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Abstract: The four-circuit parallel line on the same tower effectively solves the problems faced by the line reconstruction and construction under the condition of the increasing shortage of transmission corridors. Optimizing the conductor and phase sequence arrangement of multiple transmission lines is conducive to improving electromagnetic and electrostatic coupling caused by electromagnetic problems. This paper uses the ATP-EMTP simulation software to build a 500 kV multi-circuit transmission line on the same tower. It stimulates the induced voltage and current values of different line lengths, tower spacing, vertical and horizontal spacing between different circuits, phase sequence arrangement, and nominal tower height. Moreover, use the BP neural network optimized by a genetic algorithm to predict the induced voltage and current under the unknown conductor and phase sequence arrangement. Finally, based on multi-objective particle swarm algorithm to construct the optimization model of conductor arrangement scheme of overhead transmission line, combined with electromagnetic environment control index, determine the optimal conductor arrangement scheme by the size of particle fitness function, a significant reduction in induced voltages and currents between transmission lines and the four-circuit conductor layout scheme meeting the requirements of the electromagnetic environment is obtained, which provides a reference for the tower design of the transmission station project.
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1  Introduction

With the continuous advancement of urbanization, the economy along the transmission lines is developing rapidly, and the shortage of land resources seriously restricts the erection of transmission lines, an engineering problem that needs to be solved urgently. Using parallel transmission lines with the same tower can effectively alleviate the contradiction between the large occupied area of transmission lines and the insufficient transmission capacity [1], significantly improve the utilization rate of unit transmission lines, and reduce the cost of long-distance erection of high-voltage transmission lines. The transmission method of multiple circuits on the same tower plays an important role in the electric power system [2]. However, the 500 kV parallel lines with the same tower with a length of tens of kilometers face technical problems such as wire arrangement and line parameter selection. Therefore, from optimizing the spatial arrangement and arrangement of conductors, it is of great engineering significance to use the ATP-EMTP [3] program for simulation calculation and to use artificial neural networks and optimization algorithms to implement prediction and optimization design.

The arrangement of multi-circuit transmission lines mainly includes six factors: transmission line length, line tower spacing, vertical spacing and horizontal spacing between different circuits, phase sequence arrangement, and tower height. Reference [4] used the electromagnetic transient calculation software ATP-EMTP to calculate the induced voltages and currents for each operating condition thereby modifying the grounding switch, but without considering the effects brought about by the line alignment scheme. The main prediction models commonly used in power systems are linear regression models and artificial neural networks. Reference [5] fitted the parameters of the mean-voltage ring structure using BP neural networks, but did not use optimization algorithms for optimal design. Reference [6] explored the correlation between electrode movement speed and discharge parameters using neural networks based on experimental data, but their linear neural network model had poor convergence. Reference [7] used BP neural networks to predict the shielding effect of transmission lines at unknown locations, but the prediction accuracy of the unoptimized neural network was low.

This paper proposes the BP neural network [8] based on genetic algorithm optimization and MOPSO (multi-objective particle swarm optimization algorithm) to establish a prediction optimization model for the conductor arrangement of long-distance transmission lines. The minimum value of induced voltage and current generated during the outage and maintenance of a line is used as the prediction and optimization objective to optimize the design of the overhead conductor location and the phase sequence arrangement. In the first part, taking the 500 kV transmission project of Zhongxing Power Penglai Power Plant as an example, using the transient electromagnetic simulation software ATP-EMTP to build a Multi-circuit parallel line model, calculate the electromagnetic coupling and capacitive coupling on the shutdown circuit under the conditions of different transmission line lengths, line tower spacing, vertical and horizontal spacing between different circuit lines, phase sequence arrangement, and tower call height. The simulation data obtained from it are taken as the original data. In the second part, the induced voltages and currents in some line arrangements are calculated by the simulation analysis method as the training values. The predicted values are compared with the actual values through the BP neural network [9] before and after the improvement of the genetic algorithm. Optimization is critical in the industry and scientific research [10]. In the third part, the simulation results are combined with the prediction model, and the MOPSO optimization algorithm is used to optimize the line erection and phase sequence arrangement of overhead towers to obtain the optimal layout and using ATP-EMTP to verify the reliability of the prediction model and the superiority of MOPSO optimization algorithm. The results obtained can provide a reference for optimizing the conductor layout of subsequent transmission line erection projects.

