}), including baseline
sample replacement, randomly sampled replacement, and marginal distribution
replacement [112]. The choice of the removal approaches is determined by the
complex of problems.
6.2.2.2 Occlusion Sensitivity

As the basic perturbation method, occlusion sensitivity analysis [111] is
normally used to generate local post-hoc explanations, specifically in the context of
neural networks. By measuring the slight variation of the class score to occlusion in
different regions of an input signal using small perturbations of the signal, occlusion
sensitivity analysis can summarize a heat-map of the input signal based on the
resultant variation of each region.

Assume that there is a mask M replacing signal regions with a given baseline
(blur, constant, or noise) and an ML model f outputting a probability score p €
[0,1]. The new signal with masks can be described as x O M, where © is the
Hadamard product and the input signal x is one-dimensional data. Then, the degree

of responsibility of the masked region is [113]

Res =1 — % (6-3)

91



Assume that the masked region is defined as R, ;5. When all the signal is
masked, keeping nothing but R4, and the output prediction score p is unchanged,
the masked region can be considered as the core part of the signal, and vice versa.
Simply put,

P(x — Rpask) = 0 © p(Riask) = p(x)
p(x — R;nask) =0 p(Rr,nask) =0

where Ry, sk is an irrelevant area. Masking it should not affect the output score.

(6-4)

6.2.2.3 Definition of Feature Extraction Score
For feature pool-based methods, considering the efficient features vector v
as the ground truth and the feature extraction score of the model f; can be defined

as:

g(fy) = osnari (6-5)

SUSsHaP,i
where Ssy4p; 1s the SHAP based top-5 features in the model f; when we use
Eq (1). S N Ssyap,; is the number of overlap features and S U Sgy4p ; is the number
of union features. For deep learning methods, considering the arc fault ground truth
features 7 in the input signals, and the feature extraction score of the model f; can

be defined as:
g (fl) — I'Mrocclusion, (6-6)

TrUrocclusion,i
where Toccysion,; 1 the region marked as arc faults in model f; by occlusion
sensitivity experiments. I N Xoqcysion,; 1 the overlap of the two regions, and r U

Yocclusion,i 18 the union of the two regions. The above two scores are from 0 ~ 1

(g(fo) € [0,1]).
6.2.3 Explainable Assessment Scheme

Based on the definitions of ground truth features and the feature extraction
score, an assessment scheme can be used to measure the confidence of multiple Al-
based arc fault diagnosis models and serve as the basis for potential ensemble
learning models.

The assessment scheme is summarized in Figure 6.1 and described in
Algorithm 1. Depending on the model, the raw current signal is used to calculate
various features or as a direct input to the model for arc fault diagnosis. The input x,
output y, and the corresponding model f; are then used to extract the estimated key
features using SHAP or occlusion sensitivity experiments. Compared with ground

truth features, the feature extraction score of all models can be calculated for
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practitioners to determine which models are trustworthy and whether to ensemble

the models.
1 f |'.' |l.- fi
(TATAYAY) ',Ir Arc Fault Model
Y WY Y —e Diasnosis Models  Tnformaniod]

Inpui= +
Predicted Chatput
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iruth Feature I Ecr!
Confidence of
hlodels

Figure 6.1 The schematic diagram of the assessment scheme.

Algorithm 1: Explainable Assessment Scheme Algorithm
Input:

X: input signal or features in feature pool,

f: Al-based arc fault diagnosis models,

S: Ground truth features in feature pool,

r: Ground truth features input signals,

M: The masks in occlusion sensitivity

L: The number of models
fori=1,..,Ldo

¥ fi(x)

if f; is feature pool based then
Ssuap,i = Tops(SHAP(x, fi, 7))

_ SNSshap,i
g(fl) - SUSSHAP,i

else
forj=1,..,Ndo
Tocclusion,i,j =
OcclusionSensitivity(x © M;, f;, J)
end
TYocclusion,i =
[rOCclusion,i,lr rOcclusion,i,Z: LLLY) 7'Occlusion,i,N]

g(fl) — INYocclusion,i

TrUrocclusion,i
end
end
9() =19, 9(f2), ., g(f)]
Qutput: Scores of all models: g(f)
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6.3 Verification of the Assessment Scheme
6.3.1 Experimental Configuration and Dataset

Before testing the explainable assessment scheme, an arc fault experiment
is conducted in the low-voltage electrical safety laboratory for electric appliances
with/without arcing and analyzing the corresponding current signals as shown in
Section 3.1. To ensure the effectiveness of the proposed scheme, different arc fault
currents under various loads are explored, including the heating-kettle, drill, air
compressor, dimmer, dehumidifier, and so on. Meanwhile, two datasets is designed
to validate the extension of XAS in different arc fault datasets. Dataset 1 is a complex
dataset with more arc faults, while dataset 2 is a simple dataset with fewer arc faults.

The experiments are conducted on several types of loads, including
resistance, heating kettles, air compressors, vacuum cleaners, switch-mode power,
dehumidifiers, microwave ovens, and disinfection cabinets. The arc fault dataset is
obtained for a single load or combined loads. In the experiments, each fault has ten
experiments, and each experiment contains 1,000,000 samples and two features
(current and voltage). The arc fault occurs at a random time to simulate the real
situation. The duration of each experiment is five seconds. In dataset pre-processing,
the normal and arc fault data are split, cut into several slices with a length of 10,000
(window = 10,000, step = 5,000), and downsample the data. Due to the sampling
time of 5 x 10—3ms, which means the high resolution of the data set, low-resolution
downsampling on the dataset was performed, such as 1 x 10—2ms, 2.5 x 10—2ms, 5
x 10—2ms, and 1 x 10—1ms for the dataset diversity.

