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ABSTRACT 

This paper presents an analysis of series arc fault signals in low-voltage electrical systems with a 

focus on the effect of sensor–fault distance on detection performance. Arc faults are experimentally 

generated using controlled loose connections, and current signals are captured at multiple distances 

using a current sensor and a digital storage oscilloscope. The acquired signals are processed using 

frequency-domain techniques such as Power Spectral Density (PSD) to extract key features including 

dominant frequency and band energy distribution. The results show that while signal amplitude 

decreases with distance due to attenuation, important frequency characteristics remain relatively 

consistent. These features enable reliable arc fault detection and highlight the effectiveness of 

frequency-domain analysis for practical applications. 

 

Keywords: —Arc Fault Detection, Series Arc Fault, Power Spectral Density(PSD), Frequency 

Domain Analysis, Band Energy, Current Sensor, Low Voltage Systems, Fault Distance Effect, 

Sampling Rate. 

 

I. Introduction 

Electrical power systems are essential for modern applications, but they are highly vulnerable to 

faults that can compromise safety and reliability. Among these, series arc faults are particularly 

hazardous as they are a major cause of electrical fires in low-voltage systems. These faults occur due 

to loose connections, damaged conductors, or insulation failure, producing intermittent and nonlinear 

current signals that are difficult to detect using conventional protection devices such as circuit 

breakers and fuses. The detection process is further complicated by the presence of noise and 

variations in operating conditions, including the effect of sensor–fault distance. To address these 

challenges, this work focuses on analyzing arc fault signals using frequency-domain techniques, 

particularly Power Spectral Density (PSD), to extract meaningful features such as dominant 

frequency and band energy. By studying how these features vary with distance, the project aims to 

develop a reliable approach for accurate and efficient arc fault detection in low-voltage electrical 

systems. 

 
Fig1 : Arc Fault 
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II. Literature 

The detection of series arc faults in low-voltage electrical systems has gained significant attention 

due to their contribution to electrical fires and system failures. Unlike conventional faults, arc faults 

generate nonlinear, stochastic, and noise-dominated signals, making their detection a challenging 

task. Early research in this domain primarily focused on traditional protection techniques based on 

current magnitude and voltage thresholds. However, these approaches were found to be ineffective in 

detecting low-current arc faults, especially under varying load conditions [1].To overcome the 

limitations of conventional methods, researchers began exploring signal processing techniques for 

analyzing arc fault characteristics. Time domain analysis was initially used to identify irregularities 

such as waveform distortion, discontinuities, and random fluctuations in current signals. Although 

these methods provided some insight into arc behavior, they were highly sensitive to noise and failed 

to provide reliable discrimination between arc and non-arc conditions [2]. subsequently, frequency-

domain analysis emerged as a more effective approach for arc fault detection. Techniques such as 

Fast Fourier Transform (FFT) and Power Spectral Density (PSD) have been widely used to analyze 

the spectral content of arc signals. Studies have shown that arc faults produce broadband frequency 

components, particularly in the high-frequency range, which can be used as distinguishing features 

for detection [3]. The use of PSD, especially with Welch’s method, has been found to provide 

improved noise reduction and stable spectral estimation, making it suitable for analyzing noisy arc 

signals [4].Feature extraction plays a crucial role in improving detection accuracy. Various 

researchers have proposed different features such as dominant frequency, spectral energy 

distribution, harmonic components, and statistical parameters. Among these, band energy 

distribution and peak frequency have proven to be effective in capturing the unique characteristics of 

arc signals [5]. These features provide a compact and meaningful representation of the signal, which 

can be used for further analysis and classification. １６ In recent years, machine learning techniques 

have been increasingly applied to arc fault detection problems. Algorithms such as Support Vector 

Machines (SVM), k-Nearest Neighbors (KNN), Decision Trees, and Random Forests have been used 

to classify arc and non-arc conditions based on extracted features [6]. Among these methods, 

