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Abstract:



In order to improve the classification accuracy of recognizing short-circuit faults in electric transmission lines, a novel detection and diagnosis method based on empirical wavelet transform (EWT) and local energy (LE) is proposed. First, EWT is used to deal with the original short-circuit fault signals from photoelectric voltage transformers, before the amplitude modulated-frequency modulated (AM-FM) mode with a compactly supported Fourier spectrum is extracted. Subsequently, the fault occurrence time is detected according to the modulus maxima of intrinsic mode function (IMF2) from three-phase voltage signals processed by EWT. After this process, the feature vectors are constructed by calculating the LE of the fundamental frequency based on the three-phase voltage signals of one period after the fault occurred. Finally, the classifier based on support vector machine (SVM) which was constructed with the LE feature vectors is used to classify 10 types of short-circuit fault signals. Compared with complementary ensemble empirical mode decomposition with adaptive noise (CEEMDAN) and improved CEEMDAN methods, the new method using EWT has a better ability to present the frequency in time. The difference in the characteristics of the energy distribution in the time domain between different types of short-circuit faults can be presented by the feature vectors of LE. Together, simulation and real signals experiment demonstrate the validity and effectiveness of the new approach.
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1. Introduction


The detection and classification of short-circuit faults in power transmission lines are the basis for accurately judging the fault phase. The accurate removal of the fault phase reduces the further negative impact of the failure in the power system. It is very useful for enhancing the stability of the power system, boosting the transient stability of the system, and improving the quality of the power supply [1,2].



Having a method to accurately and efficiently classify short-circuit faults is the basis of fault clearance for power transmission lines. Fault voltage signals achieved from the sensors of photoelectric voltage transformers contain various transient components due to uncertain factors, such as fault location, fault time, and transition resistance of transmission lines. It is useful but complex to analyze and recognize these fault voltage signals. Generally, classification of short-circuit faults based on the voltage signals include three steps: signal processing, feature extraction, and pattern recognition.



Signal processing is the basis of classifying short-circuit faults. The time-frequency analysis approach is commonly used in the processing of short-circuit fault signals, which mainly includes the wavelet transform (WT) [3,4]; wavelet packet transform (WPT) [5,6]; S-transform (ST) [7,8]; empirical mode decomposition (EMD) [9]; ensemble empirical mode decomposition (EEMD) [10,11]; ensemble empirical mode decomposition (EEMD); complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) [12]; and improved complete ensemble empirical mode decomposition with adaptive noise (Improved CEEMDAN) [13]. WT and WPT are more capable of analyzing the time frequency of signals. However, they still have limitations such as being easily influenced by noise, limited frequency resolution in high-frequency parts as well as difficulty in selecting the mother wavelet function and decomposition scale [1,14]. ST has good time-frequency resolution and noise immunity, but ST also has a very high computation complexity. Therefore, it is difficult to analyze fault signals at a high sampling rate. Compared with the WT, WPT, and ST methods, the EMD method has advanced adaptability. As it can adaptively decompose the non-linear and non-stationary signals into several intrinsic mode functions (IMFs), which reflect components at different frequencies. It is considerably more convenient to extract the features of fault signals from IMFs. However, EMD has some limitations due to mode mixing, pseudomode, and so on. The EEMD method has a higher time-frequency resolution than the EMD and retains the problem of mode mixing. Furthermore, the reconstructed signal and the final trend of EEMD contains residual noise, while different realizations of the signal and noise generates different numbers of modes. The CEEMDAN method proposed in a previous reference [12] was proved to be a significant improvement of EEMD, which realizes a small reconstruction error and solves the problem of generating a different number of modes by adding different noise to signals. However, the CEEMDAN method still has some problems, such as residual noise contained in its modes. In order to solve these problems of CEEMDAN, the improved CEEMDAN method was proposed by reference [13]. The empirical wavelet transform (EWT) is a new adaptive signal processing method [15], which combines the adaptability of EMD with a wavelet decomposition framework. Compared to EMD and its improved methods, EWT has the following advantages:

	
EWT decomposes the signal spectrum adaptively, and constructs orthogonal wavelet filter banks to extract amplitude modulated-frequency modulated (AM-FM) components with a compactly supported Fourier spectrum. Therefore, it can accurately decompose the short-circuit fault signals into IMFs to avoid mode mixing.



	
The EWT approach has been proven by the classical wavelet theory. However, the orthogonality of IMFs obtained by the EMD method has not been shown in previous studies.



	
IMFs obtained by the EMD method require many iterations and numerous calculations. However, EWT requires less calculations to obtain the IMFs from fault signals based on the wavelet method.








Therefore, EWT is more suitable for analyzing short-circuit fault signals with non-stationary characteristics.



The features used directly affect the classification of short-circuit faults. The features of short-circuit fault signals can be extracted from the time-frequency matrix of short-circuit faults. In the present study, various entropies such as Shannon entropy [16], Shannon energy entropy (EE) [17], Shannon energy spectrum entropy [18], Shannon time entropy (TE) [5], and Shannon singular entropy (SE) [19] have been used to characterize the time-frequency characteristics of short-circuit faults. When short-circuit fault signals are described by entropy, it is difficult to satisfy the requirement of different sampling rates by a uniform standard of selecting sliding window parameters. Moreover, the entropy characteristics in the time domain are extracted along the time axis. The differences between short-circuit faults in the frequency domain are mainly reflected through the entropy value with limited expressive ability.



On the basis of feature extraction, the types of short-circuit faults can be recognized by classifiers. The methods used for constructing the classifier of short-circuit faults include neural networks (NN) [20], extreme learning machine (ELM) [21], support vector machine (SVM) [22], and so on. NNs have good robustness and adaptability resulting in it being widely used in the field of short-circuit fault classification [4,5]. However, it is difficult to determine the optimal structure of the NNs-based classifier and a large number of parameters need to be optimized. At the same time, the training for the NN processing requires a large number of historical samples which limit the applications of NNs. As the weights and thresholds are randomly generated in the process of network training, ELM has a faster learning speed. However, the diagnosis results are easily affected and fluctuated by both the hidden layer nodes and random parameters of ELM [23,24]. SVM has a good classification ability and robustness while the optimal factors of SVM can be easily chosen by the cross-validation method. In addition, it is easy to optimize the SVM with a small number of characters. The optimal classifier can be constructed by the cross-validation method to reduce the classification error due to the unreasonable parameters of SVM.



In order to improve the recognition accuracy of short-circuit fault signals, this paper presents a method for the detection and diagnosis of short-circuit faults based on EWT and LE. First, the fault signal is processed by the EWT method, with the results obtained by EWT being called IMFs. Subsequently, fault detection is realized by the modulus maxima point of the IMF2. Following this, the IMF0 of fault signals in the first period after the occurrence of the fault is decomposed into several time-frequency blocks of equal size. The local energy (LE) features are obtained by calculating the energy of each block to create the energy distribution of the fundamental frequency signals in the time domain. Finally, the SVM classifier is constructed according to the LE feature vectors to classify short-circuit faults. Comparison experiments verify the validity and creativeness of this new method.




2. Proposed Classification Framework for Short-Circuit Faults


The real measured fault signals do not have the accurate fault time. In order to verify the accuracy of detection using the new approach and to obtain training samples for fault classification, the fault signals for analysis are first simulated with certain parameters. As shown in Figure 1, a 500 kV transmission system with double-terminal power supply and a system frequency of 50 Hz is adopted in this model, while PSCAD software is used to carry out the simulated experiments.


Figure 1. Diagram of the simplified transmission line model.
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The transmission line parameters of the simulated system were obtained from a previous reference [5]. Positive, negative, and zero sequence parameters are shown in Table 1.



Table 1. Parameters of transmission line.







	
Parameters

	
Value






	
Positive and negative sequence resistance (Ω/km)

	
0.035




	
Positive and negative sequence inductance (Ω/km)

	
0.424




	
Positive and negative sequence reactance (S/km)

	
2.726 × 10−6




	
Zero sequence resistance (Ω/km)

	
0.3




	
Zero sequence inductance (Ω/km)

	
1.143




	
Zero sequence reactance (S/km)

	
1.936 × 10−6










The ‘Bus 1’ is identified in Figure 1. Ten types of short-circuit faults are simulated, including single-phase grounding faults (AG, BG, and CG), two-phase grounding fault (ABG, BCG, and CAG), interphase short-circuit fault (AB, BC, and CA), and three-phase faults (ABC and ABCG) are simulated. The end of ‘Bus 1’ is found at the signal acquisition end and reference point for the fault distance.



The parameters of the short-circuit fault signals generated by the simulated system are set as follows:

	
The inception angle of voltage signals is set to a random integer value in the range of 0–360°;



	
The fault transition resistance is arranged as a random integer value in the range of 0–200 Ω;



	
The fault distance is set to a random integer value in the range of 10–90 km.








The ranges of the transition resistance and fault distance were both chosen according to the same paper [5]. The function of randi in MATLAB is used to generate the random value of three columns of random integers (100 integers for each column). Then the corresponding ranges for each column are 0–360, 0–200, and 10–90 and 100 kinds of fault condition are obtained for each fault type.



