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Abstract: Arc grounding faults occur frequently in the power grid with small resistance grounding neutral points. The existing arc fault identification technology only uses the fault line signal characteristics to set the identification index, which leads to detection failure when the arc zero-off characteristic is short. To solve this problem, this paper presents an arc fault identification method by utilizing integrated signal characteristics of both the fault line and sound lines. Firstly, the waveform characteristics of the fault line and sound lines under an arc grounding fault are studied. After that, the convex hull, gradient product, and correlation coefficient index are used as the basic characteristic parameters to establish fault identification criteria. Then, the logistic regression algorithm is employed to deal with the reference samples, establish the machine discrimination model, and realize the discrimination of fault types. Finally, simulation test results and experimental results verify the accuracy of the proposed method. The comparison analysis shows that the proposed method has higher recognition accuracy, especially when the arc dissipation power is smaller than 2 × 103 W, the zero-off period is not obvious. In conclusion, the proposed method expands the arc fault identification theory.
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1  Introduction

In recent years, to deal with the problems of fault over-voltage and insensitive fault line selection, many urban power grids and large-scale industrial power supply systems have widely adopted neutral small resistance ground operation mode [1–3]. However, there is no arc suppression coil, so the arc energy can not be suppressed under the grounding fault condition. Hence, arc grounding fault, as a special form of grounding fault, has been widely concerned because of its extreme physical characteristics, which can easily lead to line insulation breakdown, system disorder, power supply breakdown, and even electrical fire [4,5].

Arc fault detection methods are mainly divided into two categories, one mainly focuses on the arc fault external characteristics [6–9], such as arc light, arc sound, temperature, and so on. This method mainly detects by setting a sensor at the switch device. However, due to the problems in the setting of detection devices and the randomness of arc occurrence, such detection methods are often limited and inefficient. The other kind of methods mainly focus on the internal characteristics of arc occurrence, such as the time-frequency domain characteristics of fault current and voltage [10–13]. This kind of method has high detection accuracy, wide monitoring range, and fast response speed, so it has become the mainstream identification method in power grid fault detection.

There are many identification characteristics used commonly in arc fault identification [14–17], such as harmonic distortion rate, peak value, kurtosis, euclidean distance, variance, and so on. In reference [14], the harmonic distortion rate and energy value of zero sequence arc current are proposed. Compared with the set threshold, the arc fault can be judged. In reference [15], the Gaussian distribution is used to fit the arc fault signal, the fitting result is compared with the peak value of the fault signal, and the calculated result is compared with the set threshold. In reference [16], the decomposition of arc fault current by fast Fourier transform is proposed. Then the Euclidean distance of the arc fault fundamental frequency current is calculated, and the calculated value is compared with the threshold value. In reference [17], a variety of time-frequency domain features such as kurtosis, variance, and curvature are proposed. The arc fault identification database is formed by using these indexes. In some scenarios, the fault type can be identified effectively by calculating the characteristic index of the fault signal.

Recently, many machine learning algorithms have applied identification characteristics to the detection of fault discrimination and achieved good results, such as K-nearest neighbor [18,19], support vector machine [20–22], random forest algorithm [23–25], fuzzy clustering algorithm [26,27], convolutional neural network [28,29], and so on.

The realization and classification of machine learning methods mainly lie in the input of different feature indexes. For instance, in reference [21], an empirical mode decomposition technique based on the Hurst index is proposed. The collected fault signal is decomposed by this technique. The arc characteristic energy, root mean square, and variance of the processed signal are calculated. The fault discrimination model is obtained by substituting the calculated results into the support vector machine algorithm as the feature criterion. Reference [22] calculates four characteristics of fault current in the time domain: mean current, range current, mean differential current, and current variance. Ten characteristics of fault current in the frequency domain are extracted by the fast fourier transform algorithm. The time domain and frequency domain features were input into a particle swarm optimization-support vector machine as criteria to form a machine learning-based identification model.

However, for the selection of fault feature criteria, most scholars only focus on the time-frequency domain identification features of the fault line signal, while the rich signal features generated by other sound lines are always ignored. Fault line features are not always significant in some special scenarios. For example, the commonly used “zero off” feature of fault line current signals is not obvious when the arc dissipated power is small, and the zero off period is very short, which leads to a significant reduction in the fault recognition rate. Nevertheless, at this time, the sound line features are still relatively rich and can still be used as the basis for fault identification.