Figure 6.2 takes two examples to show the normal and arc current data (1000
samples) and performs FFT analysis. The figure contains the original signal, the
detailed frequency, and the sub-signal at each frequency.

The load of example 1 is a combined load, including the resistance, air
compressor, and switch-mode power. For a normal current signal in Figure 6.2a, it
has many small but high-frequency fluctuations while maintaining a sinusoidal
signal due to the inherent switch-mode power. These fluctuations are hard to observe
when an FFT frequency spectrum is performed unless the sub-signal of each
frequency is described. For this kind of complex load, the current changes greatly
when an arc fault occurs. The current signal has completely changed into a periodic

signal of other shapes instead of a sinusoidal signal. There is significant distortion
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in the peak value of the current, and some other high-frequency signals can be
detected in both the frequency spectrum and sub-signals.

The load of example 2 is a combined load as well, including the resistance
and the vacuum cleaner. Unlike Example 1, the normal current of Example 2 is more
like a smooth sinusoidal signal. There are only some high-frequency noises that can
be ignored. The arc fault current approximates a triangle signal with observed
transient spikes, which is different from Figure 6.2b.

The two complex current signal examples with combined loads both show
differences from arc fault currents with a single load [99]. Whereas the core obstacle
in arc fault diagnosis is the same, that is, finding the high-frequency fault signal in
the current signal without being affected by noise and sampling rate. In addition,
since the laboratory experiments are relatively simple, to simulate more practical and
complex engineering problems, additional noise with different levels of signal-to-

noise ratio (SNR) is added to the dataset.
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Figure 6.2 Data analysis of experimental dataset.
6.3.2 Model Setup and Accuracy

To further assess the efficacy of the proposed assessment scheme, a wide
range of models are evaluated, including several ML models (KNN [99], SVM [88],
CART tree [99], L2/L1 norm [114], SEmodel [19], Lightgbm [115], XGBoost [116],
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NSKSVM [117], TVARF [118]) and several deep learning models (AutoEncoder
(AE) [65], lightweight CNN (LCNN) [66], ArcNet [60], and ArcNN [67], IFWA-
IDCNN [67]). The ML models contain the most popular clustering, classification,
and tree models, as well as ensemble models. The deep learning models are the
recently proposed arc fault diagnosis models that have been proven to have good
performance. The methods are evaluated on arc-fault datasets with multi-resolution
and multi-level noise.

For ML models, the setups of the corresponding research are followed. For
deep learning models, training is performed with a batch size of 32 using the Adam
optimizer with an initial learning rate of 0.001. The learning rate decays every 30
epochs, and the epoch is set to 100. The dataset is split into training, validation, and
test sets with a ratio of 0.8:0.1:0.1. The experiments are implemented in *Pytorch’
using a CPU Intel i7-11800H processor at 2.3Hz and a GPU NVIDIA T600.

Table 6.1 summarizes the test accuracy of arc fault diagnosis when the
sample time is 2.5 X 107?ms and SNR is 5. It can be seen that all models except
SVM have comparative performance. When ML models are applied for fault
diagnosis, test accuracy is greatly affected by model selection. The tree models,
including L2/L1 norm, LightGBM, XGBoost and TVARF, all have better
performance than other ML models. In contrast, all deep learning models have stable
performance. The lowest test accuracy is 98.28% (ArcNN), which is higher than the
test accuracy of all ML models. However, this result-oriented analysis cannot
guarantee that the model is correct and effective. Higher test accuracy cannot
guarantee that the models locate the real fault features instead of finding some
similar noise.

Table 6.1 The basic test accuracy of arc fault diagnosis using dataset 1

Model SVM L2/L1 KNN SEmodel CART
Accuracy 43.75% 92.41% 76.11 % 90.17% 90.18%
Model LightGBM  XGBoost NSKSVM TVARF AE
Accuracy 92.19% 92.19% 83.31% 94.19% 98.65%

FWA-
Model LCNN ArcNet ArcNN -
1DCNN
Accuracy 99.79% 99.47% 98.28% 100.00% -
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6.3.3 Assessment Scheme

The proposed assessment scheme explores the soft feature extraction scores
of each model at different data resolutions and noise. By choosing different sample
times, the dataset can be downsampled with various resolutions. Meanwhile, noise
with different levels of signal-to-noise ratio is added to the dataset for comparison.

1) Results using datasets with multiple sample times: Table 6.2 and Table
6.4 summarize the test accuracy and soft feature extraction scores of each model on
different datasets with multiple sample times and SNR=5. For ML model-based arc
fault diagnosis, the large sample time limits the precision of soft feature extraction,
leading to a decrease in test accuracy of all models. Due to the excellent structure of
the tree models, they perform better than other models in test accuracy, especially
L2/L1 norm, LightGBM, XGBoost, and TVARF. However, considering the average
XAS, the SEmodel performs better than others, instead of models with high accuracy,
benefiting from the ensemble mechanism. Meanwhile, although NSKSVM improves
the test accuracy of SVM through Newton-optimization, the soft feature extraction
score does not improve much, only by 0.09. Generally, high accuracy means high
interpretability, for example, the interpretability of XGBoost is always better than
KNN. Whereas it is not always correct. When the accuracy is comparable, the soft
feature extraction score varies depending on the choice of ML model, for example,
when the sample time is 1 X 1072, the soft scores of LightGBM and SEmodel are
higher than XGBoost, while the test accuracy is lower than it.