The process of detecting and diagnosing short-circuit faults proposed in this paper is shown in Figure 2. This mainly has two parts: the fault detection module and fault type identification module.


Figure 2. Flow chart of the proposed approach.
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In the detection module, the short-circuit fault signals are decomposed by the EWT method. Following this, the modulus maxima value is used to determine the time that the fault occurred.



In the recognition module, the method calculates LE from IMF0 in the period after the occurrence of the fault. After this, the feature vector is used as an input for the classifier based on SVM to obtain the recognition result.




3. Processing of Short-Circuit Fault Signals by EWT and Detection of Faults


3.1. EWT


It is difficult to use the traditional EMD method to prove the orthogonality of the intrinsic mode function (IMF) components. There are some problems of mode mixing and pseudo-mode in the decomposition results. On the basis of adaptive orthogonal wavelet filter banks, the EWT method calculates the approximate and detail coefficients of the signals. Therefore, EWT obtains more accurate IMF components than EMD, making it more suitable for the analysis of short-circuit fault signals.



The number of IMFs from EWT can be determined in a specified or adaptive way. In this paper, an adaptive frequency domain segmentation method is employed with the specified number of IMFs. Since the default initial boundary of the divided spectrum used contains the default parameters of two values, three IMFs are obtained.



In this paper, the adaptive method is used to segment the original short-circuit fault signals [image: there is no content] in the frequency domain. Three IMFs ([image: there is no content]) were constructed to analyze the components of the short-circuit fault signals in different frequency domains.


[image: there is no content]



(1)







The single-phase voltage signal [image: there is no content] (A-phase of CA fault) of short-circuit faults was used as an example to show the process of EWT analysis. The signal sampling frequency of short-circuit fault signals is 100 kHz. The sample of voltage signal contains 4000 sample points.



Firstly, the voltage signal is transformed by FFT to obtain the spectrum ([0, 50] kHz). Through an adaptive segmentation step of EWT, the segmentation boundary is obtained as follows: Ω1 = 0.2 kHz, and Ω2 = 25.275 kHz ([image: there is no content] kHz, and [image: there is no content] kHz). Since the frequency domain interval corresponding to each IMF can be expressed as [image: there is no content], the segmentation intervals are determined by the segmentation boundary as [image: there is no content] [0, 0.2] kHz, [image: there is no content][0.2, 25.275] kHz and [image: there is no content] [25.275, 50] kHz. The original signal and spectrum segmentation results are presented in Figure 3.


Figure 3. The signal of [image: there is no content] and Fourier spectrum with detected boundaries are listed as follows: (a) voltage signal; (b) detected Fourier supports for signal.
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Secondly, a low-pass filter and two band-pass filters are defined based on the above segmentation boundary. The Fourier transformation expressions of the scaling function [image: there is no content] and the empirical wavelet function [image: there is no content] are respectively given as


ϕ^1(ω)={ 1, |ω|≤(1−γ)Ω1cos[π2β(12γ Ω0(|ω|−(1−γ)Ω1))],(1−γ)Ω1≤|ω|≤(1+γ)Ω10,otherwise



(2)






ψ^i(ω)={1,(1+γ)Ωi≤|ω|≤(1−γ)Ωi+1cos[π2β(12γΩi+1(|ω|−(1−γ)Ωi+1))],(1−γ)Ωi+1≤|ω|≤(1+γ)Ωi+1sin[π2β(12γ Ωi(|ω|−(1−γ)Ωi))], (1−γ)Ωi≤|ω|≤(1+γ)Ωi0,otherwise



(3)




where [image: there is no content] is a parameter that ensures no overlap between adjacent intervals [15]; and [image: there is no content] is an arbitrary function, which is defined as


β(x)={0,x≤0β(x)+β(x+1)=1, x∈[0,1]1,x≥1



(4)







Following this, an approximate coefficient can be obtained by computing the inner products of the empirical scaling function [image: there is no content] and signals [image: there is no content] as shown in Equation (5). The detailed coefficients can be calculated according to Equation (6).


[image: there is no content]



(5)






[image: there is no content]



(6)




where [image: there is no content], [image: there is no content] and [image: there is no content] denote the fast Fourier transformation, its inverse transformation, and complex conjugate of the function [image: there is no content] respectively.



Finally, the IMFs of EWT are obtained as


[image: there is no content]



(7)






[image: there is no content]



(8)




where, [image: there is no content] is the symbol of convolution.



This shows that EWT can accurately extract the intrinsic mode information of different frequency components short-circuit fault signals. Since orthogonal filter banks are generated according to the spectral information of the original fault signals, this approach is more adapted for processing short-circuit fault signals without the influence of pseudo-modes.




3.2. Processing of Short-Circuit Fault Signals Processing Based on EWT


In order to verify the advancement of EWT, four methods including EWT, WT, CEEMDAN, and improved CEEMDAN are used to process the short-circuit fault signals. The parameters of the four methods are set as follows. EWT is set in Section 3.1, while the number of decomposed layers of WT is set to two. Thus, this results in three components for achieving a comparison with EWT using the same number of components. CEEMDAN and improved CEEMDAN adopt default parameter. By comparing the effect and computing time of different signal processing methods, the effectiveness and advancement of EWT are verified. Figure 4 shows the decomposition results of short-circuit fault signals by different methods.


Figure 4. Comparison experiments of different signal processing methods for fault signal analysis are shown as follows: (a) modes extracted by EWT; (b) modes extracted by WT; (c) modes extracted by CEEMDAN; (d) modes extracted by Improved CEEMDAN.
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As shown in Figure 4, modes extracted by EWT, WT, CEEMDAN, and improved CEEMDAN approaches are described respectively. EWT decomposes the original fault signal into three IMFs as shown in Figure 4a. Approximate coefficient (AC2) and detailed coefficients (DC1 and DC2) are obtained by WT. However, more IMFs are extracted by CEEMDAN and the modes contain residual noise. These defects cause difficulties in feature extraction. The improved CEEMDAN method effectively suppresses the residual noise in modes and improves the performance of CEEMDAN method, although it still results in a larger number of IMFs compared to EWT.



The time required for the four methods to decompose the same fault signal is 0.042 s, 0.038 s, 654.662 s, and 518.956 s. Compared to CEEMDAN and improved CEEMDAN method, EWT has a higher computational efficiency. Moreover, the computation efficiency of EWT is slightly less than WT.



IMF0 are used to extract features in Section 4.1 and thus we compared these components. As seen in Figure 4, the IMF0 extracted by EWT does not contain other components that form the foundation for feature extraction. The frequency domain is segmented in a restricted manner after the number of decomposition levels in WT is fixed. However, the IMF0 AS2 contains an oscillating component which is not conducive for feature extraction. In comparison, the IMF10 extracted by CEEMDAN and the IMF8 extracted by improved CEEMDAN does not contain other components, although both methods require more time to process the fault signal. Therefore, EWT was chosen as the signal processing method.




3.3. Detection of Short-Circuit Faults Based on EWT


After obtaining the results of short-circuit fault signals processed by EWT, the time-frequency matrix composed by IMFs can be used for feature extraction. If the features are extracted from the whole time-frequency matrix, there will be no obvious fault characteristics with a high dimension of feature vectors. Moreover, it will increase the complexity of the classifier and reduce the classification accuracy. In the present research, the range of feature extraction is reduced to one period with the most transient information after the occurrence of the fault [25]. Thus, the feature dimension of short-circuit fault signals can be reduced effectively.



In order to obtain the singularity of fault signal simply and clearly, the modulus maxima (MM) of wavelet transform is introduced. The MM is only valid if it meets the following condition [26]:



[image: there is no content] a neighborhood [image: there is no content] exists; for every [image: there is no content].


[image: there is no content]



(9)







The time that a fault occurs often corresponds to the singular point of the voltage signal. The traditional WT has good spatial localization properties, which can accurately detect the singularity of fault signals. Therefore, the time that a fault occurs can be pinpointed by the modulus maxima point in high frequency mode components [27]. A previous study [15] pointed out that EWT is based on the wavelet theory framework. Furthermore, the largest difference between EWT and WT is that EWT is based on the original signal for constructing orthogonal wavelet which does not require the mother wavelet to be chosen. Thus, the fault time can be located through the modulus maxima point in the high-frequency mode component based on EWT. This lays the foundation for extracting features of short-circuit fault signals based on the first cycle after the occurrence of the failure.



When short-circuit faults occur, the voltage signals of the fault and non-fault phases change together. Therefore, the time that a fault occurred should be determined synthetically by the modulus maxima of IMF2 from three-phase signals. Four typical types of short-circuits include the single-phase grounding fault (AG), two-phase grounding fault (ABG), interphase short-circuit fault (AB), and three-phase fault (ABC and ABCG). These were used to verify the ability of EWT to pinpoint time and location. The transform results are shown in Figure 5, Figure 6, Figure 7 and Figure 8 and uniform scale is adopted.


Figure 5. AG fault signal’s modes extracted by the EWT are shown as follows: (a) A-phase voltage and its IMFs; (b) B-phase voltage and its IMFs; (c) C-phase voltage and its IMFs.