Given the above problems, this paper presents an arc grounding fault identification method based on integrated characteristics. When a grounding fault occurs, it uses the signal characteristics of not only the fault line but also other sound lines as the fault identification index, so it can effectively identify arc faults in various scenarios. Compared with the existing methods, the proposed method has more advantages when the arc dissipation power is low and the arc “zero-off” is not obvious. Test results indicate that the proposed method has higher accuracy in arc identification.

The rest of this paper is organized as follows: The second section introduces the characteristics of fault lines in arc fault network and the convex hull area used for identification; the third section introduces the formation mechanism of zero sequence current of sound lines and the gradient product and correlation coefficient used for identification; the fourth section introduces the algorithm of machine learning and the selected model; the fifth and sixth sections include simulation experiment, actual data experiment, analysis and method comparison. Finally, the seventh part summarizes the thesis.

2  Fault Line Characteristics and Identification Index

2.1 Arc and Its Waveform Characteristics

The generation of the arc fault is a dynamic development process, which goes through several cycles of “quenching and burning”. The Mayr model has been widely concerned and applied because of its good performance in simulating arc. According to the Mayr model, the mathematical model of arc is expressed as:

1gdgdt=dlngdt=1μ(Ud×Idph−1)(1)

where g is the arc conductance; μ is the time constant of the arc; Ud is the arc voltage; Id is the arc current; and Ph is the dissipated power of the arc.

When the arc current waveform crosses zero, the input power generated is less than its own dissipation power. At this time, UdId<Ph, which causes the energy generated by the arc to be insufficient to maintain the burning state, so it goes into an arc quenching state. The waveform of the arc current shows a “zero off” state. With the sharp reduction of the current, the arc voltage rises rapidly, and the waveform of the arc voltage shows a “peak” shape. After that, the input power of the arc is gradually greater than the dissipated power, and the arc burns violently again and enters a new arc state. At this time, the arc current waveform begins to appear sinusoidal. With the recovery of the arc current, the arc voltage decreases rapidly and approaches a stable state, showing a saddle-like shape in the waveform. The above process is shown in Fig. 1.
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Figure 1: The waveform graphs of the arc current and voltage

2.2 Convex Hull Index of the Fault Line

According to the above analyses, fault identification can be carried out by using fault line current characteristics so that some indexes can be set to check it.

The convex hull is a graphic concept. Relative to a set of points in two-dimensional space, all points are required to be surrounded by a convex polygon, and this convex polygon is the smallest region containing all points.

The zero sequence current waveform of the arc fault line has a zero-off characteristic at zero crossing. So the result obtained by sinusoidal fitting is quite different from the original signal. The zero sequence current waveform of the single-phase grounding fault is very similar to the sinusoidal fitting results. The convex hull algorithm can be used to highlight this difference.

The signal of fault zero sequence current within one cycle is selected as the abscissa. The signal array after sinusoidal fitting is taken as the ordinate. In the first and second quadrants, the convex hull algorithm is used to construct the smallest convex polygon which can contain all points. By the convex hull area, the arc grounding fault and the non-fault state can be distinguished.

3  Sound Line Characteristics and Identification Index in Fault Scenario

In the neutral effective grounding power supply system, once the grounding fault occurs, the zero sequences current waveform under arc fault shows the character of “zero off”, while the zero sequences current waveform under non-fault state still shows the sinusoidal character. Most scholars have used this characteristic to distinguish arc grounding fault and non-fault state. However, when the arc dissipated power is small, the “zero off” feature in the arc current waveform of the fault line will be not obvious. In this situation, the detection methods only based on the arc current waveform characteristics of the fault line will face severe challenges and even fail.

Where l1,l2,l3 represent three arc curves with increasing dissipated power. It can be found from Fig. 2 that when the dissipated power is reduced, the zero-off period of the zero sequence current waveform becomes significantly shorter. It corresponds to the quenching time becoming shorter and the zero-off period is shortened when the arc passes zero.
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Figure 2: Zero sequence current of arc fault in three cases

3.1 Characteristic Analysis of Sound Lines in the Fault Scenario

In this paper, it is found that the waveform characteristics of sound lines in fault scenarios also have characteristics. In the zero sequence current waveform of the sound lines, there are also some waveform distortion characteristics at the crest and trough. If the analysis is carried out effectively, the criteria for identifying arc faults can also be selected from it.