Table 6.2 The test accuracy and soft score of arc fault diagnosis using dataset 1

with different sample times

Sample Time | 5x1072ms | 1 x102ms | 25 x10%ms | 5 x102ms 1 x10 'ms

Average

Acc |Score| Acc |Score| Acc |[Score| Acc |[Score| Acc |Score

Acc | Score

SVM

24.44% | 0.14 |28.89% | 0.14 | 43.75% | 0.14 | 47.75% | 0.14 | 48.32% | 0.14 |38.36% | 0.14

L2/L1 norm |[91.12%| 0.66 [96.01% | 1.00 | 92.42% | 1.00 | 91.89% | 0.45 | 86.67% | 0.66 |91.62%| 0.75

KNN

76.67%| 0.14 |77.77%| 0.33 | 76.11% | 0.40 | 76.46% | 0.17 | 74.67% | 0.14 |76.34% | 0.24

SEmodel |90.00%| 1.00 |92.22%| 0.80 | 90.17% | 1.00 | 91.52% | 0.67 | 83.87% | 0.67 |89.56% | 0.83

CART

86.67% | 0.33 |94.44%| 1.00 | 90.18% | 0.67 | 88.28% | 0.43 | 84.37% | 0.43 |88.79% | 0.57

LightGBM |92.22%| 0.80 |92.67% | 0.67 | 92.19% | 0.60 | 92.41% | 0.67 | 85.99% | 0.40 {91.09% | 0.63
XGBoost  [91.11%| 0.67 [93.89% | 0.43 | 92.19% | 0.43 | 91.63% | 0.67 | 86.66% | 0.57 |91.09% | 0.55
NSKSVM | 78.89% | 0.27 |81.29% | 0.20 | 85.31% | 0.20 | 84.70% | 0.20 | 80.97% | 0.27 [87.97% | 0.23

TVARF 92.22%| 0.53 {94.26%| 0.60 | 94.19% | 0.73 | 91.10% | 0.60 | 87.42% | 0.67 |91.84% | 0.63

AE
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88.14% | 0.56 |95.55%| 0.44 | 98.65% | 0.48 | 99.44% | 0.48 | 99.66% | 0.26 |96.28% | 0.44




LCNN 94.44%| 0.22 |98.88% | 0.26 | 99.79% | 0.37 | 99.88% | 0.30 [100.00%| 0.59 |98.59% | 0.34
ArcNet 96.66% | 0.33 199.07%| 0.44 | 99.47% | 0.44 | 99.55% | 0.15 | 99.60% | 0.26 |98.78% | 0.32
ArcNN 83.33%| 0.67 |94.63%| 0.11 | 98.28% | 0.44 | 99.33% | 0.59 | 99.49% | 0.56 |95.01% | 0.47
IFWA-1DCNN| 95.92% | 0.59 |98.67% | 0.26 |100.00%| 0.44 |100.00% | 0.33 | 99.94% | 0.33 [98.91%| 0.39

Table 6.3 The test accuracy and soft score of arc fault diagnosis using dataset 1

with different SNR

SNR -5 -3 -1 1 3 5 Average

Acc |Score| Acc |Score| Acc |Score| Acc |Score| Acc |[Score| Acc |Score| Acc |Score

SVM 56.88%| 0.14 |57.03%)| 0.14 |55.95%| 0.14 |44.27%| 0.14 |46.99%| 0.14 |47.75% | 0.14 |51.47%| 0.14
L2/L1 norm |81.54%| 1.00 |81.21%] 0.89 |83.29%| 0.78 |85.12%] 0.78 [88.50%| 0.89 |91.89% | 0.45 |85.25%] 0.80
KNN 73.36%| 0.30 |72.54%)| 0.18 |72.66%]| 0.27 |73.74%| 0.29 |75.52%] 0.30 | 76.46% | 0.17 |74.05%| 0.25
SEmodel  |81.21%] 1.00 |82.69%] 1.00 [82.78%| 0.89 (83.82%| 1.00 |86.90%| 1.00 |91.52%| 0.67 |84.82%] 0.93
CART 76.93%| 0.78 |78.49%| 0.78 |78.50%)| 0.56 {80.92%| 0.59 [85.04%] 0.70 | 88.28% | 0.43 |81.36%| 0.64
LightGBM |80.21%| 0.67 [80.43%| 0.78 |83.29%| 0.69 |83.78%| 0.67 |87.94%| 0.89 |92.41% | 0.67 |84.68%)| 0.73
XGBoost  |80.35%| 0.78 {80.91%| 0.67 |83.30%| 0.67 [84.15%| 0.59 (88.20%| 0.59 |91.63% | 0.67 |84.75%| 0.66
NSKSVM  |73.10%]| 0.20 |75.78%| 0.20 |76.63%] 0.20 {78.09%] 0.20 (80.76%| 0.20 | 84.70% | 0.20 |78.18%| 0.20
TVARF 79.53%| 0.60 |81.44%| 0.53 |83.07%| 0.60 {85.53%] 0.73 |{88.06%] 0.60 |91.10% | 0.60 |84.79%| 0.61

AE 92.34%| 0.33 |96.17%| 0.63 |96.35%)| 0.33 {98.14%| 0.44 [98.70%] 0.41 | 99.44% | 0.48 |96.86%| 0.44
LCNN 94.43%| 0.26 |198.21%| 0.30 |99.47%)| 0.30 {99.85%| 0.44 {99.88%] 0.44 | 99.88% | 0.30 |99.39%| 0.34
ArcNet 96.84%| 0.26 |98.77%| 0.44 199.50%| 0.30 {99.52%| 0.48 {99.54%] 0.22 | 99.55% | 0.15 |98.95%| 0.31
ArcNN 93.94%| 0.48 |97.32%| 0.59 |98.36%| 0.52 {98.44%| 0.56 {98.88%] 0.41 {99.33% | 0.59 |97.71%| 0.53

