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Abstract: The load types in low-voltage distribution systems are diverse. Some loads have current signals that are similar to series fault arcs, making it difficult to effectively detect fault arcs during their occurrence and sustained combustion, which can easily lead to serious electrical fire accidents. To address this issue, this paper establishes a fault arc prototype experimental platform, selects multiple commonly used loads for fault arc experiments, and collects data in both normal and fault states. By analyzing waveform characteristics and selecting fault discrimination feature indicators, corresponding feature values are extracted for qualitative analysis to explore changes in time-frequency characteristics of current before and after faults. Multiple features are then selected to form a multi-dimensional feature vector space to effectively reduce arc misjudgments and construct a fault discrimination feature database. Based on this, a fault arc hazard prediction model is built using random forests. The model’s multiple hyperparameters are simultaneously optimized through grid search, aiming to minimize node information entropy and complete model training, thereby enhancing model robustness and generalization ability. Through experimental verification, the proposed method accurately predicts and classifies fault arcs of different load types, with an average accuracy at least 1% higher than that of the commonly used fault prediction methods compared in the paper.
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1  Introduction

Low voltage distribution systems are deeply integrated into user terminals, distributed in various corners of daily life, with complex and hidden wiring. As scientific and technological continue to improve, the demand for electricity continues to rise, leading to an increasing accident rate resulting from improper use of electricity. Therefore, early detection of faults has become increasingly important. The frequent occurrence of fault arcs in electrical circuits, caused by long-term overload, poor wire quality, and non-standard wiring, further highlights the need for early fault detection. However, the random and hidden nature of fault arc locations makes it difficult to effectively detect faults at the embryonic stage. Once a fault arc occurs, the high arc gap temperature easily ignites surrounding combustibles and causes electrical fires [1–4]. According to statistics from the fire department of the Emergency Management Department, of the 29 large fires that occurred in the first quarter of 2022, 10 were electrical fires, accounting for more than 30% of the total. This poses a great threat to people’s economic, property, and personal safety.

Scholars from both domestic and foreign institutions have conducted research on fault arc hidden danger, focusing on three different detection methods based on signal, mathematical models, and data analysis [5–10]. For instance, Kayano et al. discovered through experiments that a large quantity of high-frequency signals occur near the zero-crossing point during arc faults. Their research also revealed that arc faults generate high-frequency signals between 1 MHz and 3 GHz under different working conditions [11–13]. Moreover, Spyker et al. proposed a frequency-based method for identifying fault arcs. Their studies found that the harmonic content of the current signal between 10 and 100 kHz increases when a fault arc occurs on an airplane [14]. Following this line of thought, American scholars. Momoh et al. Button proposed a method for identifying aviation DC fault arcs based on neural networks and Fourier transforms. By decomposing the collected arc current and voltage signals using Fourier transforms and comparing them to normal working conditions, they successfully extracted the characteristic values of fault arcs [15]. Chinese scholars have focused on the changes in voltage and current signal characteristics before and after fault arc occurrences. For example, Sun et al. used the method of wavelet entropy to detect fault arcs. They rapidly decomposed the current signal of the fault arc using wavelets and judged the fault occurrence by calculating the changes in energy over adjacent periods [16]. Ma et al. used FFT to extract the high-frequency current profile and studied its frequency domain and phase characteristics as a judging criterion [17]. These methods have enriched the detection of faulty arcs, but there is less research on the fusion of multiple features, and most research is conducted on whether a faulty arc has occurred at the current moment, which may lead to an electrical fire once it occurs. Therefore, the advanced prediction of fault arcs is more conducive to their correct handling, which is an effective way to adapt to national policies and reduce the probability of electrical fires.

Based on the aforementioned, this paper mainly focuses on the following works:

(1) In consideration of the diverse electricity load on the user side in low-voltage distribution systems, we built a true-to-life experimental platform for fault arcs and obtained experiment data of diverse loads under both normal and fault arc conditions.