2  Electromagnetic Transient Calculation Model of Transmission Line

Research on electromagnetic fields of transmission lines at home and abroad shows that multiple circuit transmission lines on the same tower will have a strong coupling effect between the shutdown line and the normal operation line, thus generating large induced voltage and current [11]. In addition to the changes in induced voltage and current values with the line voltage level, transmission capacity, and other parameters, the spatial layout and phase sequence arrangement of conductors will also significantly impact them. In addition to changing the value of the line voltage level, transmission capacity, and other parameters, the wires’ spatial arrangement and phase sequence arrangement will also significantly impact it. Therefore, in order to study the conductor arrangement and phase sequence selection scheme of four circuit transmission lines on the same tower, this paper takes the 500 kV transmission project of Zhongxing Penglai Power Plant as the research object and analyzes the influence of different transmission line lengths, line tower spacing, vertical and horizontal spacing between multiple circuit lines, phase sequence arrangement mode and tower nominal height on line coupling. In order to make the language simple and clear, electrostatically induced voltage, electromagnetic induction voltage, electrostatic induced current and electromagnetic induction current are represented by SIV, MIV, SIC, and MIC, respectively.

Fig. 1 depicts the simplified simulation model for the 500 kV multiple parallel lines with the same tower developed using ATP-EMTP and the interface for configuring the LCC elements’ parameters. According to the design drawings, 2×LGJ-300/40 steel core aluminum stranded wires are used, the outer diameter of the conductor is 23.94 mm, the inner diameter is 6.66 mm, and the DC resistance is 0.09211 Ω/km. The wire split spacing is 400 mm, and the corresponding sag of the line type is 8.232 m. In order to optimize the spatial arrangement of overhead parallel lines, the corresponding induced voltage and current values can be obtained by changing the length of the transmission wire, the distance between the towers, the vertical and horizontal spacing of the circuit, the phase sequence, and the called height. Fig. 2 depicts the tower model for the four parallel circuits with the same tower.
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Figure 1: (a) Schematic diagram of multi-loop abbreviated simulation model on the same tower; (b) LCC element setting interface
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Figure 2: Model diagram of four-circuit parallel lines with the same tower

2.1 Impact of the Total Transmission Line Length

Keeping constant parameters such as tower spacing and alignment scheme, Figs. 3 and 4 depict the electrostatic coupling and electromagnetic coupling effects generated under various transmission line lengths.
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Figure 3: Influence of line length on electrostatic coupling

[image: images]

Figure 4: Influence of line length on electromagnetic coupling

It can be known from Figs. 3 and 4 that when the length of the line is changed, the SIV and SIC have a relatively significant change. As the line length increases, the MIV is almost proportional to the line length, while the MIC is almost unchanged.

2.2 Impact of Tower Spacing

Set the distance between towers to 0.5~1.0 km while maintaining all other layout plans and arrangement techniques. Through simulation using the ATPDraw program, the SIV, MIV, SIC, and MIC are calculated, and the results are recorded, as shown in Table 1.
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It can be learned that electrostatic and electromagnetic coupling is almost unaffected by the change in tower spacing, which is also consistent with the theoretical calculation results of the induced voltage and current.

2.3 Impact of Horizontal Spacing of Circuits

The capacitance and mutual inductance between lines will change due to a change in multi-circuit spacing [12], which will change the effects of electrostatic coupling and electromagnetic coupling as well as the SIV, MIV, SIC, and MIC. As a result, the SIV, MIV, SIC, and MIC produced by various horizontal spacing changes between multiple circuits are simulated in this paper. The results are displayed in Figs. 5 and 6.

[image: images]

Figure 5: Impact of horizontal spacing change on electrostatic coupling
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Figure 6: Impact of horizontal spacing change on electromagnetic coupling

When the change Δx of the horizontal spacing between the circuits is from −0.5 to 0.5 m, the electrostatic and electromagnetic coupling is significantly enhanced. The minimum spacing should be met when arranging the lines while ensuring the distance between the circuits. The horizontal spacing is as small as possible.