IFWA-1DCNN [95.61%| 0.26 {97.99%| 0.48 {99.40%| 0.33 (99.52%| 0.30 |99.89%| 0.44 |100.00%]| 0.33 [98.74%| 0.36

For deep learning models, the test accuracy is normally higher than ML
models, indicating that the automatic feature extraction from raw data might be
better than building an artificial feature pool. Different from ML models, as the
sampling time increases (limited increase), the test accuracy of deep learning models
improves, since they do not need a very small sample time to ensure the precision of
detailed features. The same phenomenon is that high test accuracy does not
guarantee high interpretability. The AE and ArcNN have lower average accuracy but
higher scores than LCNN,ArcNet, and IFWA-1DCNN, which also occurs in each
sub-experiment with different sampling times. It is also noticed that the test accuracy
of IFWA-1DCNN quickly reaches 100% as the sampling time becomes 1 X 1071
and 5 X 1072 and then drops by 0.06% slightly when the sampling time is
2.5 x 1072,

This may be due to the large kernel size of the max-pooling layer, which is

automatically searched by the fireworks algorithm. It prompts us to think about a
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problem: does a small kernel size in max-pooling conform to the characteristics of
arc faults? Therefore, based on this rethinking, a lightweight balance neural network
is proposed in Section 6.4. Notably, the comparison between ML models and deep
learning models is not fair, so this article does not mention it.

Another interesting thing in Table 6.2 and Table 6.4 is that the models with
higher soft scores all show a rapid decay in test accuracy when the sampling time
cannot meet the requirements of feature extraction, such as SEmodel (1 X 1071),
LightGBM (1 x1071), AE (5x 1073), and ArcNNs (5 x 1073). From this
perspective, over-emphasizing generalization does not seem to be a good choice for
task-driven Al models, as this will make the model focus on general features rather
than task-based features. On the contrary, as long as the accuracy is within an
acceptable range, a rapid drop in test accuracy is a sign that the model has found the
key features and the model is more trustworthy.

Figure 6.3 visualizes four soft feature extraction score experiments as
examples. For the L2/L1 norm model, Integral, RMS, Variance, and Entropy have
similar SHAP values, which means that the importance of the four features is similar
as well. The Range is the last choice of the L2/L1 norm. The performance of
XGBoost mainly relies on the Entropy instead of other features, which explains why
XGBoost is less interpretable than L2/L1 norm. The SHAP values of the second and
third important features are only half of the Entropy. For deep learning models, the
visualization results are clearer, that is, ArcNN finds more necessary features than
ArcNet. The original data and noisy data are presented at the bottom and middle of
the sub-figures. Although finding one arc fault feature is enough to identify the fault

type, more features mean higher confidence and accuracy in other similar arc signals.
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Figure 6.3 Visualization examples of soft feature extraction scores using datasets

with different sample times.

2) Results using datasets with multiple SNR: Noise is unavoidable in the

real-life dataset, which is different from the experimental dataset. The level of noise

will directly affect the classification performance of the models. The additional noise

is added to the dataset, setting the SNR to -5, -3, -1, 1, 3, 5, respectively. The sample

time is 5 X 1072ms to ensure model performance distinction.

with different sample times

Table 6.4 The test accuracy and soft score of arc fault diagnosis using dataset 2

Sample Time | 5x107°ms | 1 x10%ms | 2.5x10%ms | 5 x10°ms 1 x10 'ms Average

Acc |Score| Acc |Score| Acc |Score| Acc |[Score| Acc |Score| Acc | Score

SVM 66.35%| 0.14 [69.22% | 0.14 | 74.20% | 0.20 | 88.39% | 0.20 | 88.47% | 0.20 |77.33%| 0.18
L2/L1 norm 97.01%| 0.57 [99.51%| 0.80 | 99.47% | 0.80 | 99.45% | 0.43 | 96.78% | 0.56 |98.44% | 0.63
KNN 85.12%| 0.13 [92.85% | 0.33 | 92.74% | 0.40 | 92.56% | 0.17 | 84.44% | 0.33 |89.56% | 0.27
SEmodel 98.75% | 0.85 [99.38% | 1.00 |99.27 %| 1.00 | 99.30% | 0.66 | 94.47% | 0.66 |98.23% | 0.83
CART 96.31%| 0.80 |98.69% | 0.46 | 98.61% | 0.60 | 98.57% | 0.40 | 95.01% | 0.43 |97.44% | 0.54
LightGBM 96.45%| 0.80 [99.22% | 0.58 | 99.15% | 0.67 | 99.12% | 0.50 | 92.31% | 0.40 |97.25%| 0.59
XGBoost 98.01%| 0.65 [99.27% | 0.43 | 99.17% | 0.43 | 99.11% | 0.67 | 93.10% | 0.57 |97.73% | 0.55
NSKSVM 86.49% | 0.20 [91.70%| 0.20 | 92.31% | 0.20 | 92.46% | 0.20 | 92.39% | 0.20 |91.07%| 0.20
TVARF 97.711%| 0.53 [99.47% | 0.47 | 99.36% | 0.60 | 99.25% | 0.47 | 97.01% | 0.43 |98.45%| 0.50
AE 96.45%| 0.67 [97.77% | 0.59 | 99.49% | 0.48 |100.00%| 0.52 [100.00%| 0.36 |98.74% | 0.52
LCNN 98.60% | 0.26 [99.40% | 0.30 | 99.82% | 0.33 |100.00%| 0.44 [100.00%| 0.22 |99.56% | 0.21
ArcNet 98.71%| 0.33 199.41% | 0.44 | 99.74% | 0.26 |100.00%| 0.59 [100.00%| 0.33 |99.57%| 0.39
ArcNN 95.12%| 0.59 [97.10% | 0.26 | 99.36% | 0.56 |100.00%| 0.48 [100.00% | 0.67 |98.33%| 0.51
IFWA-IDCNN |98.64% | 0.44 |99.40%| 0.33 {100.00%| 0.48 [100.00% | 0.33 |100.00%| 0.27 {99.60% | 0.37
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Table 6.3 and Table 6.5 show the test accuracy and soft score of arc fault
diagnosis using a dataset with different SNRs. For ML models, the performance of
the tree models and the ensemble model is superior to that of other models under
different SNR conditions, including NSKSVM and KNN, which is the same as in
Table 6.2 and Table 6.4. The sparse Kernel in NSKSVM does not make the model
more interpretable, except for providing higher test accuracy. The SEmodel still has
the best average soft feature extraction score among all models, although its average
test accuracy is not the highest in all experiments. Meanwhile, comprehensively
considering all tables, the L2/L1 norm can have both high test accuracy and
competitive soft scores, achieving a balance between performance and explainability.
Although LightGBM, XGBoost, and TVARF achieve acceptable performance in
Table 6.3 and Table 6.5, their performance on soft feature extraction scores in Table
6.2 and Table 6.4 is not good enough as L2/L.1 norm and SEmodel. Therefore, in the
arc fault diagnosis task, for experts who want to ensure the interpretability of the
model, SEmodel is a better choice. However, if the tradeoff is pursued between
classification accuracy and interpretability, the L2/L1 norm may be more suitable.

