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Abstract

:

Under the low voltage ride through (LVRT) control strategy, the inverter interfaced distributed generation (IIDG) needs to change the output mode of the inverter according to the voltage of the connected nodes. The short-circuit current is related to the system rated capacity, network short-circuit impedance, and distributed power output. So, based on the deep learning algorithm, a predicting method of the voltage drop is proposed. By predicting the voltage of connected nodes, the output mode of IIDG can be determined based on the LVRT control. Thus, the fault calculation model of IIDG is accurately established. Compared with the three-phase asymmetric Gaussian fault calculation method, the proposed method can achieve fault calculation accurately. Finally, a case study is built to verify the effectiveness of the proposed method. The results indicate that the proposed method can make accurate voltage prediction and improve the computation speed of the fault calculation.
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1. Introduction


The control strategy of inverter interfaced distributed generation (IIDG) has a decisive influence on the characteristics of the fault current, which will become more complicated when considering the low voltage ride through (LVRT) control strategy. According to the requirements of LVRT, the IIDG needs to adjust its control strategy among constant power, fault ride-through, and off-grid. The voltage drop of the connected nodes is different under different control strategies [1]. The level of voltage drop at the connected nodes is related to different fault types and fault locations [2]. In [3], the detailed characteristics of IIDG under different control conditions were analyzed, and the IIDG control output mode can be adjusted to meet LVRT. In the case of system fault, the voltage of the IIDG connected nodes will drop sharply caused by the increase of short-circuit current. At this time, according to the degree of voltage drop the original control mode of IIDG may not meet its LVRT, so different control modes need to be selected. Therefore, the prediction of the degree of voltage drop at the connected nodes, can simplify the fault calculation procedure, by directly providing the control method of the inverter during the fault calculation. However, the different output modes of IIDG under the LVRT control strategy have different supporting effects on the voltage of connected nodes, especially when the IIDG is connected in high density. Due to the control characteristics of IIDG and the distribution of IIDG in distribution network, so it is difficult to build a determined model of the fault current.



The voltage drop problem is well studied in terms of the cause of voltage drop and its propagation characteristics. In the recent research on the voltage drop of a traditional power system, the evaluation method could be divided into two categories: real-time monitoring and random prediction.



(1) The real-time monitoring method is restricted by the monitoring level, so its applications in the power system are restricted [4,5]. In [6], the fault point was regarded as a new virtual node. By calculating the self-impedance and mutual impedance between virtual nodes and related nodes, the node impedance matrix of the system was expanded, and short circuit fault is set to analyze voltage sag. In [7], a method for voltage amplitude interval estimation was proposed based on the information of an existing data acquisition system in a low voltage distribution network. In [8], in order to realize the rapid and reasonable prediction of the loss results in the early stage of the event, a voltage sag economic loss prediction model was proposed based on the information distribution and diffusion theory, which used the sag monitoring information.



(2) For the random prediction method of voltage drop, relevant studies mainly focus on the prediction of each node, under the short-circuit fault of the traditional transmission and distribution network. The critical distance method was first proposed by Bollen [5,6]. It had the advantages of simple principles and fast calculation speed. The authors in [9] proposed a method of voltage drop prediction for the ring network based on the traditional critical distance method. However, the critical distance method was weak in the randomness, and this method was only suitable for voltage prediction under symmetrical faults in simple networks. The analytical method [10] can make a good assessment of the system voltage drop level under single or multiple faults. However, this method usually ignored the influence of fault impedance, which leaded to poor evaluation accuracy. The authors in [11,12] introduced the probability method to estimate the voltage drop level in detail. This method was based on the characteristics of Monte Carlo simulation, according to a small amount of system component failure probability information.



However, the above methods are aimed at the traditional transmission and distribution network. In the distribution network containing IIDG, the prediction of the voltage drop needs to be further studied.