Random Forest has gained popularity due to its robustness, high accuracy, and ability to handle 

nonlinear and noisy data [7]. It also reduces the risk of overfitting by combining multiple decision 

trees, making it suitable for practical applications. Another important aspect that has been explored 

in literature is the effect of operating conditions on arc signal characteristics. Studies have shown that 

factors such as load type (resistive or inductive), supply variations, and environmental noise 

significantly influence the behavior of arc signals [8]. However, limited work has been done on 

analyzing the effect of sensor–fault distance on signal characteristics. As the distance between the 

arc source and the sensing device increases, signal attenuation occurs, leading to a reduction in 

amplitude and suppression of high-frequency components [9]. This affects the clarity of extracted 

features and can degrade the performance of detection algorithms. Despite these challenges, 

frequency-domain features have shown relatively consistent behavior across different conditions, 

making them reliable for arc fault detection. Recent studies emphasize the importance of combining 

signal processing techniques with machine learning models to achieve accurate and robust detection 

systems [10]. Furthermore, optimizing sensor placement and understanding distance-related 

variations are crucial for improving real-world implementation.From the literature, it is evident that 

while significant progress has been made in arc fault detection using signal processing and machine 

learning techniques, there remains a gap in understanding the impact of sensor–fault distance on 

frequency characteristics and classification performance. This motivates the present work, which 

focuses on analyzing arc signals at multiple distances and evaluating their effect on feature extraction 

and detection accuracy. 
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2.1 Problem Statement 

The detection of series arc faults in low-voltage electrical systems is a challenging task due to the 

nonlinear, stochastic, and noise-dominated nature of arc fault signals. Unlike conventional faults, 

series arc faults do not produce significant increases in current magnitude, making them difficult to 

detect using traditional protection devices such as circuit breakers and fuses. Furthermore, the 

characteristics of arc signals vary with operating conditions and the distance between the fault 

location and the sensing device. As the sensor–fault distance increases, signal attenuation occurs, 

leading to a reduction in amplitude and suppression of high-frequency components, which 

complicates feature extraction and detection accuracy. Additionally, time-domain analysis alone is 

insufficient to capture the complex behavior of arc signals. Therefore, there is a need for reliable 

frequency-domain techniques and robust feature extraction methods to accurately identify arc faults 

and ensure effective detection under varying conditions. 

 
Fig2 : Impact of Arc Fault 

2.2 Methodology 

The proposed methodology for arc fault detection is based on experimental signal acquisition 

followed by frequency-domain analysis and feature extraction. Series arc faults are generated by 

introducing controlled loose connections in a low-voltage electrical setup. The resulting current 

signals are measured using a current sensor and recorded with a digital storage oscilloscope (DSO) at 

different sensor–fault distances, such as 1 m, 5 m, 10 m, and 15 m. To study the influence of 

sampling resolution, the signals are captured at multiple sampling rates and stored in CSV format for 

further processing. 

The recorded signals are preprocessed to improve their quality by removing invalid values, 

eliminating DC offset through detrending, and applying high-pass filtering to suppress low-

frequency noise. The cleaned signals are then transformed into the frequency domain using Power 

Spectral Density (PSD), which provides a stable representation of how signal power is distributed 

across frequencies. From the PSD, key features such as dominant frequency and band energy 

distribution are extracted to characterize arc fault behavior. These features are analyzed across 

different distances to study attenuation effects and to evaluate their reliability for distinguishing arc 

faults from normal operating conditions. The entire signal processing and analysis procedure is 

implemented using Python in a Google Colab environment, and the results are visualized through 

plots such as PSD versus frequency, band energy versus distance, and peak frequency versus 

distance. 
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Figure 2: Flowchart 

 

2.3 Experimental Setup 

The experimental setup is designed to investigate the characteristics of series arc fault signals in a 

controlled low-voltage electrical system. Arc faults are intentionally generated by introducing a loose 

or imperfect connection in the circuit, which simulates real-world conditions such as damaged wires 

or poor contacts. When current flows through this discontinuity, an arc is produced due to the 

ionization of air, resulting in irregular and fluctuating current signals. The setup includes a power 

supply, load (resistive and/or inductive), connecting conductors, and a current sensing unit to capture 

the generated signals. 

