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Abstract


The fault detection time identified by relying on the over-voltage criterion of zero-sequence voltage often lags behind the actual occurrence time of ground faults, which may cause fault protection methods based on transient quantity principles to miss fault characteristics and lose their protection capability. To accurately estimate the time of occurrence of a single-phase-to-ground fault, this paper proposes a two-step dimensionality reduction algorithm for estimating the time of occurrence of a single-phase-to-ground fault in a distribution network. This algorithm constructs a filter based on Empirical Mode Decomposition (EMD) to establish a high-dimensional feature dataset based on the zero-sequence current of all feeders. After Principal Component Analysis and Hilbert Mapping Algorithm, the high-dimensional data are reduced to two dimensions to construct a two-dimensional feature dataset. The density-based clustering method is used to adaptively divide the data into two categories, fault data and non-fault data, so as to estimate the time of occurrence of the fault. The paper designs 11 sets of experiments including 7 common high-resistance grounding mediums to verify the accuracy of the fault time recognition of this algorithm. The accuracy of this algorithm is within 7.3 ms and it exhibits better detection performance compared to the threshold detection method.
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1. Introduction


The probability of single-phase-to-ground faults in power distribution networks is high, which is the main factor leading to forest fires and casualties from electric shocks [1]. We need to quickly determine the occurrence time of a single-phase-to-ground fault, which is mainly due to two factors. On the one hand, although a single-phase-to-ground fault in a distribution system can operate for an extended period, but the presence of an arc at the fault location may gradually expand over time, increasing the risk. “The Technical Guidelines for Power Distribution Networks” issued by the State Grid Corporation of China puts forward the principle of “instantaneous fault arc extinguishing and permanent fault rapid isolation” for dealing with grounding faults in power distribution networks [2,3]. On the other hand, the fault current is compensated by the arc suppression coil, which makes it difficult to accurately select the line based on steady-state conditions after a prolonged fault. In recent years, line selection methods based on transient quantities have been widely used and have significantly improved the accuracy of line selection. However, line selection methods based on transient quantities require the use of zero-sequence current characteristics shortly after the fault, typically within half a cycle time. since the start-up time based on the zero-sequence voltage overlimit starting criterion often lags behind the actual occurrence time of a single-phase-to-ground fault [4,5,6], this affects the reliability of single-phase-to-ground faults protection devices based on transient quantity principles. Because the first half-wave signal reflecting the ground fault characteristics has passed, the mainstream approach is to increase the waveform data window and trace back to compare clear characteristic signals [7,8,9]. However, how to effectively estimate the fault occurrence time lacks targeted research [4,10]. Similarly, for instantaneous ground faults, the zero-sequence voltage will drop below the threshold value after several cycles of the fault. Therefore, after each fault detection, a delay is required to determine whether the fault is permanent. However, the time threshold for the delay is also difficult to determine. Therefore, methods are needed to identify the time period when instantaneous faults occur [11].



The methods for identifying the time of single-phase-to-ground faults mainly rely on analyzing the changes in transient characteristics of electrical quantities before and after the fault to estimate the fault occurrence time. For example, Ref. [12] uses the overlimit starting line selection program of the instantaneous value of the zero-sequence voltage and traces back the first half-wave data of the zero-sequence current after the fault. Ref. [13] identifies the sudden change time of the phase current to estimate the fault state. Ref. [14] constructs a time-frequency window to adaptively find the transient wavefront. Ref. [15] uses increased monitoring equipment at the end of the feeder to compare the transient energy difference between the beginning and end of the feeder to estimate the fault occurrence time. Ref. [16] calculates the harmonic energy period by period on the recorded waveform to determine the fault section. Ref. [17] is the fault identification method based on the projection coefficient of the transient zero-sequence current on the zero-sequence voltage. This method uses the change in the projection coefficient of the zero-sequence current after the fault as a starting criterion. However, the zero-sequence current of non-fault short line changes little before and after fault, which makes the fault characteristics not obvious and easy to be submerged by noise signal. Some scholars have introduced time-frequency support vector machine classification detection methods [18] and deep learning and other artificial intelligence methods [19,20,21]. These methods often use traditional fault feature quantities to train the detection model, and the results depend on the completeness and accuracy of the training database. Line selection methods based on transient characteristics face the challenges of dependence on transient characteristics after a fault and short duration of fault characteristics. Traditional methods need to gradually search the position of transient fault characteristics over long recorded waveform data, which is inefficient and prone to interference. Therefore, a method is needed to quickly estimate the fault occurrence time to reduce the search range of the line selection method.