In traditional fault calculation, IIDG is generally regarded as the source of PQ and brought it into iterative calculation. However, the output characteristics of IIDG are determined by the LVRT control strategy [13]. So, diversification of control schemes adopted by IIDGs leads to the randomness of the fault current [14]. When LVRT is taken into account, the change of control strategy and the output of IIDG need to be considered. Therefore, the influence of LVRT control strategy needs to be considered in the distribution network fault calculation. When the distribution network fails, the magnitude of the fault current and the contribution of IIDG to the fault current need to be accurately analyzed. The fault current of IIDG depends on the control strategy adopted in the case of grid fault [15,16]. Moreover, the relationship among ride through time and short-circuit current is studied, and the short-circuit response of IIDG under different fault conditions was analyzed. In [17], a more accurate IIDG current estimation model based on the Gauss–Seidel method that considered the control strategy at the moment of fault was established. Moreover, the authors proposed a novel faulty feeder detection approach which used the zero-sequence current space relative distance. Based on analyzing the effect of reactive power supplied by IIDG to the point of common coupling (PCC) voltage, an adaptive voltage support control strategy was proposed to enhance the fault ride-through capability of IIDG [18]. The authors in [13] developed a fault model of IIDGs within a low-voltage microgrid, including active/reactive power (PQ)-controlled IIDGs and voltage-controlled IIDGs. In [19,20,21,22], a control strategy was proposed to improve the LVRT capability, and reduce active power oscillations, which was marked as the most important control objectives of IIDG during unbalanced voltage sags. In [18], the different control strategies of PQ control IIDG were analyzed, and adjustable parameters were introduced into the model to reflect its fault characteristics as comprehensively as possible. However, it was only applicable to the analysis of a single IIDG, and no analysis was made for the grid connection of IIDG. In [23], a more accurate mathematical equivalent model of IIDG considering IIDG control strategy was established, and the profile characteristics of positive sequence voltage at each point of common coupling were studied. On this basis, a real-time fault current contribution estimation algorithm and a new virtual multi terminal current differential protection scheme was proposed. Even if the LVRT control strategy is considered, the fault calculation only continuously corrects the output of IIDG and incorporate it into the iteration. The output mode of LVRT control was not considered, which is given by the prediction of the voltage of the connected nodes.



Due to the uncertainty of its output, new energy power generation will have a significant impact on the stability of power grid when it is connected to the grid in high-permeability [24]. For the deep learning application in distribution network, the authors in [25] proposed a new prediction framework based on RNN which has better performances when predicting via various time level. Reference [26] proposed a method using DBN to forecast the output of wind power, and accuracy improvement was achieved. In [27], a stacked denoising method was proposed to forecast wind power, and the bat algorithm was used to determine the hyper-parameters of network.



The main contributions of this paper to the research field are as follows.



	(1)

	
A forecasting method of the connected nodes voltage is proposed based on the deep learning method. By appropriate and simulation data, BP (back propagation) neural network algorithm is applied to establish the relationship among the connected node voltage, system rated capacity, network short-circuits impedance and distributed power output.




	(2)

	
Based on the proposed forecasting method, in order to achieve LVRT, a fault calculation method is proposed based on the prediction of the voltage of connected nodes. Compared with the traditional methods, the output mode of IIDG can be identified based on the voltage drop. In order to achieve LVRT, the output of IIDG can be determined. So, calculation speed is improved.




	(3)

	
Based the IEEE 13 system, a study case is built to verify the effectiveness of the proposed methods. Comparing the simulation results of DIgSILENT, the proposed method can realize the accurate calculation of the voltage drop and fault calculation.




	(4)

	
The structure of this paper is as follows. Section 2 analyses the connected nodes voltage under different working conditions. Section 3 introduces the method of voltage prediction based on deep learning. The effectiveness of the proposed method is verified in Section 4. Section 5 concludes the paper.








2. Analysis of Connected Nodes Voltage under Different Working Conditions


In the fault calculation of the distribution network, the output mode of LVRT control needs to be given according to the degree of voltage drop at the connected nodes. The traditional fault calculation method of LVRT requires to correct the output power of IIDG iteratively according to the voltage of the connected nodes, which is quite complicated.