Table 6.5 The test accuracy and soft score of arc fault diagnosis using dataset 2

with different SNR

SNR -5 -3 -1 1 3 5 Average
Acc |Score| Acc |Score| Acc |Score| Acc |Score| Acc |Score| Acc |[Score| Acc |Score

SVM 88.62%| 0.14 (88.22%| 0.20 [87.67%| 0.20 |88.11%| 0.20 | 88.24% | 0.20 | 88.39% | 0.20 |88.20%) 0.19
L2/L1 norm |98.54%]| 0.80 {98.43%]| 0.80 {98.53%] 0.78 [98.98%| 0.78 [99.36% | 0.89 |99.45% | 0.43 [98.88%] 0.75
KNN 92.08%| 0.20 (91.91%] 0.20 [{92.32%| 0.33 {92.45%| 0.33 | 92.54% | 0.29 |92.56% | 0.17 |92.31%| 0.25
SEmodel 97.55%| 0.93 (98.42%| 1.00 [98.50%| 0.89 {98.52%| 0.88 |99.17% | 1.00 | 99.30% | 0.66 |98.58%) 0.89
CART 96.06%| 0.60 [96.55%| 0.66 [97.04%| 0.56 {97.24%| 0.56 | 98.68% | 0.73 | 98.57% | 0.40 |97.36%)| 0.59
LightGBM  |97.32%| 0.67 |97.44%| 0.78 |97.45%| 0.68 [98.01%| 0.68 |99.04% | 0.89 |99.12% | 0.50 {98.06%] 0.70
XGBoost  |97.45%| 0.80 [97.53%)| 0.66 [97.56%| 0.68 [98.10%| 0.68 | 99.06% | 0.50 |99.11% | 0.67 |98.14%| 0.67
NSKSVM  (91.21%| 0.14 {91.41%| 0.20 {91.52%] 0.20 |92.03%| 0.20 [92.18%| 0.20 [92.46% | 0.20 {91.80%| 0.19
TVARF 97.15%| 0.67 (97.46%)| 0.47 {97.51%| 0.73 {98.07%| 0.43 | 98.97% | 0.73 |1 99.25% | 0.47 |98.07%] 0.58
AE 97.89%| 0.33 [99.01%]| 0.56 {99.25%| 0.63 {99.96%| 0.44 |100.00%]| 0.59 |100.00%]| 0.52 |99.35%] 0.52
LCNN 99.45%| 0.26 (99.93%| 0.26 {99.95%| 0.37 {99.95%| 0.26 |100.00%]| 0.33 |100.00%]| 0.44 |99.88%) 0.32
ArcNet 99.51%| 0.22 {99.89%| 0.30 {99.96%| 0.48 {99.96%| 0.22 |100.00%| 0.48 |100.00%]| 0.59 |99.89%) 0.38
ArcNN 98.26%| 0.37 [99.15%| 0.48 {99.92%| 0.52 {99.91%| 0.59 [100.00%| 0.41 |100.00%]| 0.48 |99.54%| 0.48
IFWA-1DCNN [99.24%| 0.16 {99.36%| 0.33 |99.40%| 0.48 |99.94%| 0.44 {100.00%| 0.44 {100.00%| 0.33 {99.67%| 0.36

For deep learning, different from test accuracy and score with different sample

times, in which the larger the sampling time, the higher the accuracy, the noise in
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Table 6.3 and Table 6.5 can mask the arc fault signal, resulting in a decrease in the
test accuracy. AE and ArcNN achieve better average soft feature extraction scores
than LCNN, ArcNet, and IFWA-1DCNN despite the lower test accuracy, which is
the same as in Table 6.2 and Table 6.4. Comprehensively considering test accuracy
and score with different sample times and different SNRs, IFWA-1DCNN seems to
strike a balance between test accuracy and scores with moderate performance, which
shows the potential of large kernel sizes in the max-pooling layers. In general, deep
learning is a better choice for arc fault diagnosis when considering classification
accuracy, model interpretability, and visualization of fault location.

Another reason to choose deep learning over ML for arc fault diagnosis is that
the fast drop in test accuracy is not obvious or too early in ML experiments, including
SEmodel and L2/LL1 norm models. There is a 3% drop in test accuracy when the
SNR is changed from 3 to 1. For a model that accurately locates a real arc fault, the
test accuracy should drop significantly when the noise is sufficient to interfere with
the model. Contrary to ML models, there is a 4% drop in test accuracy when AE and
ArcNN are used in SNR=-5 and SNR=-3, which is totally different from the
performance of LCNN and ArcNet. During the process, the test accuracy drop of
IFWA-1DCNN is not obvious enough. This phenomenon can explain why AE and
ArcNN can achieve high soft feature extraction scores as well.