Detecting the fault occurrence time of the system is essentially dividing the fault into fault periods and non-fault periods, which is a classification task. Unsupervised clustering algorithms are widely used classification methods. This paper proposes a single-phase-to-ground fault occurrence time identification algorithm based on two-step dimensionality reduction. This algorithm takes the zero-sequence current of each feeder as the original dataset. Using the frequency adaptation capability of the Empirical Mode Decomposition (EMD) method, it constructs a low-pass filter to filter the dataset to obtain a feature dataset. For the feature data, two-step dimensionality reduction is performed using principal component analysis and Hilbert transform mapping. The obtained two-dimensional feature data are classified using density-based clustering methods to obtain a relatively accurate single-phase-to-ground fault period. This paper designs 11 groups of experiments, including single-phase-to-ground faults without open circuit, open circuit ground faults on the power supply side, open circuit ground faults on the load side, and instantaneous ground faults. The grounding fault media include different high impedance ground environments, such as soil, gravel, grass, concrete, branches, pits, and tiles. The accuracy of the algorithm proposed in this paper is validated experimentally.




2. Analysis of Hysteresis Characteristics of Zero-Sequence Voltage Rise after Fault


Figure 1 shows a transient equivalent circuit of a typical three-feeder resonant grounding system with a single-phase-to-ground fault [22].



Among them,   C  1 ∼ 3    represents the capacitance to ground different feeders in the resonant grounding system. It is assumed that   C 1   is the fault feeder.   R  01 ∼ 03    represents the equivalent resistance of each feeder.   i  C 1 ∼ C 3    represents the capacitive current of each feeder.   i d   represents the fault current flowing through the fault point. L represents the equivalent inductance of the arc suppression coil.   E =  U m  sin  (  ω 0  t + φ )    represents the source electromotive force of the fault phase when a single-phase-to-ground fault occurs in the system.   U m   represents the maximum phase voltage of the system.   ω 0   represents the system angular frequency.  ϕ  represents the instantaneous phase at the fault occurrence time.   U  b d    represents the three-phase unbalanced voltage of the system. R represents the transient resistance of a single-phase-to-ground fault.   U 0   represents the neutral point voltage of the system. K represents the equivalent switch of the ground fault. If K is closed, it indicates that a single-phase-to-ground fault has occurred in the system. When switch K is open, that is, the system is running normally, only the three-phase unbalanced power supply   U  b d    exists in the circuit. Correspondingly, the zero-sequence current phase of each feeder   i  C 1 ∼ C 3    is only affected by the line impedance of each feeder. In actual lines, the impedances of each line are relatively small and can be approximately considered as   i  C 1 ∼ C 3    in phase.



When switch K is closed, the fault phase power supply is connected, and the system transitions from steady state to the fault transient transition process. According to Figure 1, a linear constant coefficient second-order homogeneous differential equation is established as in (1). For convenience of calculation, the line resistance   R  01 ∼ 03    is ignored. The derivation that follows is summarized from [22].