(2) By analyzing the changes of time-frequency characteristics of current signal before and after fault arc occurrence, we extracted six feature indicators that are closely related to fault arcs, including the first, third, and fifth harmonics, zero-crossing rate, peak factor, and Shannon entropy. We constructed a fault arc discrimination feature dataset based on these indicators.

(3) We established a random forest algorithm model, completed hyperparameter optimization through grid searching, and fitted and tested the model using the true-to-life experimental data.

2  Data Acquisition and Waveform Characteristic Analysis

2.1 Fault Arc Experiment Platform Construction

The fault arc is a gas-ionization discharge phenomenon. When a circuit operates under overload for an extended period, causing the core of the line to heat up, or when the line is exposed to damp or corrosive air for an extended period, the insulation layer of the line gradually ages and breaks down, leading to air breakdown, which is the fault arc phenomenon. This phenomenon frequently occurs in daily life electrical usage. To simulate realistic fault arc hazards in real-life scenarios, a true-to-life experimental platform was constructed based on the GB14287.4-2014 arc detector standard published in China using an electric arc generation device available in the laboratory. The schematic diagram and physical layout of the platform are shown in Fig. 1.
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Figure 1: Experimental principle and physical diagram of the apparatus

The experimental platform is mainly composed of a programmable power supply module, arc generation device, data acquisition module, experimental load, and several other modules. The programmable power supply and the fault arc generator are controlled by a computer, and the programmable power supply outputs different voltage levels and frequencies of AC voltage as required. The arc generator is mainly composed of the chassis fan, stepper motor, and carbon and copper electrodes, with the carbon rod being the fixed electrode and the copper rod being the moving electrode. Before the experiment, the carbon rod and copper rod close to form a normal power supply circuit to collect the normal state currently, and then slowly move the copper rod arc generation to collect the fault arc current, the arc distance can be set by the computer to automatically control, to avoid the generation of human error. The experimental load module can be connected to the required load for experiments, to obtain different experimental load normal and fault arc current data.

2.2 Data Acquisition and Pre-Processing

There are various types of electric loads used in households. To make the experiments more realistic, we selected different types of loads, including a hair dryer (resistive load), an electronic dimmer and computer (nonlinear loads), and a drill (inductive load) as the loads for the arc fault experiment. We used a DS200UB-10V current sensor and set the experiment sampling rate to 10 kHz to obtain normal and arc fault experimental data with time-series characteristics. The effective samples are shown in Table 1.
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In order to filter out the noise signals and enhance the signal-to-noise ratio of the data in power lines, this study employs wavelet decomposition to transform the current signals. Specifically, the wavelet transform is utilized to decompose the current signals into different frequency components, and the heuristic threshold selection function based on Heursure in MATLAB is used to automatically select the threshold value and remove signals with wavelet coefficients below this threshold. Finally, signal reconstruction is applied to the remaining signals to achieve the objective of noise reduction. This proposed method contributes to significantly improving the quality of the current signal and maintaining its original characteristics [18,19].

Under different operating conditions of loads, the current data of power lines varies significantly. Moreover, different features possess different units, which can potentially affect the prediction accuracy of fault arcs. To address this issue, denoised data is normalized to eliminate the dimensional differences among various loads and features. This normalization enables the model to learn the changes of different features before and after faults more efficiently, thus saving computational time. The denoised data of each load is subjected to a linear transformation and then normalized to fall within the range of [−1, 1]. The normalization formula is presented in Eq. (1).

s∗=[2∗s−(smax+smin)]/(smax−smin)(1)

In Eq. (1), s and s∗ represent the corresponding sample values before and after normalization, respectively. smax represents the maximum value of the sample data, and smin represents the minimum value of the sample data.