Figure 6.4 shows four different soft feature extraction score experiments as
examples. The shape values of SEmodel and L2/L1 norm explain why SEmodel
performs better than L2/L1 norm in soft feature extraction scores. As depicted in
Figure 6.4a and Figure 6.4b, SEmodel relies on four main features to classify the arc
faults, while L2/L.1 norm focuses more on ‘Entropy’. Although other main features
are considered as the top-5 features as well in Figure 6.4b, their importance is far
less than ‘Entropy’, which is opposite to SEmodel in Figure 6.4a. The occlusion
experiments verify that AE can locate the arc faults better than LCNN, especially in
the presence of obvious noise. The two models both find two arc faults as the main
features for fault diagnosis, which is colored as ’black’. Whereas, the difference in
the interpretability of the two models comes from the identification of other fault
signals. In Figure 6.4c, near half arc faults in the signal are detected and identified
as important components for arc fault diagnosis, which is different from LCNN in
Figure 6.4d. The darker the color, the greater the impact of the fault on arc fault

diagnosis.
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Figure 6.4 Visualization examples of soft feature extraction scores using datasets

with different SNRs.

6.4 Lightweight Balance Neural Network
6.4.1 Architecture of Lightweight Balance Neural Network

Inspired by the good performance of IFWA-1DCNN in balancing the average
test accuracy and the soft feature extraction score, another lightweight balance neural
network for arc fault diagnosis is proposed. The arc fault features are usually a small
area of distortion rather than an instantaneous mutation, which means that the small
kernel size in max-pooling may be contrary to the arc fault characteristics.
Meanwhile, the larger kernel size of the max-pooling layer in [IFWA-1DCNN can
help models improve the test accuracy in Table 6.6, which confirms the above idea.
It is obvious that the model does not need to be complex to achieve good results, for
example, [FWA-1DCNN. Therefore, average pooling should be more practical than

max pooling or multiple convolution layers.
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Table 6.6 The test accuracy and soft score of ArcNet and IFWA-1DCNN using

average-pooling

Sample| 5 x10ms 1 x10%ms 2.5 x10’ms 5 x 10 ’ms 1 x10 'ms Average
Time Acc | Score Acc | Score Acc  [Score| Acc |Score| Acc |Score| Acc | Score
ArcNet | 94.44%| 0.44 100.00% | 0.48 | 99.93% 041 99.96% | 026 | 99.96% | 0.33 | 98.86%| 0.38
IFWA- | 94.07%| 0.63 99.26% | 0.52 | 100.00% | 0.56| 100.00%| 0.33 | 99.98% | 0.44 | 98.66%| 0.50
1DCNN
SNR -5 -3 -1 1 3 Average
Acc Score Acc Score Acc Score| Acc Score Acc Score | Acc Score
ArcNet | 98.88%]| 0.22 99.14% | 0.48 | 99.81% 046 99.88% | 0.33 | 100.00% | 0.19 | 99.72%| 0.34
IFWA- | 98.99%| 0.44 99.42% | 0.44 | 99.51% 0.37| 99.70 % | 0.41 | 100.00% | 0.56 | 99.52%| 0.44
1DCNN

Table 6.7 shows the utilized architecture of the lightweight balance neural

network. Table 6.8 shows the parameters of all deep learning-based arc fault

diagnosis models. Except for AE, all other models are lightweight, especially ArcNN,

in which dilated convolution layers are used.

Table 6.7 Lightweight balance neural network

Parameters Activation
Layer
Convolution (5 x 1) Filter size = 6, Padding = 2 ReLU
AvgPooling Kernel size = 2, Stride = 2 —
Convolution (3 x 1) Filter size = 16, Padding = 2 ReLU
AvgPooling Kernel size = 2, Stride = 2 —
Flatten layer
Fully connected Size = 256 ReLU
Fully connected Size = 16 Softmax

Table 6.8 The PRM of deep learning methods. #PRM denotes the number of

parameters
Models AE[65] LCNN ArcNet
#PRM 32.75M 1.04M 4.23M
Models ArcNN IFWA-1DCNN LBNN
#PRM 0.53M 1.94M 1.02M

The LBNN is tested using a dataset with different sample times with SNR =

-3 and multiple SNRs with sample time = 5X 1072 ms to demonstrate the

effectiveness of the model. To ensure model performance distinction, the SNR = -3

instead of 5 when the sample time is different. As can be seen in Table 6.9, the

LBNN can guarantee the comparative test accuracy and soft scores among all

experiments. The fast drop, which is observed in tables about the test accuracy and

score with different sample times and different SNRs, appears as well in Table 6.9.
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When different SNRs are used, the drop occurs when SNR=-9, which is not included

in the table.
Table 6.9 The test accuracy and soft scores of LBNN
Sample time Indicator SNR Indicator
Acc Score Acc Score
5 x10°ms 85.56% 0.44 -5 98.03% 0.30
1 x10*ms 93.33% 0.56 -3 99.22% 0.56
2.5x102ms | 95.36% 0.36 -1 99.40% 0.41
5 x10%ms 99.22% 0.56 1 99.67% 0.41
1 x10 'ms 99.28% 0.39 3 99.93% 0.48
Average 94.55% 0.46 Average 99.25% 043

6.4.2 Influence of Average-pooling

According to the discovery, to explore the influence of the average-pooling
layers and avoid the huge change in model size, two deep learning models (ArcNet
and IFWA-1DCNN) are modified using average-pooling to replace max-pooling,
since there are pooling layers in the original structures.