  L  C 0    d  i L 2    d  t 2    +  L R    d  i L    d t   +  i L  =  1 R  E +  C 0    d  u  b d     d t    



(1)




where   i L   represents the current flowing through the arc suppression coil,    C 0  =  C 1  +  C 2  +  C 3    represents the sum of the capacitance to ground of all feeders, R represents the ground transition resistance,   u  b d    represents the unbalanced voltage of the system, and t represents time. The characteristic roots are obtained by solving it as (2).


   p  1.2   = −  1  2 R  C 0    ±       1  2 R  C 0      2  −  1  L  C 0       



(2)







Then the current flowing through the arc suppression coil can be expressed in the form of the general solution.


    U ˙   b d   = −    C A  +  α 2  ·  C B  + α ·  C C    C 0   ·  E ˙   



(3)




where    U ˙   b d    represents the vector expression form of the unbalanced voltage of the system,   C  A  C ̃     represents the three-phase capacitance to ground,   E ˙   represents the vector form of the fault phase electromotive force, and   α =  e  − j  120 ∘      represents the forward operator for 120°.



When the damping ratio      1  2 R  C 0     2  −  1  L  C 0    < 0   is greater than 1, the system operates in an overdamped state. When the damping ratio   R >  1 2    L C     equals 1, the characteristic roots become a pair of conjugate complex numbers. Solving the differential equation yields the current flowing through the arc suppression coil.


   i L  =   e   − δ t      A 1  cos    ω f  t   +  A 2  sin    ω f  t     + B sin    ω 0  t + ϕ   + C cos  (  ω 0  t + θ )   



(4)




where the damping coefficient is   δ =  1  2 R  C 0     ,   A 1   and   A 2   are the general solution coefficients of the differential equation, B and C are the particular solution coefficients, the resonant frequency is    ω f  =    1  L  C 0    −     1  2 R  C 0      2     , and  θ  is the initial phase angle. The neutral point voltage can be expressed as:


      u 0  = L   d  i L    d t   = −   δ  A 2  +  A 1   ω f      e   − δ t   sin    ω f  t   +    A 2   ω f  − δ  A 1      e   − δ t   cos    ω f  t   + B sin    ω 0  t + ϕ   + C cos  (  ω 0  t + θ )      



(5)







It can be seen from (5) that the transition process consists of two damped oscillating non-power frequency superimposed waves and two power frequency superimposed waves. The non-power oscillating frequency is close to the power frequency, which will form an obvious beat frequency characteristic. The amplitude is related to the resistance value of the transition resistance.



To illustrate with an example, when the three-phase unbalanced voltages of the system are    U  b d   = 123  V  ,    C 0  = 24.7  μ F  ,   L = 0.5948  H  , and   R = 1000  Ω  ,      1  2 R  C 0     2  −  1  L  C 0    = −  67 , 657  < 0  . Use ATP/EMTP to establish a model as shown in Figure 1 for simulation, the zero-sequence voltage waveform is shown in Figure 2.



In reality, the transient resistance of a single-phase-to-ground fault does not jump from an insulated state to a fixed resistance but gradually transitions from an extremely large resistance to a steady-state resistance value. The transition process and the corresponding zero-sequence voltage waveform are shown in Figure 3.



It can be seen from the figure that under the dual effect of the transition resistance and the arc suppression coil, the start-up time detected by the zero-voltage threshold detection method is likely to lag behind the actual fault occurrence time. This makes it difficult for the fault line selection algorithm to extract the first half-wave data after the fault. For an ungrounded neutral point system, since the damping factor  δ  is large, the zero-sequence voltage rises very quickly. This lagging characteristic of zero-sequence voltage rise only exists in the neutral point grounded system via an arc suppression coil.




3. Identification Algorithm of Single-Phase-to-Ground Fault Occurrence Time


3.1. Zero-Sequence Current Signal Preprocessing Method Based on Empirical Mode Decomposition


Because high-impedance ground fault currents are small, they are easily affected by noise. There are two main sources of noise. The first is system background noise, mostly in the form of white noise. The second comes from CT measurement noise. When the current is below the minimum precision working current of the CT, the measured current will add a measurement error. The third is the possible existence of a DC component in the actual zero-sequence current, especially for short circuits with a small fault current, which has a greater impact.