As shown in Figure 1, the voltage of the connected nodes can be expressed as:


   U  P C C   =  I f  ·  Z =   (   I S  +  I  IIDG    )  Z =  (   E   Z  net   +  Z 1  +  Z 2  +  Z  flt     +  I  IIDG    )  Z  



(1)




where UPCC is the voltage of the IIDG connected nodes and Z is the equivalent impedance from the connected nodes to the short-circuit point.



According to Equation (1), it can be seen that the voltage of connected nodes is related to the equivalent impedance of the system, the short-circuit impedance, and the short-circuit current provided by IIDG. The equivalent impedance of the system is related to the rated capacity of the system. Generally, the higher the system capacity is, the lower the equivalent impedance of the system will be, and the higher voltage of connected nodes will be. The higher the short circuit impedance of the system is, the lower the voltage of connected nodes will be. The higher the current provided by IIDG is, the higher the voltage of connected nodes will be. Therefore, the voltage of connected nodes is related to the capacity of the system, the system short-circuit impedance, and the output of IIDG. Accordingly, this paper proposes to use the relationships between the system rated capacity, system short-circuit impedance, IIDG output, and the voltage of the connected nodes to estimate the voltage. Thus, the IIDG output mode can be precisely determined.




3. Voltage Prediction Based on Deep Learning


3.1. BP Neural Network Algorithm


The BP neural network is a kind of multi-layer feedforward neural network, which is characterized as forward propagating the signal and back propagating the error. During the forward propagation, the input is processed layer by layer from the input layer, through the hidden layer, and the output layer. The neurons in the next layer are only related to the state of neurons in forward layer. If the output of the output layer does not meet expectations, it will switch to back propagation, and adjust the weights of the network based on the prediction error, until the predicted output of the BP neural network will continuously approach the expected output. This section introduces the single-hidden layer BP neural network algorithm as an example, and its topology is shown in Figure 2.



The input vector in Figure 2 is X = (x1, …, xi, …, xn)T. The output vector of hidden layer is Y = (y1, …, ym)T. The output vector of the output layer is O = (o1, o2, …, ok, …, ol)T. The expected output vector is d = (d1, d2, …, dk, …, dl)T. The weight between the input layer and the hidden layer is represented by matrix V, V = (V1, V2, …, Vj, …, Vm)T, where Vj is the weight vector corresponding to the jth iteration neuron in the hidden layer. The weight between the hidden layer and the output layer is represented by matrix W, W = (W1, W2, …, Wk, …, Wl)T, where Wk is the weight vector corresponding to the kth neuron in the output layer. For the single hidden layer BP algorithm shown in Figure 2, the relationship between the signals of each layer is as follows:



For the output layer:


   o k  = f  (  n e  t k   )    k = 1 , 2 , ⋯ , l  



(2)






  n e  t k  =   ∑  j = 0  m    w  jk    y j      k = 1 , 2 , ⋯ , l  



(3)







For the hidden layer:


   y j  = f  (  n e  t j   )    j = 1 , 2 , ⋯ , m  



(4)






  n e  t j  =   ∑  i = 0  n    v  ij    x i      j = 1 , 2 , ⋯ , m  



(5)







In Equations (2) and (4), the activation function can adopt unipolar sigmoid function, bipolar sigmoid function, or linear function as required.



When the network output is not equal to the expected output, there is an output error E, which is defined as follows:


  E =  1 2    ∑  k = 1  l      {   d k  − f  [    ∑  j = 0  m    w  jk   f  (  n e  t j   )     ]   }   2    =  1 2    ∑  k = 1  l      {   d k  − f  [    ∑  j = 0  m    w  jk   f  (    ∑  i = 0  n    v  ij    x i     )     ]   }   2     



(6)







It can be seen from Equation (6) that the network output error is a function that depends on the weights wjk and vij of each layer. So, reasonable weights can satisfy the requirement of error.



Obviously, more specific calculation formulas for weight adjustment are required when performing error adjustment, as shown below:


   {    Δ  w  jk   = η  δ k o   y j  = η  (   d k  −  o k   )   o k   (  1 −  o k   )   y j      Δ  v  ij   = η  δ j y   x i  = η  (    ∑  k = 1  l    δ k o   w  jk      )   y j   (  1 −  y j   )   x i       



(7)




where,    δ k o    and    δ j y    are the error signals of the output layer and the hidden layer respectively and η is the learning rate, which is within (0, 1].