To analyze the effect of sensor fault distance, the current sensor is placed at multiple distances from 

the arc fault location, typically at 1m, 5m, 10m, and 15m. This variation helps in studying how signal 

characteristics change as the distance increases. The arc fault signals are captured using a digital 

storage oscilloscope (DSO), which records high-resolution waveform data including transient and 

high-frequency components. Measurements are carried out at different sampling rates, such as 50 

kS/s, 100 kS/s, and 250 kS/s, to evaluate the impact of sampling resolution on signal quality and 

feature clarity. 

 
                                                    Figure 3: Experimental Setup 
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The recorded signals are exported in CSV format and systematically organized based on 

experimental parameters such as distance and sampling rate. This structured data enables efficient 

processing and comparison during analysis. The captured signals are later used for preprocessing and 

frequency-domain analysis, where techniques like Power Spectral Density (PSD) are applied to 

extract meaningful features. The experimental setup thus provides a reliable framework for studying 

arc fault behavior and evaluating the influence of distance on signal characteristics and detection 

performance. 

 

2.4Signal Processing & Feature Extraction 

The recorded signals are exported in CSV format and systematically organized based on 

experimental parameters such as distance and sampling rate. This structured data enables efficient 

processing and comparison during analysis. The captured signals are later used for preprocessing and 

frequency-domain analysis, where techniques like Power Spectral Density (PSD) are applied to 

extract meaningful features. The experimental setup thus provides a reliable framework for studying 

arc fault behavior and evaluating the influence of distance on signal characteristics and detection 

performance. 

After preprocessing, the signals are transformed into the frequency domain to analyze their spectral 

characteristics. This transformation is performed using Power Spectral Density (PSD), which 

provides a stable representation of how the signal power is distributed across different frequencies. 

Compared to time-domain analysis, PSD offers better insight into the energy distribution and 

frequency components of arc signals, especially in the presence of noise. The PSD is computed using 

suitable methods such as Welch’s technique and is often represented in logarithmic (dB) scale to 

improve visualization and comparison across different conditions. 

Feature extraction is then carried out based on the PSD results to obtain meaningful parameters that 

characterize arc fault signals. The primary features considered in this work are the dominant (peak) 

frequency and band energy distribution. The dominant frequency corresponds to the frequency at 

which maximum power occurs in the PSD and serves as a key indicator of arc activity. Band energy 

represents the total signal energy within predefined frequency ranges, such as low, mid, and high-

frequency bands, providing insight into how energy is distributed across the spectrum. These features 

are analyzed across different sensor–fault distances to study attenuation effects and are used as 

reliable indicators for distinguishing arc fault conditions from normal operating conditions. 

 

2.5 Theoretical Framework 

Arc fault signals are characterized by nonlinear, stochastic, and intermittent behavior due to the 

repeated ignition and extinction of electrical arcs. When a loose connection exists in a circuit, the 

current flow becomes discontinuous, producing rapid fluctuations and high-frequency components. 

These signals can be modeled as a combination of a fundamental component and noise-like transient 

components. Since time-domain analysis is insufficient to capture such complex behavior, 

frequency-domain techniques are employed to analyze the spectral content of arc signals. 