The EMD method is a frequency adaptive time series signal decomposition method. Its basic idea is to decompose an irregular frequency signal into the superposition of multiple quasi-frequency signals. Due to its adaptability in decomposing frequencies, this method is suitable for processing non-stationary zero-sequence current data generated by high-impedance ground faults. The implementation flowchart of the EMD algorithm is shown in Figure 4.



The decomposition result of the EMD algorithm is several narrowband components (IMFs) with different frequencies, which can be expressed as several IMFs and a residual signal as (6) in [23].


  x  ( t )  =  ∑  i = 1  n  i m  f i   ( t )  +  r n   ( n )   



(6)




where     ∑  i = 1  n   i m  f i   ( t )    represents the sum of n IMF signals, and    r n   ( n )    represents the residual signal.



The EMD algorithm is a reversible decomposition, i.e., the original signal can be reconstructed by reassembling   i m  f i   ( t )   , where   i m  f 1   ( t )  ∼ i m  f n   ( t )    corresponds to the decomposed signals from high to low frequency.



Combining Figure 1 and (5), the characteristic frequency of the feeder capacitive current is also composed of the damped oscillating non-power frequency signal    ω f  =    1  L  C 0    −     1  2 R  C 0      2      and the power frequency signal   ω 0  .   ω f   is usually less than 250 Hz. Considering the frequency leakage problem that may exist in the EMD algorithm, to remove high-frequency noise and DC components that may interfere with the dimensionality reduction operation, the fast Fourier transform (7) is used to obtain the characteristic spectrum of   i m  f i   ( t )   , and only the main spectrum within 25–200 Hz,   i m  f i   ( t )   , is retained. By combining specific low-frequency IMF components, a low-pass filtering effect is achieved. It is worth noting that this characteristic frequency band is empirical, and for some special cases, it may be necessary to expand or narrow the range of the characteristic frequency band.


   X k  =  ∑  n = 0   N − 1    i m  f n    e  − i 2 π k  n N     k = 0 , … , N − 1  



(7)








3.2. First Dimension Reduction Based on Principal Component Analysis


Compared with zero-sequence voltage, zero-sequence current has better transient characteristics after fault clearance and can more significantly distinguish between permanent and transient ground faults. However, a typical distribution network will have multiple feeders, which are not easy to analyze. It is necessary to extract the main component that can characterize this feature from the zero-sequence currents of all feeders.



This main component can be defined as a one-dimensional time series data feature that represents the variance contribution of the largest feature in all zero-sequence current data of the feeders [24]. Assuming there are m feeders and n zero-sequence current sampling points, the high-dimensional dataset   X  n × m    has m n-dimensional samples. The column data are the category, i.e., the feeder number, and the row data are the sample, i.e., the zero-sequence current sampling data.



Centering all sample data    x  ( i )   =    x  ( 1 )   ,  x  ( 2 )   , … ,  x  ( m )       of X, denoted as     ∑  i = 1  m    x  ( i )   = 0  . We reduce the data dimension from n to 1, that is, the sample data   x  ( i )    are projected as    z  ( i )   =   w  T   x  ( i )     in a one-dimensional coordinate system, where    w  T   is the projection operator representing the coordinates of the projection hyperplane. If   x  ( i )    is used to restore the original data, the recovered data     x ¯   ( i )   =  z  ( i )   · w = W  z  ( i )     can be obtained. The derivation that follows is summarized from [24].



Considering the whole sample set, we hope that all the sample data are close enough to the projection hyperplane, i.e., take the minimum value of (8).