2.4 Impact of Vertical Spacing of Circuits

The coupling effect between multi-circuit parallel lines is affected by horizontal spacing and has essential engineering significance. The SIV, MIV, SIC, and MIC generated by the variation of vertical spacing between transmission lines are simulated and calculated, and the results are shown in Figs. 7 and 8. As the vertical spacing increases, the coupling between the lines is significantly weakened, and the corresponding induced voltage and current are reduced.
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Figure 7: Impact of vertical spacing change on electrostatic coupling
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Figure 8: Impact of vertical spacing change on electromagnetic coupling

2.5 Impact of Phase Sequence Arrangement

Due to its symmetry in the horizontal direction, only the phase sequence arrangement of two-circuit parallel lines on the same side is considered for multi-circuit parallel lines. Six phase sequence arrangements of high-voltage transmission lines in the shared corridor are simulated to study their electrostatic and electromagnetic induction effects. The same phase sequence is represented by No. 1, the four heterophase sequence arrangements are represented by Nos. 2–5, and the reverse phase sequence is represented by No. 6; the results are shown in Table 2.
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When other influencing factors remain unchanged, compared with other phase sequence arrangements, the SIV, MIV, SIC, and MIC generated by heterophase sequence 1 (ABC/acb) are the smallest. The induced components generated by the reverse phase sequence and four heterophase sequence arrangements are reduced by more than 20% compared with the same phase sequence.

2.6 Impact of Tower Nominal Height

The conductor sag of transmission lines will increase significantly with an increase in tower spacing, making erecting and maintaining multi-circuit parallel lines more challenging. The number of towers and the towers’ height should be considered in the erection of multi-circuit parallel lines. Examine the effects of increasing the tower’s nominal height from 32 to 42 m on the electrostatic and electromagnetic coupling effects depicted in Figs. 9 and 10.
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Figure 9: Influence of nominal height on electrostatic coupling
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Figure 10: Influence of nominal height on electromagnetic coupling

As the tower’s nominal height increases from 32 to 42 m, the electrostatic induction voltage increases by 8.8%. The other three inductive components increase slightly, which is less affected by the tower’s nominal height.

3  GA-BP Network to Predict Induced Voltage and Current

3.1 BP Neural Network

BP neural network (BPNN for short) is a feedforward neural network model [13] using error backpropagation learning, which can realize any nonlinear mapping from input to output. It was first proposed by Rumelhart et al. in 1985 in their research on multilayer perceptron neural networks. The schematic diagram of the traditional BP neural network is shown in Fig. 11, mainly including the input layer, hidden layer, and output layer.
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Figure 11: Structure diagram of BPNN

In this paper, the six influencing factors of the four circuit lines are taken as the six nodes in the input layer and take the SIV, MIV, SIC, and MIC as the four nodes of the output layer. In order to avoid the over-complexity of the prediction model and the poor generalization ability caused by overfitting, the mean square error MSE is used as the evaluation index to select the best number of hidden layer nodes, which should be less than the total number of samples on the one hand. It shall be determined according to the following formula on the other hand [7]:

I=m+n+a(1)

The number of input layer nodes m and output layer nodes n in Eq. (1) are 6 and 4, respectively; A is a constant with a value range of [1, 10]. Eq. (2) calculates the mean square error MSE [7]:

RMSE=1n∑i=1n(y^l−yi)2(2)

Too many nodes of the hidden layer will lead to over-learning of the neural network, and too few neurons will decrease in accuracy. The empirical Eq. (1) is generally referred to in the specific design, and the trial algorithm is adopted. The most appropriate network is selected by training and comparing the number of nodes in different hidden layers.

3.2 BPNN Optimized by Genetic Algorithm

Although BPNN is widely used in an artificial neural network, if the initial weight and threshold value are not properly selected, the neural network’s performance will be significantly affected. Genetic Algorithm (GA for short) is a global search evolutionary algorithm with an iterative process of “survival + detection” evolved by simulating the evolution law of nature [14]. Considering its robust scalability, it can effectively solve the problem of local extremum problems encountered in the operation process of traditional BP neural networks. This paper selects a genetic algorithm to optimize BPNN to solve the problem of optimal selection of initial value and threshold [15], so that BPNN can more quickly train the prediction model of multi-circuit parallel lines. The specific flow of GA-BPNN is shown in Fig. 12.
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Figure 12: Flow chart of GA-BPNN

According to the calculation process in Fig. 12, the critical step of using the GA to optimize the BPNN is to select the optimal neural network weights and thresholds through the genetic algorithm to ensure that the neural network training can find the optimal limit solution faster. As an essential indicator of individual adaptability, fitness can simultaneously reflect the pros and cons of genetic operations, and its calculation formula is as follows [16]:

F=mse(X−O)=1m∑i=1m(xi−oi)2(3)

In the learning process of the neural network, the genetic algorithm not only optimizes the calculation process of the traditional neural network but also effectively improves the training speed and further improves the algorithm’s convergence speed and optimization ability [16].