[image: Sensors 17 02133 g005]





Figure 6. ABG fault signal’s modes extracted by the EWT are shown as follows: (a) A-phase voltage and its IMFs; (b) B-phase voltage and its IMFs; (c) C-phase voltage and its IMFs.



[image: Sensors 17 02133 g006]





Figure 7. AB fault signal’s modes extracted by the EWT are shown as follows: (a) A-phase voltage and its IMFs; (b) B-phase voltage and its IMFs; (c) C-phase voltage and its IMFs.



[image: Sensors 17 02133 g007]





Figure 8. ABC fault signal’s modes extracted by the EWT are shown as follows: (a) A-phase voltage and its IMFs; (b) B-phase voltage and its IMFs; (c) C-phase voltage and its IMFs.



[image: Sensors 17 02133 g008]






As shown in Figure 5, Figure 6, Figure 7 and Figure 8, the phase voltage signal of four types of faults are decomposed into three IMFs (IMF2, IMF1, and IMF0) by EWT. Compared with IMF0 and IMF1, the modulus maxima of IMF2 is more obvious. Therefore, the fault time can be determined by the modulus maxima point of IMF2. At the same time, there are modulus maxima in the three-phase signal when short-circuit faults occur. Therefore, the occurrence time of short-circuit faults can be determined by the modulus maxima of IMF2 from the three-phase voltage signals processed by EWT.



The detailed process of the new fault detection method based on the modulus maxima of IMF2 decomposed by EWT is described as follows:

	
If the result of fault detection from different phase signals is consistent, this result is considered the fault detection result (FDR);



	
If two values of the three detection results are the same, the same value is decided as the FDR;



	
If the three-phase detection results are different, the minimum detection value is taken as the FDR.








The detection results of the three methods for different types of short-circuit faults are shown in Table 2.



Table 2. Comparison of short-circuit fault detection results with different methods.







	
Method

	
Type Fault

	
Number of Sampling Point

	
Fault Detection Time of Each Phase (Sampling Point)

	
FDR (Sampling Point)

	
Error (Sampling Point)




	
A-Phase

	
B-Phase

	
C-Phase






	
EWT + MM

	
AG

	
2001

	
2006

	
2003

	
2003

	
2003

	
2




	
ABG

	
2001

	
2001

	
2002

	
2009

	
2001

	
0




	
AB

	
2001

	
2001

	
2000

	
2001

	
2001

	
0




	
ABC

	
2001

	
2001

	
2000

	
2001

	
2001

	
0




	
EWT + SE

	
AG

	
2001

	
2011

	
2013

	
2011

	
2011

	
10




	
ABG

	
2001

	
2009

	
2014

	
2008

	
2008

	
7




	
AB

	
2001

	
2005

	
2007

	
2006

	
2005

	
4




	
ABC

	
2001

	
2012

	
2007

	
2007

	
2007

	
6




	
EWT + EE

	
AG

	
2001

	
2016

	
2021

	
2017

	
2016

	
15




	
ABG

	
2001

	
2018

	
2016

	
2015

	
2015

	
14




	
AB

	
2001

	
2014

	
2012

	
2012

	
2012

	
11




	
ABC

	
2001

	
2018

	
2018

	
2020

	
2018

	
17










In order to verify the effectiveness and advancement of the new method, the location results of the new method are compared with other methods based on Shannon energy entropy (EE) [5] and Shannon singular entropy (SE) [17].



As shown in Table 2, the error of fault detection with the ‘EWT + MM’ approach for the AG type is 2 sampling points (20 us), while the error of ABG, AB, and ABC is 0. The detection error of the ‘EWT + SE’ and ‘EWT + EE’ method is larger than that of the ‘EWT + MM’ method.





4. Feature Extraction Based on Local Energy


4.1. Local Energy


Existing research has shown that short-circuit fault signals in the first period change dramatically when a fault occurs [25,27]. Moreover, the signal in this period contains the most abundant fault features. In this paper, it is found that the IMF0 based on EWT can reflect the changing trends of fault signals.



After obtaining the time at which a short-circuit fault occurs, the first period of the time-frequency matrix after the occurrence of a fault is used to extract the features for constructing the feature vector of the classifier. In order to present the change in the IMF0 over time, the new method uses local energy (LE) to construct feature vectors. The time-frequency vector obtained by EWT is divided into time-frequency blocks of equal size. Following this, the LE is obtained from each time-frequency block. Finally, the feature vector of short-circuit fault signals is composed by combining the LE of all time-frequency blocks.



In this paper, the sampling rate of short-circuit fault signals is 100 kHz. In the feature extraction step of the new approach, the IMF0 obtained by EWT constitutes the vector [image: there is no content]. The vector [image: there is no content] is the time-frequency vector having a dimension of [image: there is no content] is divided into eight equal-sized time-frequency blocks along the time axis, so that every block has 400 sampling points (0.2 T) as shown in Figure 9.


Figure 9. The segmentation of time-frequency plane.
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The energy of the time-frequency block [image: there is no content] is described as [image: there is no content] respectively. These values are calculated as


[image: there is no content]



(10)




where [image: there is no content] is the sampling point of vector [image: there is no content].



The features of three-phase voltage signals are calculated according to Equation (9) to obtain the feature vector [image: there is no content]. The feature vector reflects the energy variation characteristics of the IMF0 of three-phase signals from short-circuit faults in the time domain.




4.2. Feature Extraction Based on LE


Ten types of short-circuit fault signals in Figure 10a are listed to illustrate the feature extraction process. Their parameters are set as follows: fault distance is 30 km, the fault initial angle is 0°, and the transition resistance is 100 Ω. The results of feature extraction are shown in Figure 10b–d.


Figure 10. Three-phase voltage and its LE features of different short-circuit faults are listed as: (a) three-phase voltage signals of 10 types of faults; (b) LE features corresponding to A-phase voltage signal; (c) LE features corresponding to B-phase voltage signal; (d) LE features corresponding to C-phase voltage signal.



[image: Sensors 17 02133 g010]






The black, red, and green discrete points correspond to the LE features of the IMF0 of A, B, and C-phase voltage signals, respectively.



As shown in Figure 10, the feature amplitude of the IMF0 of the non-fault phases (B and C) is significantly larger than that of the fault phase A once an AG fault occurs. These characteristics meet the trend characteristics that the fault phase voltage amplitude decreases and non-fault phase amplitude increases when a single-phase ground fault occurs. The feature amplitude relationship between the non-fault phase and fault phase has the same conclusion as AG when BG and CG faults occur.



When the ABG fault happens, the feature values of the fault phases (A and B) are small, while the feature values of the non-fault phase C are large. These characteristics meet the trend characteristics that the fault phase voltage amplitude decreases and the non-fault phase amplitude increases when a two-phase ground fault occurs. The feature amplitude relationship between the non-fault phase and fault phase have the same conclusion as ABG when the BCG and CAG fault occur.



When the AB fault happens, the feature values of the fault phases (A and B) are small, while the characteristic values of the fault phase C are large. These characteristics meet the trend characteristics that the fault phase voltage amplitude decreases and the non-fault phase amplitude increases when an interphase short-circuit fault occurs. The feature amplitude relationship between the non-fault phase and fault phase has the same conclusion as AB when the BC and CA faults occur.



When the ABC fault happens, the feature values of the three phases are small, which is consistent with previous findings that the amplitude of the three-phase voltages decrease. The feature values and trend characteristics of three-phase voltage signals of ABC and ABCG are relatively close under the same fault condition.



The values of the input classifier are arranged according to the feature values of the A, B, and C phases.



As shown in the above analysis, the energy distribution characteristics of different types of short-circuit fault can be clearly reflected by the LE energy features in three-phase signals. There are obvious differences in the feature values of 10 types of faults. All the above characteristics provide a significant basis for the identification of fault type. The classification ability with LE features in the new method will be further validated through statistical experiments in Section 6.



In order to verify the effectiveness of the feature extraction method, the EE [5] and SE [17] feature extraction methods were also employed for comparison with the proposed method. Experiments show that every short-circuit fault signal obtains three IMF components based on EWT. The time-frequency characterization of signals using EE and SE based on the whole time-frequency domain is limited. In comparison, the LE feature characteristics reflect the energy change in the IMF0 of the signal in the time domain, while the time domain characteristic of short-circuit fault signals is more detailed. A detailed simulation is shown in Section 6.3.





5. Design of Short-Circuit Fault Classifier Based on SVM


In the existing algorithms used for short-circuit fault classifiers, SVM performs accurately in classification and has robustness with less training samples. The goal of SVM is to classify the data points belonging to different classes by constructing the optimal hyperplane [28]. Figure 11 presents the classification principles of SVM.