The larger the learning rate η is, the larger the weight adjustment will be, and the faster network learning will be. However, too large a learning rate η will cause overfitting, while too small a learning efficiency η will slow the convergence in the learning process and make the prediction result difficult to stabilize. The variable learning rate method could be exploited in BP neural network to ameliorate the impact of the too small or too large learning rate on the training process. To realize this, the learning rate η at the beginning of the training is relatively large, making the training process converge quickly. In the following iterations, η keeps decreasing, making sure the calculation is stable. The formula for calculating the learning rate is as follows:


  η  ( i )  =  η  max   − i ·    (   η  max   −  η  min    )   /   i  max      



(8)







In Equation (8), ηmax is the maximum learning rate; ηmin is the minimum learning rate; imax is the maximum number of iterations; i represents the i-th iteration of the training process.



Generally, it is necessary to normalize the training data in the training process. The purpose of the data normalization process is dimensionless treatment, by different processing methods. There are mainly two methods for data normalization:




	(1)

	
Maximum and minimum method, which is as follows:











   x k  =    (   x k  −  x  min    )   /   (   x  max   −  x  min    )     



(9)




where xmin is the smallest value of the data; xmax is the largest value. Further, by the data normalization process, all data are redefined between [0, 1].



	(2)

	
Mean-variance method, which is as follows:









   x k  =    (   x k  −  x  mean    )   /   x  var      



(10)




where xmean is the mean value of the samples for each variable; xvar is the variance of the data series.



The predicted results are normalized. So, in order to get the original data, it is also necessary to de-normalize the predicted output data. The de-normalization process is opposite to the normalization process.



Due to the current-limiting characteristics of IIDG, the output short-circuit current may be limited. Therefore, the voltage drop mainly depends on the rated capacity of the system and the system short-circuit impedance at the time of failure. The data of system rated capacity, system short-circuit impedance, IIDG output, and the voltage of connected nodes are imported to software MATLAB 2020a, and trained by BP neural network algorithm. Finally, if the error of the estimated results is allowable, the estimated value will be printed. This process is shown in Figure 3.




3.2. Calculation of Distribution Network Faults Considering Voltage Prediction


In traditional fault calculation, IIDG is generally regarded as the source of PQ. Even if the LVRT control strategy is considered, the fault calculation only continuously corrects the output of IIDG and incorporates it into the iteration, without considering the output mode of the LVRT control through the prediction of the voltage of the connected nodes. The output characteristics of IIDG are determined by the LVRT control strategy. When the system needs to meet LVRT, the change of control strategy and the output of IIDG need to be considered. Therefore, the influence of LVRT control strategy of IIDG needs to be considered in the fault calculation. So, when the distribution network fails, considering the contribution of IIDG the magnitude of the fault current need to be accurately analyzed.



Although the different types of IIDG have different LVRT specifications, their control strategies with LVRT are similar. When the distribution network fails, the voltage magnitude is used as reference variable to determine whether the IIDG enters the LVRT mode. Then, the reference value of the reactive current is calculated and the output reactive power of the IIDG adjusted. Moreover, the reference value of the active and reactive currents of the inverter in LVRT mode is then given by the predicted voltage of connected nodes. Thereby, the calculation speed is increased.



The node voltage equation of the distribution network after a three-phase short circuit is:


     I f   •  =  Y f  ∗    U n   •   



(11)







At the k-th iteration, the three-phase injection current at each node is:


     I i   •  =    P i  + j  Q i       U i   •     



(12)







At the k+1-th iteration, the three-phase injection current of each node is:


     I  i  . k + 1     •  =  Y f  ∗    U i   •   



(13)







Based on the above three-phases asymmetric distribution network fault calculation method, the voltage prediction method of connected nodes is proposed to provide a more accurate output mode for the LVRT control of IIDG. The specific calculation steps are as follows:




	
Calculate the voltage of each connected node and determine the output mode of IIDG under the control of LVRT. In this calculation process, IIDG is regarded as the PQ source.