When a single-phase grounding fault occurs in the system, unbalanced voltages and fault loops will occur. At this time, the line impedance is far less than the line capacitance-reactance. The zero-sequence simplified network can be represented in Fig. 3.
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Figure 3: Simplified zero sequence network diagram

In this figure, C1,C2,C3,Cn are the line zero sequence capacitance of different lines, respectively; u0 is the zero sequence voltage.

According to the fault component method and superposition theorem, the power network after the fault can be equivalent to the superposition of the power network before the fault and the fault additional network. Therefore, the voltage at the power supply in the fault-attached network becomes zero after subtracting (before and after the fault), and the phase voltage fault component at the fault point becomes Δu after subtracting, as follows:

Δu=uarc−uϕ(2)

where the time domain expression of arc voltage (uarc) in Eq. (3) is

uarc=(UT0+rI)[L0−D2(1+sinωst)](3)

where UT0 is the arc voltage gradient; r is the arc resistance; L0 is the reference arc length; D is the maximum change of arc length of arc; ωs is the signal angular frequency.

The pre-fault phase voltage (uϕ) in Eq. (4) is

uϕ=UMsinωt(4)

where UM is the maximum voltage of the system during normal operation; ω is the system angular frequency.

The zero sequence current of a sound line can be expressed as

is=CndΔudt=Cnd(uarc−uϕ)dt(5)

Substitute Eqs. (3) and (4) into Eqs. (5) and (6) is obtained as

is=Cndu0dt=Cn(duarcdt−ωUMcosωt)(6)

It can be seen from Eq. (6) that there is a derivative relationship between the zero sequence current of the sound line and the zero sequence voltage of the arc. A group of arc fault voltage signals and zero sequence current signals of sound lines are obtained through experiments, as shown in Fig. 4.
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Figure 4: Arc voltage and zero sequence current in sound lines

In Fig. 4, is, uarc and udac represent the zero sequence current of the sound line, arc fault voltage, and arc fault voltage derivative, respectively. It can be seen that La has obvious distortion at the crest and trough, and La corresponds to Lb distortion exactly. La and Lc also have obvious similarities here.

These characteristics prove that the arc transmits the arc fault characteristics to the sound line through Eq. (6). Therefore, the arc fault can be judged by utilizing the characteristics of sound line currents.

3.2 Gradient Product Index of Sound Lines in the Arc Fault Scenario

According to the analysis in the above section, it can be seen that the zero sequence current waveform of the sound line has a distortion section at the crest and trough, and the index, gradient product, can be designed to detect it.

The gradient product can measure the growth direction, growth rate, and transformation rate of the directional derivative of a function at a certain point or a certain segment. Its mathematical expression is as follows:

dk=−sign(Lk×Rk)(7)

where Lk and Rk are the left and right gradients, Lk=Zk−Zk−bc, Rk=Zk+bc−Zk; bc is the step size; dk is the gradient product.

The zero sequence current waveform of the sound line has an oscillating distortion section at the crest and trough, and a relatively large gradient product value can be obtained by calculation. The gradient product values of other gentle regions are relatively small.

However, for the non-fault state, the zero sequence current waveform of the sound line does not have the characteristics of oscillation and distortion, and the waveform changes continuously sinusoidal at the crest and trough, and the gradient product values are always small.

3.3 Correlation Coefficient Index of Sound Lines in the Fault Scenario

After the arc ground fault occurs, due to the transmission and energy supply of the voltage at the fault point, there are great differences between the zero sequence current waveform and the sine curve at the peak and trough of the sound line. According to the similarity, the correlation coefficient index can be set to distinguish.

The correlation coefficient can measure the degree of correlation between the two variables, and its value is between [−1,1]. The closer the value is to 1, the more positive correlation between the two signal variables is and the more similar the signals are. The closer the value is to −1, the more negative correlation is shown between the two signal variables. The correlation coefficient is calculated by the following formula:

gX,Y=cov(X,Y)σXσY=1m−1∑n=1m(Xn−X¯σX)(Yn−Y¯σY)(8)

where the cov is the covariance matrix of two signal variables; σ is the standard deviation of a variable; m is the total sampling point signal number; X is the zero sequence current data at the peak and trough of the sound line; Y is the sinusoidal data for calculation.

