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Abstract: In order to improve the reliability and adaptability of single-phase-to-

ground fault line selection method in resonant grounding system, a line selection 

method is proposed based on the mixed model of 1D-Convolutional Neural Networks 

(1DCNN) and Long Short-Term Memory (LSTM).Based on the theoretical analysis of 

1DCNN and LSTM, the network model of 1DCNN-LSTM fusion is established. The 

original line zero sequence current sampling sequence is taken as the input, and 

1DCNN is used to adaptively extract the local fault characteristics of each line current, 

LSTM further conducts time sequence modeling of fault characteristics to realize 

single-phase grounding fault line selection. Experimental data analysis shows that the 

proposed method has higher accuracy and stability. 

 

Keywords: Fault line selection; resonant grounding system; one-dimensional 

convolutional neural network; long short-term memory network. 

 

1. Introduction 

When a single-phase ground fault occurs in a resonant grounding system, the fault 

current is weak due to the compensation of the ground fault current by the arc 

suppression coil, as well as the influence of fault conditions and external interference 

factors, which increases the difficulty of line selection [1-2]. The traditional line 

selection method [3-9] relies on expert experience and signal processing technology 

to extract fault features, and its generalization ability is weak. With the development 

of deep learning technology, fault line selection and diagnosis methods based on deep 

learning have become a research hotspot. Reference [10] uses wavelet analysis to 

convert fault zero-sequence current time domain into frequency domain grayscale 

image, and CNN adaptively extracts grayscale image features to realize fault line 

selection, but the fault signal needs to be intercepted in the process of time-frequency 

image conversion. , it is easy to lose fault information. Reference [11] uses a wide 
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convolution kernel to expand the receptive field of the 1DCNN model, learns spatially 

invariant features from the original zero-sequence current sequence, and adds batch 

normalization and dropout layers to the network to improve model generalization 

capability, but ignores the effect of time-dependent features in fault information. 

Reference [12] uses LSTM to study the timing characteristics of bearing vibration 

signals to realize bearing fault diagnosis. Reference [13] uses the improved LSTM to 

extract the time series features of the sensor sampling sequence to realize the sensor 

fault diagnosis of the chiller. LSTM has strong dynamic modeling ability for temporal 

correlation sequences, which can make up for the shortcomings of CNN. 

In view of the above analysis, this paper integrates 1DCNN and LSTM, uses 1DCNN to 

adaptively extract the spatial features of fault signals, and then uses LSTM to capture 

the dynamic timing characteristics of zero-sequence current to improve the line 

selection accuracy of single-phase grounding faults in resonant grounding systems. 

Through experiments, the effectiveness of the proposed method is proved. 

 

2. 1DCNN and LSTM theory 

2.1 1DCNN theory 

1DCNN is a deep neural network inspired by animal visual cognition system [14]. It is 

essentially a feature extraction framework with convolution operation as the core, 

including multiple alternating convolution layers and pooling layers, including multiple 

alternating volumes. The accumulation layer and the pooling layer use the local 

receptive field to adaptively extract the spatial features of the input data. The typical 

1DCNN structure is shown in Figure 1: 
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Figure 1. 1DCNN network structure  

Among them, the convolution layer extracts the local features of the input data 

through the convolution filter, and obtains the output feature vector through the 

activation function, and forms the output feature surface through the movement of 

the convolution filter. The mathematical model of the one-dimensional convolution 

feature map is: 

1( ) { ( ) }
ll l l

i i i iy j f j b   w x  (1) 
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In the formula, ( )l

ix j is the j-th local receptive field of the l-th layer;  represents the 

convolution operation; l

iw and l

ib represents the weight matrix and the corresponding 

bias vector of the i-th convolution kernel of the l-th layer respectively; 1( )l

iy j  is the i-

th output of the l-th layer The j-th eigenvector in the feature surface;  f  represents 

the activation function, and the ReLU function is usually used to improve the learning 

ability. 

After the convolution layer, the pooling layer reduces the dimension of the features 

extracted by the convolution, which can reduce the overfitting phenomenon and play 

the role of secondary feature extraction. Commonly used pooling methods are max 

pooling, average pooling and random pooling. This paper adopts max pooling, which 

extracts the maximum point in the local receptive field to simplify the calculation and 

obtain abstract spatial features. Its mathematical model is: 

1

( 1) 1
( ) max { ( )}l l

i i
j w n jw

H j y n

   


              (2) 

In the formula, w is the width of the receptive field of the pooling operation, ( )l

iy j is 

the value of the j-th neuron of the i-th feature surface of the l-th layer; 
1( )l

iH j
is the 

output feature vector of the l+1-th layer. 