Figure 11. Classification principle of SVM.
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In order to better understand the basic principles of SVM, the two-class linearly separable data set [image: there is no content] is assumed as


[image: there is no content]



(11)




where [image: there is no content] is a U-dimensional input vector; [image: there is no content] is the corresponding class of [image: there is no content]; and N is the number of samples. The data points in set E can be divided into two types by the hyperplane, which is defined as


[image: there is no content]



(12)




where w is the weight vector; and b is the scalar. Two types of sample vectors from the hyperplane are called support vectors. The distance between the two-class support vectors and separating hyperplane is called the separating margin which is given as


[image: there is no content]



(13)







In order to get the maximized m, we need to minimize the [image: there is no content]. The goal of SVM is to determine the value of w and b, so that the separating margin is the largest. The optimal separating margin can be obtained by solving the quadratic optimization problem as


[image: there is no content]



(14)







In order to solve the above problems, the Lagrange multiplier α is introduced, and the optimization objective function is obtained by


[image: there is no content]



(15)







After solving the above optimization problems, we can obtain the optimal solution [image: there is no content], before calculating the best solutions for [image: there is no content] and [image: there is no content]. Finally, the optimal classification function is


[image: there is no content]



(16)







In fact, the classification problem of short-circuit faults is a non-linear separable problem. We can map the sample data from the low-dimensional space to a high-dimensional space by the kernel function [image: there is no content]. By replacing [image: there is no content] with [image: there is no content], the optimal classification function is obtained as


[image: there is no content]



(17)







As the feature space corresponding to the Gauss kernel function is infinitely dimensional, the finite sample is linearly separable in the space. In this paper, Gauss kernel function is used as


[image: there is no content]



(18)




where [image: there is no content] is the parameter of the Gauss kernel function.



From the above analysis, we can know that SVM is limited in only being able to deal with the binary classification. SVM needs to be further improved in order to solve the multi-classification problem.



In this paper, the LIBSVM package based on “one-against-one” structure [29] is used to solve the problem of multi-classification problem of short-circuit faults.




6. Simulation and Analysis


A total of 1100 samples (100 samples for each fault type) are generated in the simulated system shown in Figure 1. Through statistical experiments, the number of training samples for the classifier of SVM is determined to be 660 (60 samples for each fault type). In particular, the training samples are randomly selected.



6.1. Comparison of Fault Detection Effect for Short-Circuit Fault Signals


In order to further verify the fault location efficacy of the new method, 1000 samples are tested. The statistical experiments validated the advancement of the new method. The test results are shown in Table 3.



Table 3. The mean fault detection error of different detection methods under different noise.







	
Fault Type

	
Mean Error (ms)




	
EWT + MM

	
EWT + SE

	
EWT + EE




	
0 dB

	
38 dB

	
57 dB

	
0 dB

	
38 dB

	
57 dB

	
0 dB

	
38 dB

	
57 dB






	
AG

	
0.2697

	
0.3513

	
0.2925

	
0.4715

	
2.8234

	
0.5274

	
1.7121

	
4.1411

	
1.7857




	
BG

	
0.2782

	
0.3845

	
0.2738

	
0.5014

	
2.5281

	
0.5587

	
1.6547

	
4.4726

	
1.8586




	
CG

	
0.2710

	
0.3651

	
0.2715

	
0.4637

	
2.8965

	
0.5341

	
1.7983

	
4.2705

	
1.9515




	
ABG

	
0.3247

	
0.3613

	
0.3492

	
0.7452

	
3.2739

	
0.9102

	
1.8109

	
4.3162

	
2.2711




	
BCG

	
0.2816

	
0.3216

	
0.2979

	
0.7518

	
3.3518

	
0.8853

	
1.3152

	
3.5790

	
1.5196




	
CAG

	
0.2793

	
0.3304

	
0.3153

	
0.7013

	
2.9573

	
0.8302

	
1.3785

	
3.6527

	
1.3904




	
AB

	
0.2464

	
0.3679

	
0.3495

	
1.6241

	
3.8901

	
2.3217

	
2.1251

	
4.1793

	
2.1352




	
BC

	
0.2358

	
0.3913

	
0.3718

	
1.7285

	
4.1357

	
2.4901

	
1.8347

	
3.7201

	
2.0274




	
CA

	
0.2419

	
0.3817

	
0.3552

	
1.7528

	
3.6569

	
1.9563

	
1.8629

	
4.2705

	
2.2853




	
ABC

	
0.3356

	
0.3674

	
0.3576

	
0.5222

	
2.6948

	
0.5673

	
0.8706

	
2.6023

	
1.1070




	
ABCG

	
0.3401

	
0.3627

	
0.3496

	
0.5371

	
2.5170

	
0.5794

	
0.8573

	
2.5731

	
0.9935




	
overall

	
0.2822

	
0.3623

	
0.3258

	
0.8909

	
3.1569

	
1.1055

	
1.5655

	
3.7979

	
1.7568










Table 3 lists the fault detection results of 10 types of short-circuit fault signals with noise signals of 0, 38, and 57 dB when the ‘EWT + MM’, ‘EWT + SE’ and ‘EWT + EE’ methods are used to deal with the signals, respectively. The average error of the fault detection using the ‘EWT + MM’ method is minimal.



It can be seen from Table 3 that the detection error of ‘EWT + MM’ is lower than that of the ‘EWT + SE’, and ‘EWT + EE’ methods when 0, 38, and 57 dB noise are added to short-circuit fault signals. The mean detection error of short-circuit fault signals increases with the addition of noise. Furthermore, it was concluded that a greater noise intensity resulted in a greater overall average detection error.




6.2. Setting Parameters for Classifier


In order to avoid the influence of the unreasonable parameters for the classification accuracy of the SVM classifier, this paper uses the cross-validation method to optimize the parameters of C and [image: there is no content] in SVM. A five-fold cross-validation method is used to choose the optimal value of parameters C and [image: there is no content] under different dimensions of LE features, where [image: there is no content] and [image: there is no content]. The number of time-frequency blocks and feature dimensions are shown in Table 4. The classification accuracy of the 225 parameter combinations in SVM is tested with different LE feature vectors. The optimal parameters and the classification accuracy in different feature dimensions are shown in Table 4.



Table 4. Parameter effection on classifier accuracy.







	
Number of Blocks in Each Phase

	
Feature Dimension of Three-Phase Signals

	
Optimal Parameter (C, γ)

	
Accuracy (%)






	
1 × 3

	
3

	
(26, 25)

	
86.14




	
2 × 3

	
6

	
(27, 23)

	
89.32




	
4 × 3

	
12

	
(28, 2−2)

	
96.82




	
5 × 3

	
15

	
(210, 2−4)

	
98.18




	
8 × 3

	
24

	
(28, 2−5)

	
99.77




	
10 × 3

	
30

	
(27, 23)

	
99.55




	
20 × 3

	
60

	
(28, 2−7)

	
99.77




	
40 × 3

	
120

	
(29, 2−7)

	
99.77




	
2000 × 3

	
6000

	
(28, 23)

	
99.55










From Table 4, we can find the following characteristics:

	
When the number of blocks is increased from 1 to 8 in each phase, there is a dramatic increase in classification accuracy. In particular, the accuracy rate is highest (99.77%) when there are 8 blocks and the parameters of C and γ are 28 and 2−5.



	
The accuracy rate is generally stable when the number of blocks changes from 8 to 2000.



	
When the number of blocks (feature dimension) is increased, there is greater complexity in the classifier. Therefore, the feature dimensions, C and γ in SVM are set as 24, 28, and 2−5 in the new method.









6.3. Comparison of Short-Circuit Faults Classification Methods


Based on the above analysis, we can determine the advantages of the signal processing method of EWT and the fault detection method used in the new method. In order to further verify the effectiveness of the new method in classifying short-circuit faults, the features extracted by LE, SE, and EE with classifiers of SVM, BPNN (Back-Propagation Neural Network), and ELM are combined to create a different classification method for short-circuit signals. Following this, the classification accuracy of these methods is compared.



In order to ensure the credibility of this comparison, the parameters of the classifier are set as follows. When different features are used, the dimensions of the input vector and related parameters in SVM, ELM, and BPNN are determined in the same way as described in Section 6.2. In the ELM classifier, the number of input nodes represents the input feature dimension, while the number of output nodes is the number of fault classes. The activation function in ELM is the sigmoid function [image: there is no content]. Thus, two parameters need to be determined: the number of nodes [image: there is no content] in the hidden layer and the parameter λ that determines the smoothness of the sigmoid function. The optimal combination of [image: there is no content] and λ is obtained by the grid search method, where [image: there is no content] and [image: there is no content]. The structure parameters of ELM and BPNN are shown in Table 5. The optimal training parameters of BPNN such as learning rate, learning rate reduced factor, learning rate minimum bound, and number of epochs are obtained by five-fold cross-validation [30]. The training parameters of BPNN are as follows: the maximum epoch number is 1000; the learning rule is Levenberg–Marquardt; the moment constant is 0.98; the mean squared error is 1.00 × 10−5 [31]. The classification results of different methods are shown in Table 6.



Table 5. Structure parameters of ELM and BPNN.