According to the revelation of Eq. (6), the zero-sequence voltage signal of the bus is fitted and derived, so as to obtain the sinusoidal data (Y) involved in the correlation analysis.

4  Fault Identification of Integrated Information Features

4.1 Establishment of Fault Arc Identification Sample Database

Through the above characteristic analysis, the convex hull index, the gradient product index, and the correlation coefficient index can be selected as the base characteristic parameters of the machine learning sample database.

To further ensure the accuracy of these basic characteristic parameters, on this basis, the basic characteristic parameters are taken as signal variables, and standard deviation, variance, and other conventional time-frequency domain characteristic parameters are set as auxiliary characteristic parameters, to further improve the establishment and learning scope of the fault arc identification sample database from multiple angles and dimensions.

The fault diagnosis model based on this sample database can greatly improve the accuracy of identifying fault types.

4.2 Logistic Regression Diagnostic Model

In many existing machine learning algorithms, logistic regression has been widely used in fault identification and classification, because of its ability to solve small samples, its simple structure, parallelization, superior model type recognition, and low generalization error rate.

Its essence is the combination of regression equation and sigmoid function [30,31]. The function of sigmoid is to convert the results predicted by the linear regression model to [0,1] in the form of probability.

The general output expression of the regression equation is: y=ωTzi+b, where ω is the weight vector; zi is the input vector; zi={(x1,y1),(x2,y2),…,(xn,yn)}, b is the optimal parameter.

The sigmoid function expression is:

y=11+e−z(9)

Substituting the regression output equation is the logistic regression expression:

y=11+e−z=11+e−(ωTx+b)(10)

The above expression can be deformed to obtain:

{lnp(y=1|x)p(y=0|x)=ωTx+bp(y=1|x)=exp(ω⋅x)1+exp(ω⋅x)p(y=0|x)=11+exp(ω⋅x)(11)

The loss parameter of the logistic regression is:

j(ω)=(−1n∑i=1n[yi(ωTx+b)−ln(eωTx+b+1)])(12)

The classification interval can be set. When the calculated probability is larger than 0.5, the model predicts that an arc grounding fault occurs in the system, and the output is 1. Conversely, when the calculated probability is less than 0.5, the system is predicted to have a non-fault state and the output is 0. Therefore, according to the input vector, the fault type can be determined by the output value of the model.

4.3 Global Algorithm Flow

The overall identification process of this work is shown in Fig. 5. Firstly, by designing multiple groups of experiments, the characteristic parameters of the experimental group were calculated to form the characteristic parameter database. Before this step, these experimental procedures were artificially set up. And the fault lines and sound lines are also artificial and known. These experimental data are used as training models. Then the fault discrimination model based on the logistic regression was formed by learning the database. In fact, when a fault occurs in the grid, all the line signals are detected and collected by the system. In the step of fault identification, the signal with the largest value in the detected zero sequence current of the line is judged as the suspected fault line signal, and the rest of the signal is judged as the suspected sound line signal. For these suspected input signals, the characteristic parameters are calculated. Then the characteristic parameters are substituted into the discrimination model to determine whether arc fault occurs according to the output label.
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Figure 5: Arc grounding fault recognition algorithm flow chart

5  Tests Verification and Comparisons

5.1 Simulation for Obtaining Feature Parameters

To verify the effectiveness of the proposed method, the simulation model as shown in Fig. 6 is built in Simulink soft for testing.
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Figure 6: Power grid simulation model

The simulation system is grounded by resistance at the neutral point. The system frequency is 50 Hz. It contains three lines. The lengths of the lines are 7, 7, and 10 km, respectively. The Mayr arc model is used for simulating the arc fault model. The fault is set at reference zero time (0 s). The sampling frequency is set to 6000 Hz. Non-fault state and arc grounding faults are respectively simulated and tested.