4  Prediction of Electromagnetic Transient Effects with Different Arrangements

In order to verify the reliability and superior effect of GA-BP neural network in the prediction of electrostatic and electromagnetic coupling effects under different conductor layout modes, this paper takes the 500 kV transmission project as an example, takes the layout mode and phase sequence arrangement of multi-circuit parallel lines as the research object [17], and takes the SIV, MIV, SIC, and MIC generated during shutdown maintenance as the evaluation index, The induced voltage and current prediction models of traditional BP neural network and GA-BP neural network are built, respectively. The prediction results are compared with the actual simulation values.

Considering that the SIV, MIV, SIC, and MIC generated by the coupling effect of inductance and capacitance are important research indicators of multi-circuit parallel lines, excessive SIV, MIV, SIC, and MIC will directly affect the grounding operation, maintenance work of shutdown circuit, and the determination of equipment parameters such as line grounding switch. Therefore, this paper establishes the electromagnetic transient simulation model based on the transmission project and mainly uses the SIV, MIV, SIC, and MIC generated during the outage maintenance of a circuit line as the sample data to predict. Considering the space layout of four-circuit parallel lines and the phase sequence arrangement of transmission lines, 100 groups of simulation data obtained from the simulation model are chosen to form the neural network prediction model’s data set.

4.1 Establishment of Training Samples

The spatial layout of multi-circuit parallel lines includes six factors: line length, tower spacing, vertical and horizontal spacing between multi-circuit lines, phase sequence arrangement mode, and tower call height, which are taken as independent variables of prediction data. The six arrangement modes of the same phase sequence, heterophase sequence 1, heterophase sequence 2, heterophase sequence 3, heterophase sequence 4, and reverse phase sequence are respectively represented by 1, 2, 3, 4, 5, and 6 according to Eq. (1), the number of hidden layer nodes is between 4 and 13. Table 3 displays the training set’s corresponding mean square error (MSE). When four hidden layer nodes are selected; the corresponding MSE value is the minimum.
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Fig. 13 depicts the training process for the improved genetic algorithm prediction model corresponding to a selection of four neurons in the hidden layer. Using the validation set as an example, Fig. 13 illustrates that the minimum MSE of 0.001748 is achieved when epochs reach 52.

[image: images]

Figure 13: Training results of four hidden layer neurons

4.2 Setting up the Prediction Model

The processed data is separated into a training set and a test set. Since the BPNN optimized by the GA is strict in calculating nodes, 100 groups of data samples are processed in random order to prevent repeated inputs from not being recognized as input nodes. In order to avoid singular sample data in the prediction model, the premnmx function is used to map the original data to [−1, 1], and all data are normalized. Determine that the training times are 1000, the learning rate is 0.01, and the minimum error of the training target is set to 1.0 × 10−5.

4.3 Prediction Results and Analysis

The training results of the BPNN optimized by the GA are shown in Fig. 14. This figure also shows the degree of linear fit between the simulation value and the predicted value of the SIV, MIV, SIC, and MIC under different wire arrangements. The fitting regression coefficient R represents the correlation between the target and predicted output values. It can be seen from Fig. 14 that in the training set, verification set, test set, and all data sets, the fitting regression coefficients of the optimized BPNN prediction model are greater than 0.995, indicating that the prediction model has a high degree of fitting and can more accurately predict the SIV, MIV, SIC, and MIC under the unknown wire layout.

[image: images]

Figure 14: The optimized BP neural network training regression diagram

Figs. 15 and 16 depict the results of predicting the last 20% of sample data using the BPNN before and after optimization with the genetic algorithm. Using the MIV as an example, Fig. 15 demonstrates that, compared to the prediction results of the traditional BPNN, the predicted value of the BPNN delay prediction model optimized by the GA is closer to the real value of the MIV obtained by the simulation.
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Figure 15: Comparison of the predicted and true values of voltage before and after optimization
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Figure 16: Error comparison chart before and after optimization

The error comparison chart in Fig. 16 shows that the error of the traditional BP prediction model fluctuates greatly. The BPNN delay prediction model optimized by the GA significantly decreases the error of the prediction result. The specific comparison of model errors before and after optimization is depicted in Table 4. MAE, MSE, and MAPE represent the mean absolute error, mean square error, and mean absolute percentage error, respectively.
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Among them, the MAPE of the traditional BP neural network is 3.5892%, while the MAPE of the BPNN optimized by the GA is only 0.8493%, that is, the prediction accuracy is above 99%, which is significantly higher than that of the traditional BPNN, indicating that the introduction of GA improves the global search ability and the prediction accuracy.