	
Calculate the node admittance matrix Yf of the distribution network.



	
Get the initial voltage value U0 and phase angle θ0 at each node of the distribution network.



	
Calculate the injection current Ii at each node.



	
Calculate the node voltage Uik at kth iterations by Ii = Yf* Ui.



	
Calculate the k+1-th injection current by Ii.k + 1 = (P + jQ)/Ui.k.



	
Judge whether the corresponding voltage magnitude of the two adjacent iterations meet the convergence condition, |∆U| ≤ ε. If it meets, the calculation is done. Otherwise, repeat steps 4–6.








According to the flow chart above, the flow chart of fault calculation of distribution network considering LVRT is shown in Figure 4.





4. Case Analysis


The DIgSILENT/PowerFactroy 15.2 simulation software is used to build a 13-node system with a voltage level of 10.5 kV in this paper, as shown in Figure 5, and the specific parameters shown in Table 1. The parameter specifications are shown in Table 1. The data of voltage, system rated capacity, system short-circuit impedance, and IIDG output are collected. Bus 4, 8, and 10 are the IIDG connected nodes. The simulated data are imported into MATLAB and trained by multi-hidden-layer BP neural network algorithm to predict the voltage of connected nodes in different situations. The correctness and effectiveness of the proposed method is verified. The input data, expected output data, predictive output, and other data have been normalized using Equation (8) before the training, in order to improve the accuracy of model prediction and the speed of convergence.



This paper focuses on the prediction of the voltage of connected nodes, under different three-phase short-circuit conditions. Due to the current-limiting effect of the inverter, the voltage drop depends on the rated capacity and the short-circuit impedance. So, the power output of IIDG is added to meet the requirement of the setting value to improve the accuracy of the prediction.



4.1. The Relationship between S, Z, P, and the Voltage of the Connected Nodes


By analyzing the relationship among the rated capacity, short-circuit impedance, and the voltage of the connected node, the activation function of the BP neural network algorithm is determined. Moreover, the output mode of LVRT is accurately selected by the predicted voltage when the distribution network fails. Thus, the speed of the fault calculation is improved.



The short-circuit node in the aforementioned simulation is Bus 13. With constant system short-circuit impedance and IIDG output, the voltages at three connected nodes, under different system rated capacity are simulated and presented in Table 2. In order to more intuitively express the rule of the voltage of connected nodes changing with the rated capacity of the system, the simulated data are also visualized in Figure 6.



It can be seen from the results shown in Table 2 and Figure 6 that, with the increasing of the system rated capacity, the voltages of IIDG connected nodes also increase when system short-circuit impedance and the IIDG output are constant.



Keeping system rated capacity and IIDG output constant, the voltages of all connected nodes, with different system short-circuit impedance, are simulated and recorded, which are shown in Table 3 and visualized in Figure 7.



It can be seen from Table 3 and Figure 7, with the increasing of the system short-circuit impedance, the voltages of connected nodes also increase when the system rated capacity and IIDG output are constant.



Keeping system rated capacity and short-circuit impedance constant, the voltages at the three connected nodes with different IIDG outputs are simulated and recorded, which are shown in Table 4 and Figure 8.



It can be seen from Table 4 and Figure 8 that, with the increasing of the IIDG output. the connected nodes voltages also increase when the system rated capacity short-circuit impedance of the system are constant. From Table 4 and Figure 6, it could be concluded that the inverter outputs at different locations are not the same with the increase of IIDG output. The closer the IIDG is to the short-circuit point, the easier its output is to reach the threshold. Moreover, the increase of the voltage of the connected nodes is not obvious.



It can be seen from Figure 6, Figure 7 and Figure 8 that, under the independent action of the system rated capacity, network short-circuits impedance, and IIDG output, there is an approximate positive or negative correlation with the corresponding voltage of connected nodes. Among them, the rated capacity of the system is approximately proportional to the voltage of the IIDG connected nodes. The relationship between system short-circuit impedance and the voltage of connected nodes is approximately proportional. The IIDG output will raise the voltage of connected nodes, and its relationship with the voltage of connected nodes is approximately proportional.