(1) Arc grounding fault

An arc grounding fault is simulated. The specific parameters are set as follows: τ = 6 × 10−4, Ploss = 2 × 103 W, g(0) = 1000 S. Other fault conditions are consistent with those set in the previous simulation experiment. Zero-sequence currents of sound lines are collected. The sinusoidal fitting curve curve, convex hull diagram, gradient product curve, and correlation coefficient curve are drawn. The results are shown in Fig. 7.

[image: images]

Figure 7: Simulation results of arc grounding faults

The convex hull area value in this example is 0.0672 on the left and 0.0487 on the right, the gradient product value is 0.5661, and the correlation coefficient value is −0.8416. The variance of auxiliary feature parameters is 0.2031 and the standard deviation is 0.4507. They are also sent to the logistic regression diagnostic model as the basic and auxiliary feature parameters.

(2) Non-fault state

Set the three insulation asymmetries of the system, and collect the maximum zero sequence current and the other zero sequence currents in the line. The sinusoidal fitting curve corresponding to the zero-sequence voltage is drawn. They have been converted to the same order of magnitude. The convex hull diagram, the gradient product, and the correlation coefficient curve are shown in Fig. 8.
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Figure 8: Simulation results of non-fault state

According to the proposed indexes, after half a power frequency cycle, the calculated convex hull area value (left 0.0114, right 0.0028), the maximum gradient product value (in this case 0.0279), and the minimum correlation coefficient value (in this case 0.8245) are utilized as the basic characteristic parameters in the logistic regression diagnostic model. Additionally, the variance (0.4483) and the standard deviation (0.6695) are utilized as the auxiliary feature parameters.

5.2 Establishment of Training Sample Database

By changing conductor core parameters, insulating layer parameters, shielding layer parameters, and sheath layer parameters of the line, 100 groups of asymmetric non-fault state of three-phase insulation are generated. In addition to the above parameters, the three key parameters of the arc (dissipated power, time constant, and initial arc conductance) are modified for testing. Specifically, the varying range of the dissipated power is 1.5 × 103 W ~ 4 × 103 W, the value of the time constant is 3 × 10−4 ~ 1.2 × 10−3, and the initial arc conductance is 1000 S ~ 4000 S. A total of 100 groups of arc grounding faults are generated for training.

A fault diagnosis sample base based on characteristic parameters is established. The feature vector of the sample library is composed of 4 base feature parameters and 2 auxiliary feature parameters. Category labels are defined in Table 1.

[image: images]

5.3 Test Results and Comparisons

Another 200 groups of samples (100 groups of non-fault state and 100 groups of arc) are simulated for testing. The setting scheme for Parameter parameters is the same as above. The fault groups are distinguished mainly by changing the main experimental parameters. Three existing arc fault identification methods based on fault kurtosis, harmonic amplitude energy, and complementary ensemble empirical mode decomposition features are selected. The test and comparison results are shown in Table 2, which proves the performance and advantages of the proposed method.

[image: images]

The test results show that the four methods can identify non-fault states effectively, but the methods based on fault kurtosis, harmonic amplitude, and complementary ensemble empirical mode decomposition feature have 38, 29, and 20 groups of error identification for arc grounding faults, respectively. The characteristics of these error groups are all less than 2 × 103 W dissipated power, with short arc zero-off time and inconspicuous zero-off characteristics. A group of identification failure groups is randomly selected and shown in Fig. 9.
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Figure 9: Identification results based on harmonic energy, kurtosis value, and decomposition feature

As shown in Fig. 9a, the zero-off period of the arc fault zero sequence current at this time is very short. The zero-off characteristics are difficult to identify. On this basis, these identification methods are affected to some extent.

The method is based on fault kurtosis by judging whether the kurtosis value of the fault zero sequence current is greater than the threshold value (1.6). As shown in Fig. 9b, the kurtosis value of the arc fault curve is always smaller than the threshold value. The method will misjudge this fault as a non-fault state.

Another method is based on harmonic amplitude energy by judging whether the d2 energy wave after wavelet analysis is greater than the threshold value (0.1). As shown in Fig. 9c, the arc fault value is always smaller than the threshold, this method will misjudge it as a non-fault state.