The comparisons can be divided into two aspects. First, for data with little
noise and different sample times, the average-pooling layer helps the models find
the real arc faults at the expense of a slight decrease in average accuracy. Specifically,
this decrease is caused by the rapid drop in test accuracy at sampling time
5 X 10~3ms. This phenomenon remains consistent across other models with high
soft feature extraction scores, indicating the effectiveness of our proposed XSEI.
Second, for noisy data with certain sample times, the average-pooling layer helps
the models improve the test accuracy and the soft feature extraction scores, locating
the real faults. The improvement of test accuracy benefits from the shift of the rapid
drop phenomenon. It changes from SNR=-5 and a 2.5% accuracy drop to SNR=-9
and a 4% accuracy drop, which is not included in Table 6.6. However, the
improvement in soft feature extraction scores is sufficient to reflect the model’s

feature extraction ability.

6.5 Conclusion

ML and deep learning models have achieved outstanding performance in arc
fault diagnosis. Whereas, the inherent problem is how to determine whether these
models really focus on the real arc fault. In this light, this chapter summarizes the
novel ML and deep learning fault diagnosis models in recent years and proposes an

explainable assessment scheme to evaluate the Al-based models. A lightweight
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balanced neural network is proposed to guarantee competitive classification
accuracy and soft score. To demonstrate the effectiveness of the assessment scheme,
an arc fault experiment is performed using a standard arc fault test platform. The
experiments across seven traditional machine learning methods and four deep
learning methods using an arc fault dataset with different sample times and noise
levels are conducted as well. The results show that (i) high test accuracy does not
guarantee high model interpretability. (ii) An easy way to find a model with good
interpretability is to find the fast drop in accuracy when using data of different
precisions. (iii) For arc fault diagnosis, the average pooling layer is a more efficient
choice than the max pooling layer. It is necessary to highlight that the proposed XAS
is not in conflict with accuracy. Instead, it can be regarded as a supplement to the
single accuracy-based arc fault assessment scheme, especially when the model
achieves acceptable classification accuracy. The main limitation of this method is
the multiple combinations of classifiers and XAl techniques, which require a lot of

expertise.
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7 Conclusions and Future Work

7.1 Conclusions

This thesis presents a comprehensive investigation into the challenges and
potential advancements in arc fault detection for AC low-voltage systems. In
response to growing safety concerns in residential and commercial electrical
infrastructures, it tackles the limitations of arc fault detection devices (AFDDs) and
the inadequacies of existing evaluation standards through the development of an
experimental platform and novel algorithmic approaches.

A robust and modular arc fault feature extraction platform is developed to
simulate realistic electrical environments and assess AFDD performance under
various load, impedance, and unwanted tripping conditions. Standard tests, as well
as customized masking and unwanted tripping scenarios, are applied to market-
available AFDDs. These tests revealed significant shortcomings: many devices
failed under low-current and long-cable masking conditions, suffered from
unwanted tripping with common appliances such as hair dryers, or were incapable
of detecting serial arc faults consistently. Although arc fault detection standards have
served well over the past decade, evolving residential electrical environments have
revealed their shortcomings. The rise of diverse, modern appliances and increasingly
complex usage scenarios has exposed limitations in load coverage, operating level
diversity, and test realism. To bridge these gaps, this study introduces some
improvements to address key limitations of existing standards, enhancing the realism
and reliability of AFDD testing. They support the refinement of IEC62606 and GB/T
31143, contributing to safer electrical systems and the advancement of arc fault
detection technologies.

To address the issue of low arc fault identification accuracy in complex
scenarios, two novel arc fault detection methods are proposed. The first is a
lightweight algorithm that utilizes event-based load classification and transient
feature extraction. By incorporating a sequential floating forward selection
mechanism, the method ensures both interpretability and real-time efficiency, which
is critical for embedded deployment in AFDDs. Loads are categorized based on their
turn-on behaviors into resistive, inductive, and switchable types. Tailored feature
sets are selected for each category using Sequential Floating Forward Feature
Selection. During detection, the system first classifies the load type and then applies

107



a specific detection model accordingly. The approach performs well under complex
multi-load conditions, requires low sampling rates and computational resources, and
achieves high accuracy. Experiments confirm its superior performance over
traditional and deep learning methods. Notably, the study also finds that using more
features doesn’t always improve detection results.

Arc-fault signals in residential low-voltage systems are often weakened by
long cables, limiting the effectiveness of commercial arc fault detection products
despite high algorithmic accuracy. Existing standards address only basic cable
scenarios, leaving performance under longer distances and complex loads largely
untested. To address the gap, the second approach introduces a multi-band feature
fusion framework paired with CatBoost, aimed specifically at overcoming the
detection challenges posed by cable masking effects and complex load interference.
An experimental platform with up to 100 m cables is built. Results show that signal
attenuation from longer cables significantly reduces detection accuracy and stability.
To counter this, startup power changes are analyzed for load classification, and
Recursive Feature Elimination is used to select 10 key features across three
frequency bands. CatBoost is employed for classification due to its strong
generalization. The model achieves 97% accuracy even when trained solely on data
from 0 m cable length.

Experimental results demonstrated that both approaches outperform
traditional methods and several deep learning models, particularly in terms of
robustness to noise, load diversity, and false trip immunity.

Recent advancements in machine learning (ML) and deep learning have
significantly improved arc fault diagnosis. However, a major challenge remains
ensuring that these models genuinely focus on the relevant arc fault features rather
than overfitting to irrelevant patterns. To address this, the thesis reviews recent Al-
based diagnostic methods and introduces an explainable assessment scheme as a
supplement to traditional accuracy metrics. Additionally, a lightweight balanced
neural network is proposed to maintain strong classification performance while
improving interpretability. Experimental validation is conducted using a standard
arc fault test platform across seven ML models and four deep learning models under
varying noise levels and sampling resolutions. The scheme enhances evaluation
depth and provides a practical way to assess model reliability beyond accuracy alone.