 

The transformation of the time-domain signal into the frequency domain is performed using the 

Fourier Transform. For a continuous-time signal x(t), the Fourier Transform is given by: 

 

𝑋(𝑓) = ∫ 𝑥
∞

−∞
(𝑡)𝑒−𝑗2𝜋𝑓𝑡𝑑𝑡                                       (1) 

 

For discrete signals obtained from the oscilloscope, the Discrete Fourier Transform (DFT) is used : 

 

𝑋[𝑘] = ∑ 𝑥𝑁−1
𝑛=0 [𝑛]𝑒−𝑗2𝜋𝑘𝑛/𝑁                                     (2) 
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The DFT decomposes the signal into its constituent frequency components, allowing identification of 

dominant frequencies present in arc fault signals. However, due to noise sensitivity and lack of 

power representation, DFT alone is not sufficient for detailed analysis. 

To overcome these limitations, Power Spectral Density (PSD) is used, which provides a measure of 

how signal power is distributed across frequencies. The PSD of a signal is defined as: 

𝑃𝑥𝑥(𝑓) = lim
𝑇→∞

1

𝑇
|∫ 𝑥

𝑇

0
(𝑡)𝑒−𝑗2𝜋𝑓𝑡𝑑𝑡|

2

                       (3) 

In practical implementation, PSD is estimated using methods such as Welch’s method, which 

improves spectral stability by averaging over multiple segments. PSD highlights the presence of 

broadband frequency components, especially in higher frequency regions, which are typical 

signatures of arc faults. 

Feature extraction is performed on the PSD to obtain meaningful parameters. The dominant 

frequency is defined as the frequency at which the PSD attains its maximum value: 

𝑓𝑝𝑒𝑎𝑘 = argmax
𝑓

𝑃𝑥𝑥(𝑓)                                      (4) 

Another important feature is band energy, which represents the total energy within a specific 

frequency range: 𝐸𝑏𝑎𝑛𝑑 = ∫ 𝑃𝑥𝑥
𝑓2

𝑓1
(𝑓) 𝑑𝑓   (5) 

These features provide a compact representation of the signal and are used to analyze variations in 

arc characteristics. As the sensor–fault distance increases, attenuation effects reduce the amplitude 

and suppress high-frequency components. However, the dominant frequency remains relatively 

stable, making it a reliable feature for arc fault detection. 

 

2.6 Results and Discussion 

The results obtained from the experimental analysis provide clear insights into the behavior of arc 

fault signals under varying sensor–fault distances. The Power Spectral Density (PSD) plots reveal 

that arc fault signals exhibit a consistent spectral pattern across all distances, with a distinct dominant 

peak observed around 1–2 kHz. At shorter distances (1 m), the PSD shows higher magnitude values 

with sharp and well-defined peaks across a wide frequency range, indicating minimal attenuation and 

strong presence of high-frequency components. As the distance increases to 5 m and 10 m, a gradual 

reduction in PSD magnitude is observed, along with a slight smoothing of the spectral curve. At 15 

m, the attenuation becomes more significant, resulting in lower amplitude and reduced clarity of 

high-frequency components. However, the overall shape of the PSD remains similar, demonstrating 

that frequency characteristics are largely independent of distance. 

 
Fig6: PSD vs Frequency at 1m 
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Fig7 : PSD vs Frequency at 5m 

 
Fig8 : PSD vs Frequency at 10m 

 
Fig9 : PSD vs Frequency at 15m 

The band energy analysis further quantifies how signal energy is distributed across different 

frequency ranges. The results indicate that the high-frequency band (>5 kHz) contains the maximum 

energy for arc fault signals at shorter distances, which is a key characteristic of arcing behavior. As 

the distance increases, the energy in the high-frequency band decreases due to attenuation, while the 

relative contribution of mid- and low-frequency bands becomes more noticeable. Despite this 

variation, the overall trend of energy distribution remains consistent across all distances. This 

confirms that band energy is a useful feature for analyzing the effect of distance and understanding 

signal attenuation. 
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Fig10 : Band Energy vs Frequency 

The analysis of peak frequency demonstrates that the dominant frequency component remains nearly 

constant across all distances, typically around 1.2–1.3 kHz. Although minor variations are observed, 

there is no significant shift in peak frequency with increasing distance. This consistency indicates 

that peak frequency is a highly reliable feature for arc fault detection, as it is not significantly 

affected by attenuation. In contrast, amplitude-based features are more sensitive to distance and 

noise. Therefore, frequency-based features provide a more robust basis for detection. 