	
Architecture of BPNN

	
Architecture of ELM






	
The number of layers

	
3

	
The number of layers

	
3




	
The number of neuron in the input layer

	
45 (LE)

36 (EE, SE)

	
The number of neuron in the input layer

	
45 (LE)

36 (EE, SE)




	
The number of neuron in the hidden layer

	
11 (LE)

10 (EE, SE)

	
The number of neuron in the hidden layer

	
14 (LE)

12 (EE, SE)




	
The number of neuron in the output layer

	
10

	
The number of neuron in the output layer

	
10




	
The initial weights and biases

	
Random

	
The initial weights and biases

	
Random




	
Activation

	
Tansig; Tansig; Logsig

	
Activation

	
Sigmoid










Table 6. Accuracy of different short-circuit faults classification methods.







	
Method

	
Accuracy (%)

	
Average Accuracy (%)




	
AG

	
BG

	
CG

	
ABG

	
BCG

	
CAG

	
AB

	
BC

	
CA

	
ABC/ABCG






	
EWT + LE + SVM

	
100

	
100

	
100

	
100

	
100

	
100

	
100

	
100

	
100

	
98.75

	
99.77




	
EWT + SE + SVM

	
90

	
87.5

	
95

	
82.5

	
90

	
92.5

	
92.5

	
97.5

	
95

	
83.75

	
90




	
EWT + EE + SVM

	
85

	
87.5

	
87.5

	
90

	
85

	
82.5

	
92.5

	
95

	
90

	
91.25

	
88.86




	
EWT + LE + ELM

	
95

	
92.5

	
97.5

	
87.5

	
90

	
87.5

	
97.5

	
100

	
100

	
97.5

	
94.77




	
EWT + SE + ELM

	
67.5

	
57.5

	
52.5

	
27.5

	
57.5

	
62.5

	
90

	
90

	
100

	
73.75

	
68.41




	
EWT + EE + ELM

	
62.5

	
42.5

	
50

	
17.5

	
37.5

	
40

	
65

	
67.5

	
70

	
51.25

	
50.45




	
EWT + LE + BPNN

	
95

	
97.5

	
100

	
100

	
100

	
100

	
100

	
97.5

	
100

	
97.5

	
98.64




	
EWT + SE + BPNN

	
92.5

	
87.5

	
85

	
90

	
92.5

	
92.5

	
95

	
97.5

	
90

	
82.5

	
89.77




	
EWT + EE + BPNN

	
70

	
82.5

	
87.5

	
80

	
67.5

	
80

	
90

	
75

	
7.5

	
76.25

	
72.05










As shown in Table 6, the new method using LE has higher classification accuracy compared to the results from ‘EWT + LE + SVM’, ‘EWT + SE + SVM’ and ‘EWT + EE + SVM’. In addition, this same conclusion was obtained after comparing the classification results of ‘EWT + LE + ELM’, ‘EWT + SE + ELM’ and ‘EWT + EE + ELM’ or comparing the recognition results of ‘EWT + LE + BPNN’, ‘EWT + SE + BPNN’ and ‘EWT + EE + BPNN’. Therefore, the methods with LE features have the greatest accuracy for classification. These results verify the effectiveness and advancement of the LE features for the classification of short-circuit faults.



At the same time, the experimental results in Table 6 show that the proposed method using ‘EWT + LE + SVM’ has the highest recognition accuracy. The overall accuracy rate is 99.77% and the accuracy rate for each fault is 100% except ABC/ABCG fault (98.75%) which verifies that the new method using SVM to construct short-circuit faults classifiers is more feasible.



In addition, based on the same set of LE features, the calculation time of the three classifiers is shown in Table 7. The experimental platform is a PC with i3 processor (2.3 GHz frequency) and 4 G memory.



Table 7. Comparison of computing time of different classifiers.







	
Classifier

	
Training Time (s)

	
Testing Time (s)






	
SVM

	
46.215

	
0.149




	
BPNN

	
1976.420

	
0.218




	
ELM

	
1.691

	
0.117










From Table 7, the training and testing time of SVM are both is obviously shorter than BPNN and longer than that of ELM. Considering the efficiency and accuracy of classification, it is more reasonable to use SVM for realizing the classification of short-circuit faults, with these results verifying the effectiveness and progressiveness of the new method.



In order to validate the noise immunity of the proposed classification method ‘EWT + LE + SVM’, different noise level are added to the original short-circuit fault signals. The experimental results are shown in Table 8.



Table 8. Classification accuracy of the proposed method with signal adding different noise.







	
Noise (dB)

	
Accuracy of Single Fault Type Signals Classification (%)

	
Overall Accuracy (%)




	
AG

	
BG

	
CG

	
ABG

	
BCG

	
CAG

	
AB

	
BC

	
CA

	
ABC/ABCG






	
27

	
97.5

	
100

	
95

	
100

	
100

	
97.5

	
100

	
100

	
100

	
97.50

	
98.86




	
33

	
97.5

	
100

	
97.5

	
100

	
97.5

	
100

	
100

	
100

	
100

	
98.75

	
99.06




	
38

	
97.5

	
100

	
100

	
100

	
97.5

	
100

	
100

	
100

	
100

	
98.75

	
99.32




	
43

	
97.5

	
100

	
100

	
100

	
100

	
100

	
100

	
100

	
100

	
98.75

	
99.55




	
57

	
100

	
100

	
100

	
100

	
100

	
100

	
100

	
100

	
100

	
98.75

	
99.77










As shown in Table 8, the classification results still have a high recognition accuracy (higher than 98.86%) in environments with different noises at 27, 33, 38, 43, and 57 dB. Thus the noise immunity of the proposed classification method has been further verified. The fault type of ABC and ABCG are recognized as one class because of the similar feature values and trend characteristics [1].



The effectiveness and advancement of the new method are verified by the experimental results. In order to further verify the effectiveness of the proposed method, the practice short-circuit fault signals are tested.





7. Verification of Actual Signals


In order to verify the recognition capability of the new approach for actual signals, the short-circuit fault signals collected in line substation were used for tests.



From 7 March 2012 to 9 August 2014, a total of 167 sets of transmission line fault signals were collected from the photoelectric voltage transformer with a serial number of OET711AVTZ in four 220 kV substations. In the serial number of the photoelectric voltage transformer, “OET” is the short name of the photoelectric transformer; “7” is the design serial number; “11” is the abbreviation of 110 kV; “A” means that this will be used as a communication system; “VT” is the voltage transformer type; and “Z” means that it is a hanging device. The fault voltage signals are recorded in the digital fault recorder system. A set of phase voltage signals with faults are shown in Figure 12.


Figure 12. Waveform of three-phase voltages when AG fault occurred.



[image: Sensors 17 02133 g012]






The details of the real measured data set obtained by the photoelectric voltage transformer are as follows:

	-

	
Fault lines: 110 kV transmission lines;




	-

	
Fault type: a total of 10 types of short-circuit fault;




	-

	
Collection site: 110 kV bus side in 220 kV substation;




	-

	
Signal sampling rate: 5000 Hz.









The training set is constructed by using the descending sampling rate simulation signal, while the training model is constructed by using the recognition scheme proposed in Section 6.3.



7.1. Detection of Actual Short-Circuit Faults


The EWT is tested by using four types of fault types AG, BCG, BC, and ABC as examples. The results are shown in Figure 13, Figure 14, Figure 15 and Figure 16.


Figure 13. Actual AG fault signal’s modes extracted by the EWT are shown as follows: (a) A-phase voltage and its IMFs; (b) B-phase voltage and its IMFs; (c) C-phase voltage and its IMFs.



[image: Sensors 17 02133 g013]





Figure 14. Actual BCG fault signal’s modes extracted by the EWT are shown as follows: (a) A-phase voltage and its IMFs; (b) B-phase voltage and its IMFs; (c) C-phase voltage and its IMFs.



[image: Sensors 17 02133 g014]





Figure 15. Actual BC fault signal’s modes extracted by the EWT are shown as follows: (a) A-phase voltage and its IMFs; (b) B-phase voltage and its IMFs; (c) C-phase voltage and its IMFs.



[image: Sensors 17 02133 g015]





Figure 16. Actual ABC fault signal’s modes extracted by the EWT are shown as follows: (a) A-phase voltage and its IMFs; (b) B-phase voltage and its IMFs; (c) C-phase voltage and its IMFs.



[image: Sensors 17 02133 g016]






We further verified the accuracy of the ‘EWT + MM’ method in pinpointing the time that a short-circuit fault occurred. As shown in Figure 13, Figure 14, Figure 15 and Figure 16, each signal of 4 fault types are decomposed into three IMFs (IMF2, IMF1, and IMF0) by EWT. In particular, the IMF1 in Figure 14c is different from that in Figure 14a,b. The reason is that when the C-phase voltage signal is processed by EWT, this results in a narrow interval for the frequency domain corresponding to IMF0 while the components at a frequency of 50 Hz appears in the interval of IMF1. The theory of ‘EWT + MM’ in Section 3.3 was used for fault detection.



The test results of the ‘EWT + MM’ method being used to detect short-circuit faults are shown in Table 9.



Table 9. Actual short-circuit fault detection results.