2.2 LSTM theory 

In order to solve the long-term dependency problem in the sequence classification 

problem, Hochreiter et al. proposed a long-short-term memory (Long-Short Time 

Memory, LSTM) network [15],which introduced memory cells and gated memory cells 

in the hidden layer neurons to save historical information, control The flow of timing 

information. The LSTM unit structure is shown in Figure 2: 
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Figure 2  LSTM cell structure 

After the time series information is passed into the LSTM, it first passes through the 

forget gate, which determines the discarded part of the historical information. Its 

expression is: 

1( [ , ] )t f t t ff W h X b    (3) 

In the formula, -1th is the output of the unit at the previous moment; tX  is the input 
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at the current moment; tf  denotes the output of the forget gate; fW and fb  denotes 

the weight and bias, respectively. 

The input gate determines the information retained from the input information at the 

current moment, and its expression is: 

1( [ , ] )t i t t ii W h X b    (4) 

1( [ , ] )t t ttanh W h X b     (5) 

In the formula, ti  and t are the amount of memory cells flowing into the memory unit 

at the current moment, iW  and W , ib and b represent their respective weights and 

biases.  

After the update, the cell memory is: 

1t t t t tC f C i      (6) 

The output gate integrates the information of the memory unit, the current moment 

and the data of the previous moment, and its expression is: 

1( [ , ] )t o t t oO W h X b    (7) 

( )t t th O tanh C   (8) 

In the formula, tO  is the intermediate term and tC  to work together to obtain the 

output th , oW  and ob  are the corresponding weights and biases. 

2.3 2.3 1DCNN and LSTM fusion 

The convolution pooling of 1DCNN can filter the noise and unstable components in the 

fault signal, extract the spatial features of the fault signal, and with the increase of 

the network depth, the extracted features are more abstract, and the robustness with 

shift invariance in the original data is obtained. feature. LSTM relies on a special chain 

structure and a more refined internal processing unit to interact with the neuron state 

to realize the storage and update of important fault information. It can capture the 

long-term dependence of sequence features on the basis of 1DCNN extracting local 

features of fault signals. Further improve the robustness of the line selection model. 

 

3. Line selection method based on 1DCNN-LSTM 

3.1 1DCNN-LSTM model 

The network structure of the 1DCNN-LSTM fault line selection model is shown in Figure 

3. 
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Figure 3.  Network structure of 1DCNN-LSTM model 

The input terminal corresponds to the zero sequence current sequence of N lines I0-

L1  I0-LN（N3）. 1DCNN adopts the classic LeNet-5 structure [16]. It contains 3 one-

dimensional convolutional layers and 2 one-dimensional pooling layers. The 

convolution and pooling operations use zero padding, so that the extracted features 

maintain the original timing. After the samples are input into the network, feature 

extraction is performed by 1DCNN. From formula (2), the output feature vector of 

1DCNN is Hi. The Concat layer fuses the features extracted by 1DCNN, and its 

mathematical model is: 
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                (9) 

where represents the i-th output feature surface of the n-th 1DCNN; X is the input of 

the LSTM, and the dimension is . 

LSTM models the time series of the concatenated features to capture the long-term 

dependencies of the feature time series. Then the fully connected layer (FC) maps the 

features to Softmax for classification. The number of output nodes corresponds to the 

number of system feeders, and binary coding is used. For a resonant grounding 

system with N lines, there are N+1 output vectors, which are [1,0,0…0], [0,1,0…0]… 

[0,0,0…1], representing faulty lines L1, L2…LN and bus. 

3.2 1DCNN-LSTM model training algorithm 

The essence of network model training is to adjust the model weights and biases 

through multiple iterations to reduce the error between the model output and the ideal 

output, so that the network achieves the best classification performance. The correct 

choice of loss function and weight optimization algorithm can speed up network 

training time and reduce overfitting. In this paper, the cross-entropy loss function is 

used to calculate the error between the classification result and the true value. Its 

expression is: 
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1

= [ ln( ) (1 ) ln(1 )]
M

i i i i

i

E d y d y


     (10) 

In the formula, M is the batch size, di is the real value of the sample, and yi is the 

output value of the model. 