It can be seen from Figure 6, Figure 7 and Figure 8 that the voltage of the connected nodes is approximately proportional with the rated capacity of the system, the short circuit impedance and the IIDG output. So, the BP neural network with double hidden-layer is applied to achieve the voltage prediction. The input of the neural network is the rated capacity of the system, the short circuit impedance and the IIDG output. Moreover, the output of the neural network is the voltage.




4.2. Analysis of Connected Nodes Voltage Prediction


In this paper, the normalization of the BP neural network function is realized using Equation (9), and the purelin function is used as the activation function. Through 21 groups of data for deep learning, the voltages at connected nodes under different short-circuit conditions are predicted. First, the voltages at the connected nodes are predicted when three-phase short -circuit occurs at Bus6. Since IIDG2 and IIDG3 are located downstream of the short-circuit point, the voltages of the connected node 2 and node 3 will not be predicted. The predicted results of node 1 are shown in Figure 9. Then, the voltages at connected nodes are predicted when three-phase short-circuit occurs at Bus12, which are shown in Figure 10, Figure 11 and Figure 12. In these figures, the black solid line represents the predicted voltages of connected nodes, using deep learning method, and the blue dotted line represents the simulated voltages of connected nodes. The errors between prediction and simulation results are shown in Figure 13.



The prediction results and simulation results of the voltages of the connected nodes are compared under different short-circuit conditions which are shown in Figure 13. It shows that the maximum error of the proposed method is 0.0054 p.u., and the inverter output mode can be selected selection accurately under the LVRT control strategy. Therefore, in the fault calculation of the distribution network, the voltage prediction method based on deep learning proposed in this paper can be used to accurately provide the output mode of the inverter LVRT control strategy.




4.3. Analysis of Distribution Network Faults Calculation Considering Voltage Prediction


The IEEE 13 bus system is still used in this section, and the short-circuit point is Bus13. First, the voltages of connected nodes are predicted. Then the short-circuit calculated results are compared with simulated results from DIgSILENT 15.2, which are shown in Table 5. The calculation errors of two groups of data are shown in Figure 12.



It can be seen from Table 5 and Figure 14 that the maximum calculation error of the voltages is 22.321 V. It is in the allowable range and meets the requirements of general fault calculation.





5. Conclusions


This paper analyzes the relationship among the connected node voltage, system rated capacity (S), network short-circuits impedance (Z), and distributed power output (P). The following are some major findings:




	(1)

	
Based the deep learning, a BP neural network model with a linear activation function is established to train the simulated datasets. Then the predicted results under different short-circuit scenarios are compared with DIgSILENT output. The proposed method can more accurately predict the voltage of the connected node. The effectiveness of the proposed method is verified.




	(2)

	
Based on the prediction of the voltage, the IIDG output mode during fault calculation can be selected to meet LVRT accurately. Compared with the traditional fault calculation, the proposed method can simplify the calculation process.









In future studies, the relationship between the positive and negative sequence voltage of the connected nodes and S, Z, and P will be considered to realize the LVRT control targets of negative sequence current injection, negative sequence voltage compensation, and reactive power support under asymmetric faults.
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Figure 1. Distribution network diagram with IIDG. 
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Figure 2. Topological structure of BP neural network. 
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Figure 3. Flow chart of voltage prediction of connected nodes based on deep learning. 
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Figure 4. Flow chart of distribution network fault calculation considering LVRT. 
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Figure 5. IEEE 13 bus system diagram with IIDG. 






Figure 5. IEEE 13 bus system diagram with IIDG.



[image: Symmetry 13 01086 g005]







[image: Symmetry 13 01086 g006 550] 





Figure 6. The regular chart of UPCC changing with rated capacity of the system. 
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Figure 7. The regular chart of UPCC changing with short circuit impedance. 
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Figure 8. The regular chart of UPCC changing with power of IIDG. 
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Figure 9. The voltage of UPCC when three-phase short circuit occurs at Bus6. 
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Figure 10. The voltage of UPCC1 when three-phase short circuit occurs at Bus12. 