Overall, this research bridges a critical gap between theory and practice in arc

fault detection. It not only offers effective arc fault detection algorithms in complex
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scenarios but also contributes to future standardization efforts through improved

testing methodologies and model evaluation frameworks.

7.2 Perspectives on Future Work

While the previous work primarily focuses on advancing arc fault detection in

AC low-voltage residential systems, future work can be enhanced in the following
ways:
1) Exploration of diverse and unpredictable load scenarios

Although this thesis has examined arc-fault signal masking in multi-branch
circuits under complex load conditions, the diversity and unpredictability of real-
world electrical environments continue to pose significant challenges.

With respect to increasing load complexity, future studies should focus on load
interactions based on their internal components, which dominate the features of the
arc-fault signals. It is impossible to list all the loads and circuit configurations. By
analyzing correlations among load characteristics, such as nonlinearity, switching
behavior, and spectral overlap, representative and high-impact features can be
analyzed and identified, enabling more efficient testing and improved detection
robustness.

With the rapid emergence of new electrical appliances, particularly those based
on power electronics and intelligent control, arc-fault signal characteristics are
becoming increasingly diverse and dynamic. Future work should focus on
developing arc-fault detection methods that can effectively recognize features
associated with previously unseen appliances. This may involve leveraging adaptive
learning detections, comprehensive datasets, and transfer learning techniques to
improve generalization across evolving load types. In addition, incorporating a
continual data collection and model updating system online will be essential for
maintaining reliable detection performance as new appliances are introduced into
real-world electrical systems.

2) Development of an automatic arc-fault labeling system based on optical signals

Existing arc detection methods mainly rely on current signals and manual data
labeling, which are often time-consuming and prone to subjective errors. For current
signals with a strong masking effect, it is difficult to label the arc-fault event with
the naked eye. To address these limitations, this work plans to integrate
optoelectronic sensing, edge computing, and neural networks to enable real-time and

automatic labeling, as shown in Figure 7.1.
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This system is based on the non-stationary optical radiation characteristics
generated during arc-fault events. An optocoupler module is used to acquire optical
signals with high temporal resolution, while a Raspberry Pi platform constructs real-
time optical intensity time series. A trained LSTM neural network is then employed
to analyze the temporal features of the optical signal, enabling automatic
identification of arc initiation and extinction, as shown in Figure 7.2. By replacing
manual labeling, the proposed system is expected to achieve automatic arc-fault
labeling with high temporal resolution, greatly providing high-quality labeled
datasets for subsequent model training and evaluation. Future work may explore the
adoption of different algorithms to further improve label accuracy and system

adaptability.
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3) Practical deployment and system integration

Although many papers propose highly accurate algorithms for arc-fault
detection, such results are typically obtained under experimental conditions.
Whether these algorithms can maintain comparable performance in real-world
environments remains largely unexplored. This gap highlights the importance of
practical deployment and evaluation of arc-fault detection algorithms. Implementing
detection models directly on edge devices enables real-time signal processing under
realistic operating conditions and exposes the algorithms to practical disturbances,
thereby providing a more reliable assessment of their robustness and applicability.

The deployment of arc-fault detection algorithms is critical for bridging the gap
between theoretical algorithm performance and practical applications. While many
algorithms demonstrate high accuracy in laboratory settings, deployment in real
systems exposes them to realistic operating conditions, including complex load
dynamics, noise, hardware constraints, and environmental interferences.
Implementing arc-fault algorithms in practical devices enables real-time monitoring
and early detection of arc faults.

To address the challenge of edge-based arc-fault detection, a portable and low-
cost edge detection device is designed as shown in Figure 7.3(a). The device acquires
raw current signals from a current transformer and performs high-precision real-time
sampling at 65 MHz using an AD9226 analog-to-digital converter (ADC) module.
A Field-Programmable Gate Array (FPGA) is employed for batch signal processing.
The downsampled signals are segmented and transmitted at the sampling rate of 10
kHz to a Raspberry Pi 4 Model B, ensuring both real-time performance and signal
fidelity, as shown in Figure7.3(b). On the Raspberry Pi, a deep learning model is

deployed for real-time monitoring and arc fault detection.

(@) (b)

Figure 7.3 (a) The hardware of an edge detection device. (b) The user interface.
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Future efforts should integrate arc fault detection algorithms into real-time
embedded hardware devices. Beyond detection accuracy, algorithm design should
consider computational complexity, sampling requirements, and memory usage.
Deployment in actual environments will enable dynamic and long-term monitoring,
supporting the development of reliable, cost-effective, and field-ready arc-fault
detection solutions.

4) Enhanced explainability and evaluation techniques

The proposed explainable assessment scheme in this thesis lays the foundation
for transparent model assessment for arc fault detection algorithms. However, the
selection of ground truth features currently lacks strong support from underlying
physical principles. Future work should aim to address this gap by grounding feature
selection in the fundamental mechanisms of arc generation. By analyzing the
physical characteristics of arc initiation, more direct and representative features can
be identified, thereby enhancing both the reliability and interpretability of arc fault
detection models. In addition, data augmentation and expansion by introducing noise
levels, sampling rates, and different fault durations can improve model robustness
and generalizability.

5) Cybersecurity, standardization, and industry collaboration

As AFDDs/AFDs are applied to the Internet of Things and cloud-based
infrastructures for centralized monitoring and remote updates, cybersecurity must be
embedded by design. Secure communication protocols, adversarial robustness, and
user privacy protections should be integral components of future systems.
Simultaneously, collaboration with industry partners and standardization
committees is essential to translate research findings into practical standards like
IEC 62606 and GB/T 31143, ensuring wider adoption and impact.

These research directions aim to further enhance the reliability, transparency,
and practical applicability of arc-fault detection systems, ultimately contributing to

the reduction of electrical fire risks and the protection of human life and property.
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