During the training process, the adaptive moment estimation optimization algorithm 

is used to update the network weights. The Adam optimization algorithm is an 

extension of the stochastic gradient descent algorithm. Adam designs independent 

adaptive learning rates for different parameters by computing the first and second 

moment estimates of the gradient. The calculation process is as follows: 
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             (11) 

In the formula, gt represents the gradient, mt and nt represent the first-order moment 

estimation and second-order moment estimation of the gradient,  and v are the decay 

rates of the moment estimation, mt and nt represent the unbiased estimation of the 

gradient expectation, and  is the initial learning rate, t represents the updated 

parameter. The hyperparameters of the Adam optimization algorithm take default 

values. 

3.3 Fault line selection process based on 1DCNN-LSTM 

The fault line selection process mainly includes the collection of fault data sets, model 

training and verification. The specific steps are as follows: 

(1) Determine the sampling frequency and sampling period, collect the zero-sequence 

current of each line under different fault conditions, generate fault samples, and divide 

them into training sample sets and test sample sets. 

(2) Establish a 1DCNN-LSTM model and determine its structural parameters, initialize 

the weights and biases of the model. 

(3) Input training samples, train the network model, and obtain the error between the 

model output and the ideal target through forward propagation. 

(4) Determine whether the network model is converged, if the model converges, go 

to step (6), otherwise go to step (5). 

(5) Error backpropagation and weight optimization, use Adam algorithm to update 

weights, and repeat steps (3) to (5) until the model converges. 

(6) Take the test sample as input, use the test sample to test the accuracy of the 

model, and determine whether the accuracy meets the requirements, if the 

requirements are met, perform step (7), otherwise continue to perform (3) to (5). 
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(7) Save the model for single-phase grounding fault line selection in the resonant 

grounding system. 

 

4. Simulation and experiment 

4.1 Simulation model 

Matlab/Simulink is used to establish the simulation model of the schematic diagram of 

the resonant grounding system as shown in Figure 4. There are 5 outgoing cables on 

the bus, among which L1 L3 are pure cable lines, L4 and L5 are overhead hybrid 

lines of cables, and the compensation degree of the arc suppression coil is 8%. The 

line parameters per unit length are shown in Table 1 [17]. 
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Figure. 4  Wiring diagram of resonant grounding system 

 

Table.1  Line parameters per unit length 

line type 

resistance (/km) inductance (mH/km) capacitance (F/km) 

positive 

sequence 

zero 

sequence 

positive 

sequence 

zero 

sequence 

positive 

sequence 

zero 

sequence 

Overhead lines 0.170 0.320 1.017 3.560 0.115 0.0062 

cable 0.27 2.7 0.255 1.109 0.376 0.276 

 
4.2 Sample set generation 

ccording to the schematic diagram of the resonant grounding system shown in Figure 

4, there are six types of ground faults including L1L5 and busbars. Considering that 

the line selection accuracy is affected by factors such as fault distance and grounding 

resistance, the factors considered in the simulation: 1) Fault distance: 20%, 40%, 

60%, 80% of the line length; 2) Grounding resistance: 10、100、200、500、

1000; 3) Fault phase: A phase, B phase, C phase; 4) Initial fault phase: 0°, 30°, 45°, 

60°, 90°, a total of 1800 failure situation. The sampling frequency is 8kHz, and the 

zero-sequence current of the outlet circuit within two cycles after the fault is collected. 

The dimension of each sample is 5400, and the dimension of the data set is 

54001800. The data set is randomly divided into training according to 4:1 set and 

test set. 
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4.3 Experimental results and analysis 

The model in this paper is built through the keras2.2.4 framework, with tensorflow-

gpu 1.14.0 as the backend, and the development environment is python3.7.0. The 

network model is trained and tested using the sample set saved by Matlab/Simulink 

simulation, and the network structure of 1DCNN is adjusted on the basis of the LeNet-

5 network. 