2.3 Analysis of Waveform Characteristics

To gain a more intuitive understanding of the changes in current characteristics before and after the occurrence of fault arcs, waveform characteristic analysis was performed on the pre-processed currents. Fig. 2 shows the waveform diagrams of current signals under various loads, both normal and during fault arc conditions.
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Figure 2: Normal and fault arc waveform analysis diagram

The mechanism of arc generation is that when current passes through a medium, the flow of electrons will ionize the atoms or molecules in the medium, releasing free electrons and ions. These free electrons and ions are accelerated by the electric field and therefore move faster, colliding with surrounding atoms or molecules, causing ionization again and releasing more free electrons and ions. Under certain specific conditions, these free electrons and ions will gather together to form a region with high electron density and large potential difference, forming an arc. Therefore, when a series arc occurs, the arc gap can be equivalent to a nonlinear variable resistor, and high order harmonics will be mixed in the arc current. Moreover, “zero-crossing” phenomenon may occur in most load current waveforms.

Combining the arc mechanism and Figs. 2a–2c, it can be seen that the waveform of the computer presents a similar sine wave profile during normal operation. However, under the fault arc operating condition, the waveform shows many spikes with a large number of sharp pulses. The current of the blow dryer is a smooth sine wave during normal operation, but when a fault arc occurs, a “zero-crossing” phenomenon appears at the zero position of the waveform. The waveform of the electric drill presents a triangular-like shape during normal operation, and the “zero-crossing” phenomenon also appears at the zero position of the waveform when a fault arc occurs. Visible changes occur in the current waveforms of these three types of loads before and after the occurrence of fault arcs, with high feature distinguishability, making prediction relatively easy. Loads with power electronic switches, however, exhibit only slight changes in current waveform before and after arc fault occurrence (as shown in Fig. 2d). Also, because this type of load itself contains single-phase conduction devices such as diodes, there is a “zero pause” phenomenon in both normal and arc waveforms at the zero-crossing point. This makes it difficult to classify and predict a faulty arc in the early stage for such loads. It is challenging to achieve accurate arc prediction before a faulty arc occurs using only single time-domain features such as the zero-crossing time or zero-crossing rate, which can result in misjudgment and missed detection.

To this end, this paper conducts a multi-dimensional analysis of line current data in the time-frequency domain, extracts multiple frequency domain and statistical data feature indicators with strong correlation to fault arcing, and constructs a multi-dimensional fault arcing discrimination feature dataset.

3  Time-Frequency Domain Feature Analysis and Dataset Construction

There is a diverse range of loads used in daily life, and for some loads the changes in current waveform characteristics before and after a fault are extremely subtle. Using a single feature as a criterion for fault prediction can easily lead to false positives and missed detection. Therefore, to improve the feature generalization ability and solve the problem of the failure of single feature quantities as fault features, this study analyzes the current time-domain waveform and selects six feature values for visualization analysis, including the fundamental, third harmonic, fifth harmonic, zero-crossing index, kurtosis, and Shannon entropy. Fig. 3 shows the distribution of feature values before and after various load faults.
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Figure 3: Feature distribution map

From the analysis of Fig. 3, it can be observed that the fundamental, third harmonic, and fifth harmonic frequency domain features of the line current for the four types of loads exhibit significant changes before and after the occurrence of fault arcs. The value of the fundamental decreases, while the values of the third and fifth harmonic increase. Except for power electronic switched regulated loads, all other three types of loads exhibit visible changes in the current zero-crossing index before and after the occurrence of fault arcs. In addition, there is a significant change in the kurtosis trend of the four types of loads before and after the occurrence of fault arcs, especially when the computer is used as a load and experiences a fault arc, the current kurtosis increases significantly. Furthermore, Shannon entropy, which is sensitive to signal changes, also exhibits significant changes in the four types of loads before and after the occurrence of fault arcs. Therefore, all six feature indicators are strongly related to fault arcs and can serve as criteria for predicting the occurrence of fault arcs. This preliminarily demonstrates the validity of the selected features for predicting fault arcs. Hence, a multidimensional feature vector was formed by combining the six feature values, and an N × 8 dataset of fault arc discrimination features was constructed. In this dataset, the first column represents the sample number, columns 2–7 respectively represent the six feature values, and the eighth column represents the sample status number.