Figure 10. The voltage of UPCC1 when three-phase short circuit occurs at Bus12.



[image: Symmetry 13 01086 g010]







[image: Symmetry 13 01086 g011 550] 





Figure 11. The voltage of UPCC2 when three-phase short circuit occurs at Bus11. 
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Figure 12. The voltage of UPCC3 when three-phase short circuit occurs at Bus12. 
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Figure 13. Errors between predicted and simulated voltages. 
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Figure 14. Difference diagram between fault calculation results and simulation results. 
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Table 1. Line Parameters.






Table 1. Line Parameters.





	Branch
	from Bus
	to Bus
	R (Ω)
	X (H)





	Line 1
	1
	2
	0.0922
	0.0477



	Line 2
	2
	3
	0.493
	0.2511



	Line 3
	3
	4
	0.366
	0.1864



	Line 4
	4
	6
	0.3811
	0.1941



	Line 5
	6
	7
	0.319
	0.107



	Line 6
	7
	8
	0.7114
	0.2351



	Line 7
	8
	10
	0.703
	0.340



	Line 8
	10
	12
	0.3744
	0.1238



	Line 9
	12
	13
	0.468
	0.155



	Line 10
	4
	5
	0.0112
	0.0086



	Line 11
	7
	9
	0.0112
	0.0086



	Line 12
	8
	11
	0.0112
	0.0086
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Table 2. Simulation data of system rated capacity and UPCC.
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	System Rated Capacity (MVA)
	The Voltage of Node 4 (kV)
	The Voltage of Node 8 (kV)
	The Voltage of Node 10 (kV)
	System Rated Capacity (MVA)
	The Voltage of Node 4 (kV)
	The Voltage of Node 8 (kV)
	The Voltage of Node 10 (kV)





	150
	7.26843
	3.9248
	2.14587
	205
	7.45517
	4.03003
	2.19529



	155
	7.29079
	3.9362
	2.15179
	210
	7.46734
	4.02624
	2.19852



	160
	7.31178
	3.9469
	2.15734
	215
	7.47894
	4.03216
	2.2016



	165
	7.3315
	3.95696
	2.16256
	220
	7.49002
	4.03782
	2.20453



	170
	7.35012
	3.96645
	2.16748
	225
	7.50061
	4.04323
	2.20734



	175
	7.36767
	3.9754
	2.17213
	230
	7.51074
	4.0484
	2.21003



	180
	7.38426
	3.98386
	2.17652
	235
	7.5202
	4.05335
	2.2126



	185
	7.39905
	3.99186
	2.18067
	240
	7.52974
	4.0581
	2.21507



	190
	7.41484
	3.99945
	2.18461
	245
	7.53866
	4.06265
	2.21744



	195
	7.42897
	4.00666
	2.18835
	250
	7.54715
	4.06702
	2.21971



	200
	7.44239
	4.01351
	2.19191
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Table 3. Simulation data of short circuit impedance and UPCC.
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	The Short Circuit Impedance (Ω)
	The Voltage of Node4 (kV)
	The Voltage of Node8 (kV)
	The Voltage of Node10 (kV)
	The Short Circuit Impedance (Ω)
	The Voltage of Node4 (kV)
	The Voltage of Node8 (kV)
	The Voltage of Node10 (kV)