In the method based on decomposition features, the suspected fault signal is decomposed by complementary empirical mode to obtain many components, and the component with the largest energy difference is selected as the signal source, and then the time-frequency domain characteristics are used to calculate, and the signal is judged as non-fault when it exceeds the threshold value (0.4). As shown in Fig. 9d, there are parts of decomposition features that are greater than the threshold value, this method will misjudge it as a non-fault state.

As can be seen from Table 2, the proposed method can well identify arc grounding faults and non-fault states. In some cases where the arc fault zero-off characteristic is not obvious, this model can also adapt and identify fault types. Under the influence of basic feature parameters and auxiliary feature parameters, the accuracy and efficiency of the proposed method are guaranteed. The detailed identification results of the proposed method are shown in Fig. 10.
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Figure 10: Identification results of the proposed method for 200 samples

6  Experimental Verification

To simulate the arc fault in the actual working conditions as truly as possible, a power grid experimental test platform based on the national standard GB/T31143 and UL1699 is shown in Fig. 11. The experimental parameters are shown in Table 3.
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Figure 11: Arc grounding fault test platform
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There are two power lines in the experimental network, named line 1 and line 2. The fault is set at phase B of line 2.

The measured signal data are loaded into the procedure of the proposed method. The experimental curve is similar to the results in the aforementioned simulation experiments. The detailed results are shown in Fig. 12.
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Figure 12: Fault judgment of measured waveform

The basic characteristic parameters obtained from the measured arc grounding fault signal in this example are as follows: convex hull area value left is 0.3429, right is 0.4153, gradient product value is 0.9145, and correlation coefficient value is −0.618. The auxiliary characteristic parameters: variance is 0.285, standard deviation is 0.534.

By substituting the above characteristic parameters into the logistic regression diagnostic model, it can be identified as an arc fault, which proves the effectiveness of the proposed method.

7  Conclusion

(1) The existing arc fault identification methods have some shortcomings in the selection of feature parameters. Most of them only paid attention to the time-frequency domain characteristics of the fault line signal, and ignored the transmission function of the fault characteristics to sound line signals, ignoring the fault characteristics on sound lines. When the arc dissipation power is smaller than 2 × 103 W, the “zero off” feature of the fault line current signal is not obvious, resulting in the accuracy of the identification method using only the fault line signal feature obviously reduced.

(2) It is found that, after the arc grounding fault occurs, there are also rich fault characteristics in the sound line signals. According to the formation mechanism and waveform characteristics, these fault characteristics of sound line signals can be described and characterized by using the gradient product index and correlation coefficient index. The gradient product index of the arc fault is often greater than 0.4, and the correlation coefficient is often much less than 0. These indicators can be used for fault identification, which expands the arc fault identification theory.

(3) Based on the convex hull area index, gradient product index, correlation coefficient index, and logistic regression model, this paper comprehensively extracts the characteristics of fault line signals and sound line signals to achieve arc grounding fault identification. The effectiveness and accuracy of the proposed method are verified by both simulation results and experiment results. The comparative analysis results show that the proposed method has more advantages than the detection method based on kurtosis, harmonic energy, or decomposition features, especially when the zero-off characteristic is not obvious. This method has further improved the accuracy of fault identification, but it needs further research on the identification speed.
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Table 1: Diagnosis of sample classification definition tags

Category index Category index definition

Category index 1 Arc grounding fault
Category index 0 Non-fault state






OEBPS/Images/EE_49318-fig-6.png
110kV 110/10.5kV|

linel
Li=2km | L,=5km

T1

line2

NN

L.=4 km I L=3km m

line3

10/0.4 kV
I MVA
T3

Li=7km | Le=3km @I)
| A

10/0.4 kV
1 MVA





OEBPS/Images/table-3.png
Table 3: Experimental parameters

Parameters Values
Power supply voltage 380V
Line resistance 0.1
Line inductance 0.1 mH
Line-to-ground 0.68 uF
capacitance

Earth resistance 100 @
Transition resistance 110 2
Sampling frequency 10 kHz
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Table 2: Sample recognition rate of learning model

Fault type The method based on ~ The method based on ~ The method based on The proposed

kurtosis harmonic amplitude complementary ensemble method in this
energy empirical mode paper
decomposition features

Number of correctly 100 100 100 100

identified non-fault state

Number of correctly 62 71 80 100

identified arc faults

Accuracy 81% 85.5% 90% 100%
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