   ∑  i = 1  m        x ¯    ( i )   −  x  ( i )     2 2   



(8)







Finishing available:


      ∑  i = 1  m        x ¯    ( i )   −  x  ( i )     2 2      = −  ∑  i = 1  m    z   ( i )  T    z  ( i )    +  ∑  i = 1  m    x   ( i )  T    x  ( i )             = − tr     W  T  X   X  T  W   +  ∑  i = 1  m    x   ( i )  T    x  ( i )        



(9)







In the formula,   t r   represents the trace of a matrix, that is, the sum of the eigenvalues of the matrix. T denotes the matrix transpose. Minimizing the above formula is equivalent as.


     arg min  ︸  W  − tr     W  T  X   X  T  W   s . t .   W  T  W = I  



(10)







In the formula, arg denotes the argument.   arg min   represents the value of the coefficient matrix W that minimizes (8). I denotes the identity matrix. Using the Lagrangian function, we can obtain.


  J  ( W )  = − tr     W  T  X   X  T  W + λ     W  T  W − I      



(11)




where  λ  is the eigenvalue of the matrix X, and the derivative with respect to W gives


  X   X  T  W = λ W  



(12)







For the original dataset, we only need to use    z  ( i )   =   W  T   x  ( i )     to reduce the multi-dimensional zero-sequence current data to one-dimensional time series feature data.




3.3. Second Dimension Reduction Based on Hilbert Transform Mapping


The one-dimensional time series feature data are uniformly distributed in the time domain, making density-based feature clustering difficult. Therefore, a mapping transformation is needed.



For the one-dimensional time series feature dataset   z  ( i )    obtained by dimensionality reduction, it can be expressed as the time-based signal   z ( t )   as in [25].


  z  ( t )  =  ∫ 0 ∞  A  ( ω )  cos  ( ω t + φ  ( ω )  )  d ω  



(13)




where  ω  is the frequency of the signal,   φ ( ω )   is the initial phase angle of the frequency, and   A ( ω )   is the amplitude of the frequency.


  y  ( t )  =  ∫ 0 ∞  A  ( ω )  sin  ( ω t + φ  ( ω )  )  d ω  



(14)







The feature dataset   z  ( i )   , the Hilbert transform dataset   y  ( i )   , and time   t  ( i )    constitute a three-dimensional dataset    q  ( i )   =    t  ( i )   ,  y  ( i )   ,  z  ( i )      . Projecting this dataset onto the YZ plane, a two-dimensional feature dataset is obtained by a second dimensionality reduction.


   f  ( i )   =    z  ( i )   , j ·  y  ( i )      



(15)




where j is an imaginary unit.




3.4. Density-Based Clustering Fault Occurrence Time Identification Method


The two-dimensional feature dataset f can reflect the feature differences before and after the fault, but under different distribution systems or grounding fault conditions, the features are not exactly the same. Therefore, an adaptive fault boundary method is needed.



Since the data features obtained by the secondary dimensionality reduction projection have high density with non-fault data clustering together while the data gradually moves away from the non-fault data after the fault, this paper adopts a density-based clustering method to distinguish fault/non-fault data and obtain the fault time. The algorithm implementation flowchart is shown in Figure 5.



Using the density clustering method, the reduced feature data are divided into two categories, one is non-fault data, and the other is fault data. The adjacent points between the two types of data are the detected fault times. Since the transient characteristics used for line selection mainly exist within the first half-wave (10 ms) after the fault occurs, the detected fault occurrence time within ±10 ms of the actual fault occurrence time can be considered reliable.





4. Verification of Accuracy of Single-Phase-to-Ground Fault Time Identification


4.1. Test Platform


To fully verify the reliability of the detection method proposed in this paper, experimental validation was carried out based on a 66 kV substation shown in Figure 6. The substation is powered by a 50 MVA transformer. The substation has two main buses; Bus I has 6 feeders, and Bus II has 5 feeders, all of which are overhead lines. In the experiment, the two main buses were operated in parallel. The effective value of the system capacitive current was 68 A. On Bus I, a 700 kVA grounding transformer arc suppression coil set with a maximum compensation current of about 100 A was connected.