From the above analysis, it is observed that the research on the effects of multi-circuit parallel line arrangement on electrostatic and electromagnetic coupling effects fully demonstrates the advantages of GA-BPNN over traditional BPNN, as well as the important role of GA in optimizing BPNN to improve the accuracy of predicting electrostatic and electromagnetic coupling effects.

5  MOPSO Algorithm for Optimizing Wire Arrangement

The robust calculation and analysis function of ATP-EMTP enables it to quickly establish a multi-circuit parallel line model and conduct simulation and analysis on outage conditions under different conductor positions and arrangements, but it does not have the capability of multivariable optimization and needs to repeatedly modify model parameters and a large amount of calculation time. The multi-objective particle swarm optimization algorithm has the advantages of strong global optimization ability, high precision, fast convergence speed, etc. It can be used to optimize the arrangement of overhead line towers by combining it with the GA-BP prediction model.

The MOPSO algorithm is an effective method for multi-objective function global optimization. In each iteration, particles update their position and speed through the optimal solution of individual particles (Pbest for short) and the optimal solution of the whole population (Gbest for short). In the k+1 iteration, the updating equation of the ith particle velocity vik+1 and position sik+1 is [16]:

vi(k+1)=wvik+c1r1(Pbest−sik)+c2r2(Gbest−sik)(4)

sik+1=sik+vik+1(5)

where the iterations are expressed in k; the inertia weight is expressed in w; c1 and c2 are learning factors, c1 is the “self cognition” part, and c2 is the “social cognition” part; r1 and r2 represent random numbers subject to a uniform distribution in the range [0, 1].

In the research on optimizing the spatial layout and arrangement of four circuit conductors, the coupling effect will differ depending on the line length, the distance between conductors, and the phase sequence arrangement scheme. The objective function value selected in this paper is SIV, MIV, SIC, and MIC, obtained by simulation calculation. The position of particles represents different conductor layout parameters, including line length, tower spacing, etc. Error comparison is used to determine if the iteration meets the specified requirements. If so, terminate the search. Simultaneously output the optimal wire position parameters and the electrostatically and electromagnetically induced voltage and current values. Otherwise, update the velocity and position of the particle to continue the search.

The MOPSO algorithm is used to optimize the spatial layout and phase sequence of wires, as shown in Fig. 17. Run the MOPSO algorithm and change the initial populations and the maximum number of iterations. The optimization of electrostatic and electromagnetically induced voltage and current values is shown in Table 5. This Table shows that when the inertia weight is set to 0.8, the self-learning factor is 0.5. The group learning factor is 0.5, and the wire arrangement optimization based on the MOPSO algorithm can find the optimal global value in about 106 s. When the initial number of populations and the maximum number of iterations are reduced, the computation time decreases accordingly, but the effect of the optimization search also decreases. Moreover, the results of multiple operations are similar, indicating that the sub-optimization scheme has a good convergence effect and a certain robustness. The number of the initial population and the maximum number of iterations of the MOPSO algorithm is reduced, the operation time is significantly reduced, it is very close to the optimal global value, and the convergence speed is effectively improved.

[image: images]

Figure 17: The flow chart of MOPSO algorithm optimization of wire arrangement and phase sequence arrangement
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Considering the electrostatic and electromagnetic coupling effect comprehensively, the corresponding tower conductor layout and phase sequence arrangement scheme are shown in Table 6.

[image: images]

The optimal wire layout scheme and phase sequence arrangement method obtained by the multi-objective particle swarm optimization algorithm are used as LCC tower model parameters in ATP-EMTP for simulation verification. Using electromagnetically induced voltage as an example, the waveform diagram is shown in Fig. 18. The optimized MIV value is 0.732 kV, which is 24.64% lower than the pre-optimization value, indicating the accuracy of the GA-BP model and the feasibility of MOPSO algorithm to optimize wire layout scheme.