	
Fault Type

	
Fault Detection Time for Every Phase (ms)

	
FDR (ms)




	
A-Phase

	
B-Phase

	
C-Phase






	
AG

	
45.2

	
48.6

	
45.8

	
45.2




	
BCG

	
45.0

	
44.8

	
44.4

	
44.4




	
BC

	
65.2

	
42.8

	
42.8

	
42.8




	
ABC

	
45.8

	
46.4

	
46.4

	
46.4










As shown in Table 9, the detection results of three-phase voltage signals of the AG faults are different. The minimum value of 45.2 in the A-phase represents the FDR, which is close to the real value (Figure 13). When the BCG fault occurs, the FDR of the C-phase in the BCG fault is the smallest detection result of 44.4, which is close to the true value in Figure 14. As shown in Figure 15, there is big difference between the detection result of A-phase and the real failure time. While the detection value of B-phase and C-phase of the BC fault are the same (42.8), FDR has a value of 42.8. As shown in Figure 16, the FDRs of the B-phase and C-phase have the same value of 42.8, which represents the FDRs coming close to their true value.




7.2. Classification of Short-Circuit Faults


After obtaining the time that a short-circuit fault occurred, the first period of the IMF0 after the occurrence of this fault is used to extract features. Following this, the feature vector is used as an input for the trained model in Section 6 to realize fault classification.



The following aspects require special instructions:

	
The IMF0 is needed, with the IMF1 of C-phase voltage signal in Figure 14c representing the IMF0. Since statistical experiments show that the amplitude of IMF0 is less than 2 in this case, the threshold of 10 is set for the purpose of uniform processing and easy calculation. If the amplitude of the IMF0 is less than 10, the IMF1 is treated as the IMF0.



	
The IMF0 of the real signals were normalized.



	
The simulation samples are reduced to 5000 Hz and IMF0 were normalized.








The experimental results are shown in Table 10. The advancement of the fault classification method proposed in this paper is verified.



Table 10. Actual short-circuit fault classification results.







	
Fault Type

	
AG

	
BG

	
CG

	
ABG

	
BCG

	
CAG

	
AB

	
BC

	
CA

	
ABC

	
Overall Accuracy (%)






	
AG

	
32

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
100




	
BG

	
0

	
22

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
100




	
CG

	
0

	
0

	
27

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
100




	
ABG

	
0

	
0

	
0

	
7

	
0

	
0

	
0

	
0

	
0

	
0

	
100




	
BCG

	
0

	
0

	
0

	
0

	
9

	
0

	
0

	
0

	
0

	
0

	
100




	
CAG

	
0

	
0

	
0

	
0

	
0

	
11

	
0

	
0

	
0

	
0

	
100




	
AB

	
0

	
0

	
0

	
0

	
0

	
0

	
12

	
0

	
0

	
0

	
100




	
BC

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
18

	
0

	
0

	
100




	
CA

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
16

	
0

	
100




	
ABC

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
13

	
100










As shown in Table 10, the classification method proposed in this paper has high accuracy in identifying faults for real signals. Therefore, the advanced nature of the proposed method is validated.





8. Conclusions


In this paper, a new classification method of short-circuit faults in the electric transmission line based on EWT and LE is proposed. The new method has the following advantages:

	
Compared to the CEEMDAN and the improved CEEMDAN method for the decomposition of short-circuit fault signals, EWT has a smaller number of IMFs and the decomposition result has a higher accuracy. Therefore, it is more suitable for the processing of short-circuit fault signals;



	
The new method directly uses the MM of IMF2 in three-phase voltage signals to determine the failure time. There is no need to use other complex methods for fault detection and this creates the foundation for feature extraction;



	
Compared to entropy features, the feature of LE reduces the complexity of computation. The change in IMF0 in short-circuit fault signals can be presented in the time domain which is conducive to the accurate identification of short-circuit fault signals. More importantly, the technique enhances the noise immunity of the fault classification scheme.








In the future work, the proposed method can be compiled into software and applied for real-time data analysis.
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	EWT
	Empirical Wavelet Transform



	WT
	Wavelet Transform



	WPT
	Wavelet Packet Transform



	ST
	S-Transform



	EMD
	Empirical Mode Decomposition



	EEMD
	Ensemble Empirical Mode Decomposition



	CEEMDAN
	Complementary Ensemble Empirical Mode Decomposition with Adaptive Noise



	IMF
	Intrinsic Mode Function



	NNs
	Neural Networks



	BPNN
	Back-Propagation Neural Network



	ELM
	Extreme Learning Machine



	SVM
	Support Vector Machine



	MM
	Modulus Maxima



	LE
	Local Energy



	EE
	Shannon Energy Entropy



	SE
	Shannon Singular Entropy



	FDR
	Fault Detection Result







References


	1. 
Walid, G.M.; Tarlochan, S.S. A new harmony search approach for optimal wavelets applied to fault classification. IEEE Trans. Smart Grid 2016. [Google Scholar] [CrossRef]

	2. 
Zhao, J.; Xu, Y.; Luo, F.; Dong, Z.Y.; Peng, Y. Power system fault diagnosis based on history driven differential evolution and stochastic time domain simulation. Inf. Sci. 2014, 275, 13–29. [Google Scholar] [CrossRef]

	3. 
Shaik, A.G.; Pulipaka, R.R.V. A new wavelet based fault detection, classification and location in transmission lines. Int. J. Electr. Power Energy Syst. 2006, 64, 114–118. [Google Scholar] [CrossRef]

	4. 
Fathabadi, H. Novel filter based ANN approach for short-circuit faults detection, classification and location in power transmission lines. Int. J. Electr. Power Energy Syst. 2016, 4, 374–383. [Google Scholar] [CrossRef]

	5. 
Liu, Z.G.; Han, Z.; Zhang, Y.; Zhang, Q. Multiwavelet packet entropy and its application in transmission line fault recognition and classification. IEEE Trans. Neural Netw. Learn. Syst. 2014, 25, 2043–2052. [Google Scholar] [CrossRef] [PubMed]

	6. 
Liu, Z.; Cui, Y.; Li, W. Combined power quality disturbances recognition using wavelet packet entropies and S-transform. Entropy 2015, 17, 5811–5828. [Google Scholar] [CrossRef]

	7. 
Moravej, Z.; Pazoki, M.; Khederzadeh, M. New pattern-recognition method for fault analysis in transmission line with UPFC. IEEE Trans. Power Deliv. 2015, 30, 1231–1242. [Google Scholar] [CrossRef]

	8. 
Krishnanand, K.R.; Dash, P.K.; Naeem, M.H. Detection, classification, and location of faults in power transmission lines. Int. J. Electr. Power Energy Syst. 2015, 67, 76–86. [Google Scholar] [CrossRef]

	9. 
Huang, N.E.; Shen, Z.; Long, S.R.; Wu, M.C.; Shih, H.H.; Zheng, Q.N.; Yen, N.C.; Tung, C.C.; Liu, H.H. The empirical mode decomposition and the Hilbert spectrum for nonlinear and non-stationary time series analysis. Proc. R. Soc. Lond. 1998, 454, 903–995. [Google Scholar] [CrossRef]

	10. 
Yalcin, T.; Ozgonenel, O.; Kurt, U. Multi-class power quality disturbances classification by using ensemble empirical mode decomposition based SVM. In Proceedings of the 7th International Conference on Electrical and Electronics Engineering, Bursa, Turkey, 1–4 December 2011; pp. 122–126. [Google Scholar]

	11. 
Liu, Z.G.; Cui, Y.; Li, W. A classification method for complex power quality disturbances using EEMD and rank wavelet SVM. IEEE Trans. Smart Grid 2015, 6, 1678–1685. [Google Scholar] [CrossRef]

	12. 
Torres, M.E.; Colominas, M.A.; Schlotthauer, G.; Flandrin, P. A complete ensemble empirical mode decomposition with adaptive noise. In Proceedings of the IEEE International Conference on Acoustics, Speech and Signal Processing, Prague, Czech Republic, 22–27 May 2011; Volume 125, pp. 4144–4147. [Google Scholar]

	13. 
Colominas, M.A.; Schlotthauer, G.; Torres, M.E. Improved complete ensemble EMD: A suitable tool for biomedical signal processing. Biomed. Signal Process. 2014, 14, 19–29. [Google Scholar] [CrossRef]

	14. 
Morsi, W.G.; El-Hawary, M.E. Wavelet packet transform-based power quality indices for balanced and unbalanced three-phase systems under stationary or nonstationary operating conditions. IEEE Trans. Power Deliv. 2009, 24, 2300–2310. [Google Scholar] [CrossRef]

	15. 
Gilles, J. Empirical wavelet transform. Signal Process. 2013, 61, 3999–4010. [Google Scholar] [CrossRef]

	16. 
Safty, S.E.; El-Zonkoly, A. Applying wavelet entropy principle in fault classification. Int. J. Electr. Power Energy Syst. 2009, 31, 604–607. [Google Scholar] [CrossRef]

	17. 
He, Z.Y.; Fu, L.; Lin, S.; Bo, Z. Fault detection and classification in EHV transmission line based on wavelet singular entropy. IEEE Trans. Power Deliv. 2010, 25, 2156–2163. [Google Scholar] [CrossRef]

	18. 
He, Z.Y.; Gao, S.; Chen, X.; Zhang, J.; Bo, Z.; Qian, Q. Study of a new method for power system transients classification based on wavelet entropy and neural network. Int. J. Elec. Power Energy Syst. 2011, 33, 402–410. [Google Scholar]