Feeder 1 on Bus I was selected as the fault simulation feeder. A 10 kV overhead line ground fault simulation platform was set up at its end. The fault simulation platform consists of circuit breaker   K 1  , grounding switch   T 1 / T 2  , circuit breaker K2, drop-out fuse, low-voltage resistor, etc. When simulating a line fault, 100 A fuses are used for phases A and B, and a 7 A fuse can be set for phase C. The system operates under load, causing the phase C fuse to blow. After blowing, the grounding switch   T 1 / T 2   simulates ground faults on the power supply side or load side after the line fault. Shorting the fuses simulates single-phase uninterrupted ground faults. The grounding switch in series with the fuse wire simulates transient ground faults. After the fault occurs, the fuse wire instantly fuses and clears the fault. The grounding media include soil, sand and stone, cement, branches, water pits, lawns, etc. The specific wiring methods and on-site layout of the platform are shown in Figure 7. On Bus I, feeders 1 and 6 were selected. On Bus II, feeders 7 and 11 were selected as measurement feeders to measure the three-phase currents   i  a b c    and zero-sequence current   i 0   of four feeders, respectively.



The 11 sets of experimental parameters are shown in Table 1. Negative residual current after compensation here refers to the arc suppression coil being in an overcompensated state, and the residual current is inductive and opposite to the system capacitive current direction.




4.2. Algorithm Sensitivity Verification


Taking experiment 2 as an example to verify the sensitivity of the detection algorithm proposed in this paper, the experiment has a large transitional resistor, resulting in a weak fault signal and severe noise interference. With 0.2 s as a complete sample period and a data sampling frequency   F s = 25.6   kHz, the zero-sequence currents of each feeder are shown in Figure 8. For easy observation and comparison, only three are selected for display. The selected sample data are an 11-dimensional dataset with   n = 2560   and   m = 11  .



Preprocessing: The original data are decomposed using the EMD algorithm. The IMF components obtained are analyzed by spectral analysis. For I30 as an example, the signal is decomposed into 10 IMF components and 1 residual component. Only the IMF components with the main frequency spectrum within 25–200 Hz are retained, as shown in (16)


  X =  ∑  i = 6  10   I M  F i    



(16)







Figure 9 compares the original signal with the filtered signal, which removes most of the low-frequency noise and DC offset components.



The first dimensionality reduction based on principal component analysis: The filtered dataset   X  11 × 2560    is reduced to one-dimensional feature data   T  1 × 2560    using the principal component analysis-based feature extraction algorithm proposed in this paper. Figure 10 shows the reduced-dimensional feature time series data.



Although principal component analysis based on minimum variance theory can retain feature information well, some information loss is inevitable in the dimensionality reduction process. The variance explanation ratio is an important index to evaluate the contribution of principal components. Some studies have shown that when the sum of the variance explanation ratios of the selected principal components reaches   80 %   or   90 %  , most of the reliable information in the original multidimensional data can be retained [26]. In this case, the principal component variance explanation ratio is   96.8 %  , indicating that most useful information is retained.



The second dimensionality reduction based on the Hilbert transform mapping: For the feature time series data after the first dimensionality reduction, the dimension is increased by the Hilbert transform and then projected onto the YZ plane for dimensionality reduction again. The schematic diagram of the dimensionality reduction process is shown in Figure 11.



Fault occurrence time identification method based on density clustering: The twice reduced feature data are classified using the density clustering method proposed in this paper. Under the measurement data sampling rate of 25,600 Hz in this paper, the number of neighboring samples is set   δ = 100  . Experimental statistical results show that the neighborhood can take   ε = 0.35   into account both local linear and global structural properties. The classification results are shown in Figure 12. The time point that divides the fault time and the non-fault time can be clearly displayed in the figure.