[image: images]

Figure 18: Waveform of electromagnetic induction voltage under optimal arrangement

6  Conclusion

By changing the wiring scheme and phase sequence arrangement of parallel lines, the coupling parameters between parallel circuits can be significantly changed, thus affecting the effects of electrostatic and electromagnetic induction. Line length, conductor spacing, and nominal height significantly influence electrostatic coupling, and electromagnetic coupling changes significantly with the increase in line length and vertical spacing. However, it is almost not affected by nominal height. At the same time, compared with other phase sequence arrangements, the induced voltage and current generated by heterophase sequence 1 (ABC/acb) are the smallest. The induced components generated by the reverse phase sequence and four heterophase sequence arrangements are reduced by more than 20% compared with the same phase sequence; under the condition of meeting other indicators such as imbalance, heterophase sequence one can be preferred as the phase sequence arrangement of multi-circuit lines on the same tower.

The GA-BPNN model established by adequately adjusting the weight and threshold of the BPNN through GA effectively solves the problem of local extreme value generated by the prediction model, and the accuracy of the prediction of electrostatic and electromagnetic coupling effects has also been greatly improved. The prediction accuracy of the GA-BPNN for the induced voltage and current is more than 99%, higher than 96.41% of the traditional BPNN. At the same time, the average absolute error of the improved neural network prediction model is 75.98% lower than that of the traditional BP model; The average relative error is 76.34% lower than that of BPNN. However, the genetic algorithm needs to be stronger in handling constrained optimization. There is no problem-independent general method for handling constraints other than upper and lower bound interval constraints on variables, and subsequent optimization for this problem will be performed.

The MOPSO algorithm is used to construct an overhead transmission line tower optimization model and combine the data obtained from simulation calculations to automate and determine the best conductor layout and phase sequence arrangement. The optimized arrangement scheme SIV, SIC, MIV, and MIC are reduced to 37.45 kV, 7.6 A, 0.713 kV, and 15.10 A, respectively. At the same time, the SIV, MIV, SIC, and MIC generated by the line layout scheme obtained by using the MOPSO algorithm meet the technical requirements of the switchyard design. With the implementation of the switchyard transmission project, the high-precision prediction and automatic optimization of the induced voltage and current values by the GA-BP neural network and MOPSO algorithm have reference values for the conductor layout and phase sequence optimization during the line erection process to ensure the smooth implementation of the project. At the same time, the monitoring data during the actual operation of the last line can continuously supplement the training data set to further optimize the parameters of the prediction model and improve the generalization ability and prediction accuracy.
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Table 4: Comparison of model errors before and after optimization

Prediction model MAE MSE MAPE (/%)
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Table 1: Electrostatic and electromagnetic coupling effects under different tower spacing

Spacing (/km) SIV (/kV) MIV (/kV) SIC(/A) MIC (/A)

0.5 47.90 1.35 9.83 19.46
0.6 4791 1.36 9.84 19.47
0.7 4791 1.36 9.84 19.47
0.8 47.93 1.36 9.85 19.47
0.9 47.94 1.37 9.86 19.48

1.0 47.94 1.37 9.86 19.48
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Table 6: Layout scheme optimized by MOPSO algorithm

Line length Tower spacing  Horizontal Vertical Phase sequence  Nominal
(/km) (/km) variation (/fm)  variation (/m)  arrangement height (/m)

37.5 0.5 —0.5 2.5 ABC/acb 32
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Table 2: Electrostatic and electromagnetic coupling effects under different phase sequence
arrangements

Phase sequence SIV (/kV) MIV (/kV) SIC (/A) MIC (/A)

1 ABC/abc 48.51 1.36 9.84 19.56
2 ABC/acb 37.45 1.05 7.60 15.10
3 ABC/bac 38.15 1.06 7.72 15.37
4 ABC/bca 37.61 1.05 7.71 15.41
5 ABC/cab 38.33 1.07 7.66 15.50
6 ABC/cba 38.62 1.08 791 15.73
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Table 5: MOPSO algorithm optimization results

Number of ini- Iterations Inertia weight c; c Operation Electrostatic Electromagnetic
tial population time (/s) coupling coupling

SIV (/kV)  SIC (JA) MIV (/kV) MIC (/A)

2000 1000 0.8 0.5 0.5 106 37.45 7.60 0.713 15.10
1000 2000 0.8 0.5 0.5 92 37.52 7.60 0.719 15.12
2000 500 0.8 0.5 0.5 &7 37.52 7.61 0.720 15.13

1000 1000 0.8 0.5 0.5 51 37.54 7.62 0.721 15.15
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