4  Arc Fault Prediction Model Based on Random Forest Algorithm

4.1 Random Forest Algorithm

The Random Forest algorithm [20,21] is an ensemble learning algorithm based on decision trees. It adopts the “brainstorm” approach by combining multiple decision trees to conduct ensemble learning. Each decision tree outputs a classification voting result, and the final output result is obtained by integrating all the classification voting results and taking the most frequent classification result. This approach leads to a classification prediction result that is closer to the actual value. Compared to a single decision tree model, it has a higher classification prediction accuracy and anti-interference ability. Moreover, it also has strong adaptability to imbalanced datasets. The problem of decision tree overfitting is solved by introducing two random quantities, improving the overall performance of the model. Random Forest can be used to analyze complex and interdependent high-dimensional features, and has fast learning speed and high robustness even when dealing with data with missing values.

The characteristics of line current changes are extremely subtle in the eve of a fault arc occurrence, and there are many interfering factors in the fault arc current data characteristics. However, the random forest algorithm model has strong anti-interference ability and can sensitively perceive such small changes. It can accurately predict whether a fault arc will occur before the fault occurs, thereby achieving fast and accurate prediction of series arc faults. Therefore, using the random forest algorithm to build a fault arc hazard prediction model has strong technical advantages.

In this paper, two random variables, namely random feature selection and random repeated sampling, are used to construct a random forest model consisting of multiple decision trees. The specific process is summarized as follows (as shown in Fig. 4).
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Figure 4: Schematic diagram of the structure of the random forest algorithm

(1) A random sampling method is used to generate k random training subsets from the normal and fault arc hidden danger prediction feature data based on time data series, denoted as Dk(k=1,2,…,k).

(2) Using k training subsets, k decision tree models Tk(k=1,2,…,k) are generated, and then the information gain rate of some randomly selected feature factors is calculated according to the information gain rate formula GR(Dk,C)=G(Dk,C)HA(Dk), where C is the feature factor in the training subset, and HA(Dk)=−∑|Dk||DkM|pjlog2⁡|DkM||Dk| (M is the number of values contained in the feature factor C) is the information entropy. Furthermore, the minimum information gain ratio threshold is set, and the feature factor with the maximum information gain ratio is split. The information gain ratio is recalculated, and the splitting operation is repeated. When the final information gain ratio is less than the set threshold, the splitting stops, i.e., the optimal splitting node is selected.

(3) The decision tree models D1,D2,…,Dk trained through Steps (1) and (2) are integrated to establish a fault arc hidden danger early warning model based on the random forest algorithm. The most frequent classification result appearing in all decision trees is used as the final prediction value of the random forest ensemble learning model.

4.2 Fault Arc Prediction Implementation Process

This paper presents the development of an arc fault prediction model that achieves accurate predictions of arc faults based on the current time of a single sampling period. This approach enables proper handling of arc faults on the eve of their occurrence, effectively extinguishing arc faults in their nascent stages. The model is built using a random forest algorithm, which is fast to train, can run on large data sets, and is not easily over-fitted. The specific steps for constructing the model are as follows, and the construction and implementation process of the method are shown in Fig. 5.
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Figure 5: The flowchart for the construction and implementation process of the method

(1) Data acquisition. Real experiments were conducted to collect arc data with time sequences for normal and fault conditions. The data was pre-processed using techniques such as denoising and normalization, and then sampled with a time window approach. State encoding was applied to each moment of data based on different load types and operating states.

(2) Feature engineering. Through feature analysis of experimental data, feature indicators highly correlated with fault arcs are extracted and a multidimensional fault arc prediction feature database is constructed. The selected features in this paper are: three frequency-domain features including fundamental, third harmonic, and fifth harmonic; two time-domain features including zero-crossing index and kurtosis; and Shannon entropy.