4.3. Identification and Verification of Transient Faults


Figure 13 shows the attenuation curves of zero-sequence voltage and zero-sequence current of Group 11 test, instantaneous metallic single-phase-to-ground fault.



In a neutral-grounded distribution system through arc suppression coil grounding, the neutral point voltage will gradually decay after a transient ground fault occurs on a single phase. The decay rate is related to system parameters. In this experiment, a transient single-phase-to-ground fault occurred at 0 time. After   0.9   s of fault occurrence, the neutral point voltage decayed to below   15 %   of the phase voltage. According to the zero-sequence voltage percentage starting criterion, mis-starting may occur under such a fault condition. Figure 14 shows a schematic diagram of fault detection using the method proposed in this paper.



The method proposed in this paper is used to identify and classify transient ground faults. The feature data after two dimensionality reductions are clustered and analyzed on a two-dimensional plane. A clear separation point between fault data and non-fault data can be seen. After restoring to time-series data, this method can estimate the transient fault occurrence period relatively accurately.




4.4. Algorithm Stability Verification


The waveform data recorded in the first section of this chapter are used to test the performance of the algorithm under different operating conditions. Table 2 assumes that faults occur at 0 time and lists the fault occurrence times identified by the method proposed in this paper and the errors.



By comparing different ground fault media and different types of ground faults, the method proposed in this paper can effectively determine the fault occurrence state under any condition without missing tripping. It can effectively identify transient faults without misoperation. The identified fault occurrence time and the actual fault occurrence time are within 10 ms (half cycle) of each other. Compared to the commonly used industry method that detects faults based on a   15 %   phase voltage threshold, this study chose more difficult fault scenarios in its experimental design. As a result, in most cases where a fault occurred, the zero-sequence voltage was below the   15 %   phase voltage threshold, making the threshold-based detection method ineffective. However, in other fault scenarios, the fault-time estimation method proposed in this study demonstrated significant advantages.





5. Conclusions


For the problem of delayed start of the recloser due to a single-phase high-resistance grounding fault in a neutral grounding distribution system through an arc suppression coil, this paper introduces the idea of clustering method into fault detection and proposes a single-phase-to-ground fault-occurrence-time estimation algorithm based on two-stage dimensionality reduction. The main research conclusions are as follows:




	(1)

	
There are features in the high-dimensional data composed of feeder zero-sequence currents that can be used to identify fault occurrence times. This algorithm performs feature extraction through two dimensionality reductions, amplifying the feature difference before and after the fault. The unsupervised density-based clustering algorithm can realize relatively accurate fault-time estimation.




	(2)

	
This method can study dimensionality reduction for data of arbitrary dimensions. It has low dependence on the structure of the original dataset and is suitable for studying complex distribution networks. The dimensionality reduction process is repeatable with a clear mathematical theoretical meaning.




	(3)

	
Experimental validation shows that this method can not only identify single-phase-to-ground faults but also has the ability to identify source-side grounding, load-side grounding, and transient grounding faults. The identification accuracy is within 7.3 ms, the experimental results presented in this study demonstrate that the proposed method exhibits better detection performance compared to the threshold detection method, which is able to effectively reduce the search range for fault characteristics in the selection process, and the method has a certain ability to cope with system noise.









In practical applications, after determining that a single-phase-to-ground fault has occurred in the system using the zero-sequence voltage threshold starting method, this method can be further applied to estimate the actual fault occurrence time more accurately and enhance the reliability of reclosers based on transient characteristics. It should be noted that accurate identification of the type of single-phase grounding fault is a prerequisite for the application of this method, and other similar fault characteristics, such as excitation current, should be avoided to prevent their impact on the results. The method proposed in this paper needs to set the number of adjacent samples and the neighborhood range, as well as the spectrum range retained by the EMD filtering algorithm. These parameters will affect the detection accuracy. Although empirical values obtained through experiments are given in the paper, how to adaptively adjust these parameters is an important issue for further study.
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Figure 1. Transient equivalent circuit of single-phase-to-ground fault. 
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Figure 2. Fault detection delay due to Peterson coil. 
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Figure 3. Fault detection delay due to transition impedance. 
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Figure 4. EMD algorithm flow chart. 
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Figure 5. Density clustering algorithm flow chart. 
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Figure 6. Experimental grid structure. 
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Figure 7. Schematic diagram of ground fault simulation platform. (a) Grounding fault simulation platform wiring diagram. (b) Site layout of ground fault simulation platform. (c) Layout of grounding points for different media. 
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Figure 8. Zero-sequence current of strong noise tree branches arcing grounding fault. 