 
Fig11 : Frequency vs Distance 

Overall, the results confirm that while signal amplitude and high-frequency components are affected 

by distance due to attenuation, the fundamental frequency characteristics of arc fault signals remain 

stable. This highlights the effectiveness of frequency-domain analysis using PSD for arc fault 

detection. The extracted features, particularly dominant frequency and band energy, provide reliable 

indicators for distinguishing arc faults from normal operating conditions, even at larger distances. 

 

Industrial Applications: 

The proposed arc fault detection approach has significant applications in industrial electrical systems 

where safety, reliability, and continuous operation are critical. In industries such as manufacturing 

plants, power distribution networks, and commercial buildings, electrical faults can lead to severe 

consequences including fire hazards, equipment damage, and production downtime. Series arc faults, 

in particular, are difficult to detect using conventional protection devices due to their low current 

nature. The use of frequency-domain analysis, especially Power Spectral Density (PSD), enables 

early identification of arc faults by detecting unique spectral features such as dominant frequency 

and high-frequency energy components. This makes the proposed method highly suitable for 

integration into industrial monitoring and protection systems. 
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The methodology can be applied in smart electrical panels and protection relays to enhance fault 

detection capabilities. By continuously monitoring current signals and analyzing their frequency 

characteristics in real time, the system can identify abnormal conditions and trigger alarms or 

protective actions before faults escalate into serious failures. Additionally, this approach can be 

incorporated into predictive maintenance systems, where early detection of loose connections or 

insulation degradation helps in scheduling timely maintenance, thereby reducing unexpected 

breakdowns and maintenance costs. The robustness of frequency-based features, even at varying 

sensor–fault distances, further supports its applicability in large-scale industrial environments. 

Furthermore, the proposed technique can be integrated with modern industrial automation and smart 

grid technologies. In intelligent power systems, arc fault detection can be combined with data 

analytics and machine learning algorithms to improve classification accuracy and decision-making. 

This enables the development of advanced safety systems capable of real-time monitoring, fault 

diagnosis, and automated response. Overall, the implementation of this method contributes to 

improved electrical safety standards, enhanced system reliability, and efficient operation in industrial 

applications. 

 

III. Conclusion 

This study concluded the effect of sensor–fault distance on the characteristics of series arc fault 

signals in low-voltage electrical systems using frequency-domain analysis. Arc faults were 

experimentally generated through loose connections, and the resulting current signals were captured 

at multiple distances using a current sensor and a digital storage oscilloscope. The signals were 

processed using Power Spectral Density (PSD) to analyze their spectral behavior and to extract key 

features such as dominant frequency and band energy distribution. The results demonstrated that arc 

fault signals exhibit a consistent frequency signature, with a dominant peak typically observed 

around 1–2 kHz. 

The analysis revealed that increasing the sensor–fault distance leads to attenuation of signal 

amplitude and a reduction in high-frequency components. However, the overall spectral pattern and 

dominant frequency remain largely unaffected by distance. This indicates that frequency-based 

features are more reliable than amplitude-based features for arc fault detection. The band energy 

analysis further confirmed that high-frequency components are more sensitive to distance, while 

mid-frequency components remain relatively stable. 

Overall, the study establishes that frequency-domain analysis using PSD is an effective and reliable 

approach for detecting series arc faults under varying conditions. The extracted features provide 

robust indicators for distinguishing arc faults from normal operation, even at larger distances. The 

findings highlight the importance of proper sensor placement and support the development of 

advanced arc fault detection systems for improved electrical safety and reliability in practical 

applications. 
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