(3) Model hyperparameter setting. Random forest has relatively few hyperparameters. Based on the advantages of simple operation and being able to find the optimal hyperparameters within a local range, grid search is chosen to optimize model hyperparameters in this paper.

(4) Model data fitting. After obtaining the sampled feature data set with time series, the fault arc prediction feature data set is divided into a training set and test set in the ratio of 4:1, and the training set is read into the model so that the model completes the training set data fitting under the optimal hyperparameter environment, and the learned fault arc prediction model is obtained.

(5) Model performance evaluation. The trained fault arc prediction model was evaluated by the test set for prediction accuracy and training time, and the model generalization abilit.

5  Example Analysis and Validation

5.1 Analysis of Prediction Results

After pre-processing the experimental data, the fault arcing hidden danger prediction dataset was constructed and divided into a training dataset and a test dataset according to a 4:1 ratio. The model hyperparameters were obtained by grid search as shown in the Table 2.
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Entropy was used to select the most suitable node. The model was trained and tested using data samples obtained from real experiments. The test results are shown in the confusion matrix in Fig. 6. The state codes are presented in Table 3.
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Figure 6: Identification of classification result confusion matrix
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The prediction accuracy of the model for each type of load can be calculated from Fig. 6: 99.34% for hairdryers, 99.86% for drills, 99.13% for computers, and 99.21% for electronic regulators. For electronic regulator loads, where it is difficult to predict the occurrence of fault arcs through time domain waveforms, the proposed method achieves a prediction accuracy of 99.21%, and the prediction accuracy can reach more than 99.1% for different load types and different sample sizes, which can demonstrate the effectiveness of the proposed method in predicting the potential risk of fault arcs. In order to test the generalization capability of the model, the prediction accuracy curves of the model under four different loads were verified using the multi-fold cross-validation method, and it was verified that the accuracy curves all met or even exceeded the prediction accuracy, indicating that the model does not have overfitting phenomenon and has strong generalization capability.

5.2 Comparative Analysis of Methods

To further demonstrate the overall superiority of the proposed method, four mainstream classification prediction models, including SVM, KNN, Decision Tree (DT), and BP neural network, were selected for comparative analysis using the same training and testing sample set [22–25]. The test results are shown in Fig. 7.
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Figure 7: Multi-model identification classification accuracy statistics chart

According to Fig. 7, it can be observed that all five models achieve good prediction performance under the operating conditions of hair dryer and electric drill loads. However, under the operating conditions of nonlinear loads such as computers and electronic regulators, the prediction accuracy of four models, including GRU, RNN, DT, and BP, shows a significant decline, indicating poor generalization ability. The proposed method in this paper demonstrates strong advantages in various types of load operating conditions with the highest prediction accuracy, further highlighting its superiority.

6  Conclusion

To address the issue of arc fault missed detection and false positives caused by the similarity between the normal current signal and the series arc fault current signal for certain loads, this paper proposes an arc fault prediction method based on multi-dimensional time-frequency domain features. The following conclusions are drawn:

(1) In the case of electronic switch type loads such as electronic regulators, the current waveform before and after the fault is similar. It is difficult to accurately predict arc faults using only a single feature indicator.

(2) Based on the pattern of current waveform changes before and after faults, feature engineering was carried out, and a comprehensive multidimensional feature library for predicting arc fault hazards was constructed, solving the problem of single-feature-based arc fault prediction being prone to failure.

(3) The paper adopted an ensemble learning algorithm, which utilizes minimizing node information entropy to drive model parameter adjustment and model hyperparameter optimization through grid search, resulting in improved prediction accuracy and reduced computational time.

(4) The proposed method can accurately classify and predict arc faults for different loads, with higher accuracy rates than SVM, KNN, DT, BP, and other methods. This provides a new approach to improve the safety factor of residential electricity consumption and reduce the occurrence of electrical fires.
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Table 3: Status label

Status and corresponding labels

Load name

Normal Fault arc
Blower 0 1
Electric drill 2 3
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