Figure 8. Zero-sequence current of strong noise tree branches arcing grounding fault.



[image: Energies 16 04921 g008]







[image: Energies 16 04921 g009] 





Figure 9. Filter effect comparison chart. 
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Figure 10. First dimension reduction based on principal component analysis. 
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Figure 11. Second dimension reduction based on Hilbert transform mapping. (a) Characteristic time series data. (b) Hilbert transform ascending dimension diagram. (c) YZ plane projection. 
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Figure 12. Fault occurrence time identification based on density clustering. (a) Density-based clustering effect map. (b) Schematic diagram of fault-time estimation. 
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Figure 13. The attenuation curve of zero sequence voltage and zero sequence current of instantaneous metallic ground fault. 
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Figure 14. Effect diagram of fault detection based on two-step dimensionality reduction. (a) First dimension reduction based on principal component analysis. (b) Quadratic dimension reduction based on Hilbert transform. (c) Density-based clustering effect map. (d) Schematic diagram of fault-time estimation. 
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Table 1. Experimental parameters.
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	Number
	System Capacity Current (A)
	Residual Current (A)
	Grounding Mode
	Medium





	1
	68
	−7
	Unbroken single-phase-to-ground
	Soil



	2
	68
	−7
	Unbroken single-phase-to-ground
	Sand



	3
	68
	−7
	Unbroken single-phase-to-ground
	Cement



	4
	68
	−7
	Unbroken single-phase-to-ground
	Tree Branch



	5
	68
	−7
	Unbroken single-phase-to-ground
	Water



	6
	68
	−7
	Unbroken single-phase-to-ground
	Tile



	7
	68
	−26
	Ground at the power supply side
	Soil



	8
	68
	−26
	Ground at the power supply side
	Grass



	9
	68
	−26
	Ground at the load side
	Soil



	10
	68
	−26
	Ground at the load side
	Grass



	11
	68
	26
	Single-phase-instantaneous-to-ground
	Metal










 





Table 2. Experimental results.
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	Experiments
	Medium
	Identify Fault Moment
	Percentage of Post-Fault Neutral Voltage
	Threshold Method Identification Time





	single-phase-to-ground fault
	Soil
	0.75 ms
	   14.1 %   
	failed



	single-phase-to-ground fault
	Sand
	7.3 ms
	   4.4 %   
	failed



	single-phase-to-ground fault
	Cement
	0.05 ms
	   4.9 %   
	failed



	single-phase-to-ground fault
	Tree Branch
	−0.85 ms
	   6 %   
	failed



	single-phase-to-ground fault
	Water
	−5 ms
	   9 %   
	failed



	single-phase-to-ground fault
	Tile
	−0.1 ms
	   8.1 %   
	failed



	Ground fault at the power supply side
	Soil
	−2.7 ms
	   35 %   
	29 ms



	Ground fault at the power supply side
	Grass
	−3.4 ms
	   35 %   
	8 ms



	Ground fault at the load side
	Soil
	6.5 ms
	   30 %   
	6.3 s



	Ground fault at the load side
	Grass
	4.5 ms
	   21 %   
	failed



	Single-phase-instantaneous-to-ground
	Metal
	−0.7 ms
	  15 %   (0.9 s)
	0.9 s
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