	4.23833713
	7.86014
	4.22706
	2.3309
	4.39390062
	7.94175
	4.43251
	2.56791



	4.25247927
	7.86772
	4.24615
	2.32748
	4.40804276
	7.94897
	4.45067
	2.59153



	4.2666214
	7.87527
	4.26516
	2.35181
	4.42218489
	7.95616
	4.46875
	2.61506



	4.29029865
	7.88278
	4.2841
	2.3761
	4.43632703
	7.96332
	4.48675
	2.6385



	4.29490567
	7.89027
	4.30295
	2.40034
	4.45046916
	7.97045
	4.50466
	2.66185



	4.30904781
	7.89773
	4.32172
	2.4245
	4.4646113
	7.97754
	4.52249
	2.68512



	4.32318994
	7.90515
	4.3404
	2.4486
	4.47875344
	7.98461
	4.54024
	2.7083



	4.33733208
	7.91254
	4.35889
	2.47262
	4.49289557
	7.99165
	4.5579
	2.73138



	4.35147421
	7.91898
	4.3775
	2.49657
	4.50703771
	7.99865
	4.57549
	2.75438



	4.36561635
	7.92721
	4.39592
	2.52043
	4.52117984
	8.00563
	4.59299
	2.77727



	4.37975849
	7.9345
	4.41426
	2.54421
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Table 4. Simulation data of UPCC and power of IIDG.
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	Power of IIDG (MW)
	The Voltage of Node4 (kV)
	The Voltage of Node8 (kV)
	The Voltage of Node10 (kV)
	Power of IIDG (MW)
	The Voltage of Node4 (kV)
	The Voltage of Node8 (kV)
	The Voltage of Node10 (kV)





	0.3
	7.78824
	4.12042
	2.21366
	1.754
	7.91482
	4.33809
	2.38537



	0.45
	7.80192
	4.14529
	2.23533
	1.856
	7.92332
	4.35066
	2.39208



	0.6
	7.81542
	4.16979
	2.25663
	1.957
	7.93178
	4.36316
	2.39874



	0.75
	7.82876
	4.19394
	2.2776
	2.058
	7.9402
	4.3756
	2.40537



	0.9
	7.84193
	4.21774
	2.29823
	2.144
	7.9474
	4.38499
	2.41038



	1.05
	7.85494
	4.24121
	2.31885
	2.195
	7.95181
	4.3873
	2.41161



	1.2
	7.8678
	4.26436
	2.33856
	2.246
	7.95622
	4.38961
	2.41285



	1.35
	7.88015
	4.28719
	2.35826
	2.296
	7.96062
	4.39192
	2.41408



	1.45
	7.88914
	4.30001
	2.36508
	2.347
	7.96526
	4.39423
	2.41532



	1.552
	7.89774
	4.31227
	2.37188
	2.398
	7.96941
	4.39654
	2.41665



	1.653
	7.9063
	4.32546
	2.37864
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Table 5. Comparison of fault calculation results and simulation results.






Table 5. Comparison of fault calculation results and simulation results.





	
Node

	
Fault Calculation Results

	
DIgSILENT Simulation Results

	
Node

	
Fault Calculation Results

	
DIgSILENT Simulation Results




	
Voltage Amplitude (kV)

	
Voltage Phase Angle (deg)

	
Voltage Amplitude (kV)

	
Voltage Phase Angle (deg)

	
Voltage Amplitude (kV)

	
Voltage Phase Angle (deg)

	
Voltage Amplitude (kV)

	
Voltage Phase Angle (deg)






	
1

	
10.50000

	
0.00000

	
10.50000

	
0.00000

	
8

	
4.53172

	
−3.7971

	
4.55414

	
−3.65907




	
2

	
10.26249

	
−0.17362

	
10.26418

	
−0.16980

	
9

	
4.53322

	
−3.92135

	
4.55601

	
−4.00023




	
3

	
9.00014

	
−1.19956

	
9.00792

	
−1.17349

	
10

	
2.63696

	
−7.42896

	
2.65624

	
−7.20942




	
4

	
8.06503

	
−2.16887

	
8.07757

	
−2.21097

	
11

	
2.63907

	
−7.90213

	
2.65839

	
−7.81251




	
5

	
8.06487

	
−2.23012

	
8.07801

	
−2.30012

	
12

	
1.61623

	
−5.16154

	
1.62805

	
−4.94201




	
6

	
7.07495

	
−3.33691

	
7.09007

	
−3.26921

	
13

	
0.36614

	
15.58863

	
0.36909

	
15.80816




	
7

	
6.28679

	
−3.46117

	
6.30419

	
−3.37839
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