 Training Results and Analysis 

Network training parameter settings: the batch size is 5, the initial learning rate of the 

Adam algorithm is 0.001, and the maximum number of iterations is 40. The network 

structure parameters finally determined after many experiments are shown in Table 

2. where C1 and S1 represent the convolutional layer and the pooling layer, 

respectively, 1 5-32 represents 32 convolutional filters of size 1 5, and 1 396-32 

represents that the output of this layer is 32 vectors of 1 396 . Under this network 

structure and parameters, the training accuracy and loss curve of the network are 

shown in Figure 6: 

Table.2  The network structure parameters 

网络结构 
1DCNN1 1DCNN2 1DCNN3 1DCNN4 1DCNN5 步

长 参数 输出 参数 输出 参数 输出 参数 输出 参数 输出 

Input 1400 1400 1400 1400 1400 - 

C1 
15-

32 
1396-32 

15-

32 
1396-32 

15-

32 
1396-32 

15-

32 
1396-32 

15-

32 
1396-32 1 

S1 12 1198-32 12 1198-32 12 1198-32 12 1198-32 12 1198-32 1 

C2 
13-

32 
1196-32 

13-

32 
1196-32 

13-

32 
1196-32 

13-

32 
1196-32 

13-

32 
1196-32 1 

S2 12 198-32 12 198-32 12 198-32 12 198-32 12 198-32 1 

C3 
13-

32 
196-32 

13-

32 
196-32 

13-

32 
196-32 

13-

32 
196-32 

13-

32 
196-32 1 

Concet 196-160 - 

LSTM 120 96 

LSTM 120 96 

FC 100 - 

Output 6 - 
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Figure 5.  The training accuracy and loss value curve 

It can be seen from Figure 5 that the model starts to converge when the number of 

iterations reaches 30, and gradually becomes stable, the minimum value of the loss 
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function is 0.0018, and the accuracy rate of the training set reaches 100%. It can be 

seen that the model has achieved good training results. After saving the model, it is 

verified with test samples, and the accuracy of the test set is 99.8%. It shows that 

the network structure has good generalization ability for single-phase grounding fault 

line selection in resonant grounding system. 

 Comparison of different line selection methods 

In this paper, a simulation comparison study is carried out based on the 1DCNN-LSTM 

line selection method, the 1DCNN line selection method and the BP neural network 

feature fusion method. The experimental results are shown in Figure 6 and Table 3. 
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Figure 6.  Accuracy of test dataset in comparative experiment 

 

Table.3  Average accuracy of test dataset in comparative experiment 

Line selection method average accuracy % 

1DCNN-LSTM  99.8 

1DCNN  95.3 

Traditional BP network 

feature fusion 
80.1 

As can be seen from Figure 6 and Table 3, due to the lack of adaptability of the 

traditional manual extraction of fault features, the generalization ability of the line 

selection method is weaker than that of the deep learning method based on adaptive 

feature extraction; the line selection method based on 1DCNN-LSTM fusion is similar. 

Compared with the single 1DCNN line selection method, the accuracy rate is increased 

by 4.5%, because the 1DCNN is more sensitive to the spatial local features of the fault 

information, but lacks adaptability to the dynamic time series features, and the LSTM 

has efficient focus on the data time series relationship. , making full use of the 

spatiotemporal features in the fault information, and further improving the robustness 

and accuracy of the line selection model. 

Anti-interference analysis 

During the operation of the actual power distribution system, due to the influence of 
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various interference sources of transient zero-sequence current collected on site, the 

low signal-to-noise ratio increases the difficulty of fault line selection, and the accuracy 

rate will be affected to a certain extent. To improve the anti-noise performance of the 

method, white noise is added to the sample set in this paper. The experimental results 

are shown in Table 4. 

Table.4  Accuracy of test dataset on different SNR 

signal to noise ratio /dB Accuracy/% 

20dB 98.2 

30dB 98.7 

50dB 99.3 

It can be seen from the test results that with the decrease of the signal-to-noise ratio, 

the line selection accuracy of the network model decreases. When the signal-to-noise 

ratio is 20dB, the accuracy of the test set is the lowest, which is 98.2%, which is 1.6% 

different from that when there is no noise, but the decrease range is It can be seen 

that the line method proposed in this paper has good anti-noise performance. 

 

5. Conclusion 

This paper proposes a fault line selection method based on 1DCNN-LSTM. On the one 

hand, 1DCNN is used to perform adaptive feature extraction on the original data to 

form a deep distributed feature representation of the fault signal; on the other hand, 

LSTM is used to capture the time-series features in the fault evolution process and 

make full use of the fault information. This method avoids the loss of fault information 

caused by manual feature extraction, and at the same time makes up for the 

insufficiency of 1DCNN in processing time series information. The experimental results 

show that the method can achieve high-precision line selection under different fault 

conditions. Compared with the traditional BP network feature fusion and 1DCNN model, 

the line selection accuracy and generalization ability are higher, and it has strong anti-

interference ability. 
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