	19. 
Zhang, L.L.; Li, M.S.; Ji, T.Y.; Wu, Q.H.; Jiang, L.; Zhan, J. Morphology singular entropy-based phase selector using short data window for transmission lines. IEEE Trans. Power Deliv. 2014, 29, 2162–2171. [Google Scholar] [CrossRef]

	20. 
Padron, S.; Hernandez, M.; Falcon, A. Reducing under-frequency load shedding in isolated power systems using neural networks. Gran Canaria: A case study. IEEE Trans. Power Syst. 2015, 31, 1–9. [Google Scholar] [CrossRef]

	21. 
Huang, G.B.; Zhu, Q.Y.; Siew, C.K. Extreme learning machine: Theory and applications. Neurocomputing 2006, 70, 489–501. [Google Scholar] [CrossRef]

	22. 
Cortes, C.; Vapnik, V. Support-Vector Networks. Mach. Learn. 1995, 20, 273–297. [Google Scholar] [CrossRef]

	23. 
Parikh, U.B.; Das, B.; Maheshwari, R. Fault classification technique for series compensated transmission line using support vector machine. Int. J. Electr. Power Energy Syst. 2010, 32, 629–636. [Google Scholar] [CrossRef]

	24. 
Miche, Y.; Sorjamaa, A.; Bas, P.; Simula, O.; Jutten, C.; Lendasse, A. OP-ELM: Optimally pruned extreme learning machine. IEEE Trans. Neural Netw. 2010, 21, 158–162. [Google Scholar] [CrossRef] [PubMed]

	25. 
Fan, C.; Li, K.K.; Chan, W.L.; Yu, W.; Zhang, Z. Application of wavelet fuzzy neural network in locating single line to ground fault (SLG) in distribution lines. Int. J. Electr. Power Energy Syst. 2007, 29, 497–503. [Google Scholar]

	26. 
Mallat, S.; Hwang, W.L. Singularity detection and processing with wavelets. IEEE Trans. Inf. Theory 1992, 38, 617–643. [Google Scholar] [CrossRef]

	27. 
Yang, M.Y.; Yao, W.Y.; Wang, Z.P.; Jiao, Y.J.; Zhang, J. A new protection algorithm for EHV transmission line based on singularity detection of fault transient voltage. In Proceedings of the International Power Engineering Conference (IPEC), Singapore, 29 November–2 December 2005. [Google Scholar]

	28. 
Hernández, A.C.; Gómez, C.; Crespo, J.; Barber, R. Object detection applied to indoor environments for mobile robot navigation. Sensors 2016, 16, 1180. [Google Scholar] [CrossRef] [PubMed]

	29. 
Chang, C.C.; Lin, C.J. Libsvm: A library for support vector machines. ACM T. Intel. Syst. Tec. 2011, 2, 1–27. [Google Scholar] [CrossRef]

	30. 
Yang, C.C.; Shieh, M.D. A support vector regression based prediction model of affective responses for product form design. Comput. Ind. Eng. 2010, 59, 682–689. [Google Scholar] [CrossRef]

	31. 
Huang, N.T.; Xu, D.G.; Liu, X.S.; Lin, L. Power quality disturbances classification based on S-transform and probabilistic neural network. Neurocomputing 2012, 98, 12–23. [Google Scholar] [CrossRef]



























































© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).







media/file26.jpg
Voltage of A-phase(kV)

ME:

10

IMFy

Fault s It trigler S0
H H
2o 20
2 2 | ki
A %)
5 $%
= :
£ o <0
Eril Fouttime| Faulttime
i s | Tocaion
S 100]
o o ! -——«/\}\n——v«q £
10
1 2|
£ o £
a 2
0@ s Cp
Tk () Time () it ()
@ ® ©






media/file8.jpg
Voltage of A-phase(kV)

IMF:

IMFs

IMFo

£ s 500
Foultingger] %
E g Fauftrigg 3
e Fayltrigek
%-500 500
™ 100
& o Llle
H fun |2
datection
100 100
0 w
E z ¢
0 500
0 0
£ £,
50
w0 o0 o 200

sampling point(n)
@)

sampling point(n)
by

sampling point(n)
©

1000





media/file27.png
80

Fault time
< Jocation

60

(c)

0 20 __ 40
Time (ms)

S - 88 ° g ° 8 ©° 9
(AY)eseyd-g jo 38ejjop NI MNL AN -
. 5 : &
£S
=T
5 8 | °
F )
E _
Lo L2
L { <+ L =
£
=
-
K 1
-
S = S B < B B < B 3 < S
_ o i
(AM)eseyd-g jo aSejjop  ANI HINT OJINI -
v o T 0
ES
- T
5 g . 2
FK —
[92]
|| = Z
o
oA . TE=
=
E N
)
1 O
S o S 0 < o = — = 3 — S
i i 1 Ao 1_+

(AdM)eseyd-y jo a8ejjop NI





media/file13.png
Q1
-
- -

Voltage of A-phase(kV)
o1
-
-

p—
-
-

IMF>
-

-100

500

IMF1
-

-500

500

IMFo
o

-500

?Fault trigger

Fault
detection

/N

2000
sampling point(n)
(a)

4000

Voltage of B-i)hase(kV)

IMF:

IMF:

IMFo

500

-500

100

-100

500

-500

500

-500

Fault trigger

Voltage of C-phase(kV)

Fault

A/detection

P

/N

0

2000
sampling point(n)
(b)

IMF:

IMF:

IMFo

4000

500

-500

100

-100

500

-500

500

-500

Fault t

(T

detection

0

2000

sampling point(n)

(©)

4000





media/file31.png
80

Fault time

60

0 20 _ 40 ¢
Time (ms)
(c)

S S S < ° = S — S
i i 4
( >v©ommsg -q jo ommﬁo A NI Al o
) 0
£S5
= m
. 5
= | |5 B
E: | Fg*
5 =
2 | l
a a (@)
S o g8 ° ° 9= s <
i i 4
(AX)aseyd-g jo ommﬁo A NI HINT *AINI -
c 0
E
2 | 12
op_— % . ] o
H W M .
= =
© | lo
[\
1 )
S S S ° < S = S — S
(AM)eseyd-y jo o8eon  ZANI A OINI





media/file12.jpg
Voltage of A-phase(kV)
g - 8

H

MF:

100

2 2 50
Faul iggr] § Faul igger|
2 ° S O\ Hhultuigger
500 %50
2 2
o) 1w
Fault Fault
[ detection | . ‘Anmm.. . 7&—“ g
t £ o f 0
C Fault
detection
100 10
0 50
s oz
500 500
50 0
) £
50
o w0 a0 o 0 o 00 o
smping in) sampling poin(s)

sampling point(n)
®

@





media/file18.jpg





media/file9.png
IMF: IMF: Voltage of A-phase(kV)

IMFo

500 : . 2

Fault trigger | &

&

=

0 =

e

ks

-500 50

s

C

0 ]

O

0 <>19o 2000 2100 | 1

Fault =

detection

-100
500

s <
-500
500

=

0 S
-500

0 2000 4000

sampling point(n)

(a)

500

-500

100

-100

500

-500

500

-500

Faulf trigger -

05
f@E
/&O‘Swo 2000 2100

N /
Fault

detection

0

2000
sampling point(n)
b

IMF: IMF: Voltage of C-phase(kV)

IMFo

4000

500

-500

100

-100

500

-500

500

-500

Faylt trigge

0.5

0

5
1

f

-0. %
/\ 90¢ 2000 2100
N L

Fault
detection

0

2000
sampling point(n)
(©)

4000





media/file14.jpg
IMF IMF:  Voltage of A-phase(kV)

IMFo

500

100

500

500

500

5 Z .
£ €50
] % oo
Foght e = ;
= ] 1 G
s 1
) o
5 k]
: £
s s
2 o o
- Fout
{ I | - [[actesion
Faull |2 0 o |2 ° T
detection “detection|
00 00
0 0
) £, \r
0
0 0
E £ uW
0 b
o awaw 20w 2000 o
samplinggoinis) samplig pinie) samplig oinin)
(@) (b) <)





media/file20.jpg
Class [
Class Il

Support vector

® > OD

Support vector






media/file23.png
2014706/ 18 2014706/ 18
15:46: 25, 060 15:46: 28, 100






media/file5.png
500

Magnitude(kV)

-500

~~
jay]
~—

1 1
2500 3000 3500 4000
Sampling point(n)

Magnitude(pu)

<
1
|

Ulhm = o= = = s =

s B
SN’

1 1 1
31.25 37.5 43.75 50
Frequency(kHz)





media/file15.png
IMF: IMF: Voltage of A-phase(kV)

IMFo

> | >
500 ~ 500 =4 500
Fault trigger] T <« F.ault Q F.ault
E trigger E trigger
0 e & 0 {0
M W)
ks ks
QL QL
-500 0 -500 0500
G G
100 —~ > 100 =100
0 v Fault
2o : N o detection
/\1900 / 2000 2100| [r, |
0 ~ Fault E 0 Fault E 0
detection Aetection
-100 -100 ; -100
500 500 500
0 - S 0 S 0
-500 -500 -500
500 500 500
-500 -500 ' -500
0 2000 4000 0 2000 4000 0 2000 4000
sampling point(n) sampling point(n) sampling point(n)

(a) (b) (©)





media/file32.png





media/file19.png
Amplitude(kV)

—A-phase—B-phase——C-phase Feature of A-phase

500
0

-500
500

-500
500

-500
500

-500
500

-500
500

-500
500

-500
500

-500
500

-500
500

-500
500

-500

G

BOAY

BG

Wk

LXK

BOX

;Z SZ 821 ABC

ABCG

0 2000
Sampling point(n)

(a)

Normalized LE(pu)

4000

0.1
0.05
0

1
0.5
0
1
0.5
0

0.04
0.02

0.5

-

0.05

-

0.4

0.2

0.5

0.4
0.2

0.02
0.01

0.02
0.01

mq)?oC G)(P(D

Vo T V_N

Y\ N

AL

TOAQ?QA

o g

RiA

?@ T@

P #1797

el Fata 01 FaY
o s = -4

1

Dimension number

(b)

0.5

0.1
0.05

0.5

0.05

0.04
0.02

0.5

0.4
0.2

0.4

0.2

0.5

0.04
0.02

0.04

0.02

Feature of B-phase

W\ I\

PP| (PP

2 o?a

2N\ FaV_N

Y\ Y

Tallfa

OOQ?on

Q @
O | @

LN

IS

\A J;A

(}\/ k)\/

AP

-

?919.91

oo 100, ]

Al

Loeotoce

= Nt N

Gkﬁﬁboo
1 8

Dimension number

(c)

1
0.5
0

1
0.5

0
0.1
0.05

0.5

0.05

0.04
0.02

0.5

0.4
0.2

0.4
0.2

0.05

0.04
0.02

0

Feature of C-phase
fa S

0)

\WA\VY NAVY
o o

. [\
Tm

faVYa Y

W\ NI\

PP 1P

m??ooﬁ?o

\)\I k)o

ls

To

0)

o [[5.

?.919.91

s 0a, ]

oOO (Docpo

1

Dimension number

()





media/file28.jpg
S0 =
o0 B 0
b I 3
> ) Faul el O
EE Fauk wrigger | S %, [Fault trigger
8100 fgaer | 100 P
-4 £s 25
g 2 Faulttimd £ 5 Foult fime
: - Tocation | = ocation:
o 0 g0
" ¢ H
¢ ruttate | £ z
2, il 5
x w0 w
. . £ o [y
5 g H
] H
» 0 "
w
] H
g 0 60 80 m“ﬂ 20 40 60 80 05 20 40 60
T 8 e P

) ® ©





media/file2.jpg
Fault
Detection

Empirical Wavelet Transform

!
|

|

|

|

|

|

| ¥
| Fault Detection
|

|

|

|

|

|

|

Yy v

IMF2 IMF: IMFo

)

Fault Detection by
Modulus Maxima

Feature Extraction Based on

l

Local Energy in One Period I
(0.025) of Voltage Signal after 1
Fault Occurs 1
1

I

|

1

]
|
|
|
|
| k2
|
|
|
|

SVM Classification

v Fault
Fault types | Classification |






nav.xhtml


  sensors-17-02133


  
    		
      sensors-17-02133
    


  




  





media/file11.png
IMF1 IMF2  Voltage of A-phase(kV)

IMFo

500

-500

100

-100

500

-500

500

-500

2000 4000
sampling point(n)

(a)

-
<
)

n

<

=
| &
sa
ey
S

)
50

<
—
S
-

Fault

detection|
—
=
-

IMF1

IMFo

500

-500

100

-100

500

-500

500

-500

Fault trigger

Voltage of C-.phase(kV)

<« Fault
detection

IMEF2

—

IMF1

IMFo

2000 4000
sampling point(n)
b

500

-500

100

-100

500

-500

500

-500

Fault

detection

1

0

2000

sampling point(n)

(©)

4000





media/file6.jpg
vm H
e z
(L 1,
4|4 g 22 e
/ H i
,/m
ENEE 558
Ry
T H
m *
<
e i
Hi4 m‘wm‘.yr*+¢4w i
o |

gogscgg°ssegzoggoszoggogs g

S N S N N s
idiring






media/file24.jpg
£l Fault trgge] =100 Tl gged 100
3 3 H
1o i i
z b 5
N 2 s\
Zi00 § Z00
Fu S S0
E H H

o o <
H e g P

ocaion et

a0 o

50 0
B :° 5

50 10l s

00 10 -
c e s
H = =

-, ™~ 10

= w0 ' E R W

O T
Tt ) Tinne (ms)
® ©






media/file29.png
100

-

i
o
S

Voltage of A-phase(kV)
Ut

IMEF2

\

Faul trigger

Fault time
location

|

i)

0 20

60

Time (ms)

()

—
- -
-

Voltage of B-phase(kV)
[y
o S

IMEF2

au

igge

Fault time
location

20
(b)

4
Time (ms)

60

IMFo

-phase(kV)

eof C

Voltag

IMEF2

IMF1

100

-

-100

O]

-

-5
10

-10
100

-100

Fault trigger

Fault time
location

o by

0 20

60
Time (ms)

(c)

80





media/file1.png
Source-1 Busl Bus2  gouree-2
50020 kV < 100km > 500215 kV
B ]






media/file10.jpg
IMF: IMF: Voltage of A-phase(kV)

IMFo

0 2000
amplingpink)

sampling point(n)
®

- &
< 500 Tault tigger] = 50
e < %
T 5 o
3 5] Nl
S B0
] £
Fault e Fault e Fault
e oo, fonon
. E
0 2
- 0
b"""‘é o jys-—-g o i
0 0
suu =
/\/\/ = o
-
R N . RN

sampling point(n)
©





media/file7.png
IMF,

1
o\ — —
S OO o
SS e =

IMF,

-600
500

Magnitude(kV)

IMF,
-

Magnitude(kV)

0 1000

2000 3000

Sampling point(n)
(a)

4000

L

I

—

0 2000

Sampling point(n)
(c)

Magnitude(kV)

Magnitude(kV)

IMF¢
-

_ 100

DC
=

-100
200
Q0
=200
. 500
Q
20
-500

IMF,
-

IMF5
-

0 1000 2000 3000 4000
Sampling point(n)
(b)
L
r

—

-713-

T

4000

0 2000
Sampling point(n)
(d)





media/file16.jpg
IMFo S, S, S, S,

1 s

FST  FST+0.2T FST+0.4T FST+0.6T FST+0.8T FST+T
FST: Fault Starting Time; T: One Period Time

2 7






media/file3.png
Fault
Detection

Sampling
Three voltage

| Empirical Wavelet Transform |

(v, |

Fault Detection by
Modulus Maxima

— e e e e S s S S S S e e e e ]

I
|
I
I
I
I
|
| | Fault Detection |
I
I
I
|
I
I
I

Feature Extraction Based on
Local Energy in One Period
(0.02s) of Voltage Signal after
Fault Occurs

I
|
|
I
I
Y I
|
|
I

| SVM Classification |

v Fault
I Fault types I ClassificationJ






media/file22.jpg
2014/06/18 2014/06/18
15:46: 28. 060 16:46:28. 100

0.0 40.0
i i






media/file17.png
IMFo S S S S

1

FST  FST+0.2T FST+0.4T FST+0.6T FST+0.8T FST+T
FST: Fault Starting Time; T: One Period Time

2 7 8






media/file4.jpg
500 T T T T T T

Magnitude(kV)

Wiy 500 1000 1500 2000 2500 3000 3500 4000
Sampling point(n)
(@)
1 T T T T T T T
1
z 034 1
3 017 1
Zos 1
= A e R |
1
1
625 125 1875 25 315 375 43755 50

o Frequency (kHz)





media/file30.jpg
g0 < 100] 5 100)
g 3 S -
i A i H
E 12 0 2 0
= 2 aul trigger| 3
E B d
i Y 2

¥ Faulttimd 2 © s ¢ Faul ti
g o !

4, 4

M o
£ EX H

» 0 0

w o m
£, < <o

™ 0

e S e e S %
Tk Tk T

@ ® ©





media/file25.png
100

-phase(kV)
o

e of A
bIA
o
o

Voltag
—
-

IMF2
o

-10

50

Fault trigger

Fault time
location |

0 20 40 60 3

@)

Time (ms)

(a)

Voltagq of B-phase(kV)

IMPF2

IMF1

p—
-
o

= o
i

@)

-
o o

-10
100

TMFo
(a»]

-100

@)

Fault{rigger

Fault time
location

@)

40
Time (ms)

(b)

Voltage of C-pﬁase(kV)

TMF:

p—
-
o

= o
i

IMPF2

@)

ault

gger

Fault time

location

-

20

40
Time (ms)

(©)

60





media/file0.jpg
Source-1  Busl Bus2  source-2
500£0°'kV Fl;lookm;q 500£15°kV






media/file21.png
Class |
Class Il

Support vector

® > OPD

Support vector






