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Abstract: Along with the increasing integration of renewable energy generation in AC-DC power networks, investigating the dynamic behaviors of this complex system with a proper equivalent model is significant. This paper presents an equivalent modeling method for the AC-DC power networks with doubly-fed induction generator (DFIG) based wind farms to decrease the simulation scale and computational burden. For the AC-DC power networks, the equivalent modeling strategy in accordance with the physical structure simplification is stated. Regarding the DFIG-based wind farms, the equivalent modeling based on the sequential identification of multi-machine parameters using the improved chaotic cuckoo search algorithm (ICCSA) is conducted. In light of the MATLAB simulation platform, a two-zone four-DC interconnected power grid with wind farms is built to check the efficacy of the proposed equivalent modeling method. From the simulation analyses and comparative validation in different algorithms and cases, the proposed method can precisely reflect the steady and dynamic performance of the demonstrated system under N-1 and N-2 fault scenarios, and it can efficiently achieve the parameter identification of the wind farms and fulfill the equivalent modeling. Consequently, the proposed approach’s effectiveness and suitability are confirmed.
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Nomenclature



	REG
	Renewable energy generation



	LCC
	Line commutated converter



	DFIG
	Doubly-fed induction generator



	PSO
	Particle swarm optimization



	PCC
	Point of common coupling



	HVDC
	High-voltage direct-current



	ICCSA
	Improved chaotic cuckoo search algorithm





1  Introduction

With the continuous improvement of renewable energy generation (REG) technology and power electronic equipment level, the installed capacity of REG in the AC-DC power networks has increased substantially [1,2]. Analyzing the impact on safety and stability caused by large-scale REG connected to the power grid is critical, and there is an urgent need to establish proper models that accurately reflect the dynamic characteristics of the complex AC-DC power systems with multiple REGs [3]. However, taking the wind farm (WF) as a representative of RES, detailed modeling of tens or even hundreds of wind turbines in wind farms simultaneously will face the problem of dimensional disaster [4]. Studying the equivalence modeling method for the AC-DC power networks containing multiple wind farms to decrease the simulation scale and the computational burden is of great theoretical significance and practical value.

At present, scholars have carried out some fundamental work on the equivalent modeling of the AC-DC power systems with REGs, and a literature review is implemented below. In reference [5], a methodology was presented to model the hybrid AC-DC grids to investigate the system-level control interactions, where fundamental transfer functions are considered. In reference [6], a modified nodal analysis method was suggested to construct the equivalent multiport model of a hybrid AC-DC system, in which multiport network parameters are appropriately applied. In reference [7], a modeling method based on the average dynamic phasor was proposed for a hybrid AC-DC distribution system, and the modeling goal is to realize the high-precision stability assessment and time-domain simulation analyses. In reference [8], an aggregated equivalence model was proposed for the VSC-HVDC interconnected electric power systems for the investigation of system frequency stability. In reference [9], a review of the large electrical network equivalent methods was carried out, and the findings confirmed the importance of obtaining the time-domain simulation results with reasonable accuracy. While the abovementioned studies offer some helpful values, their suitability for large-scale and complex AC-DC power systems should be checked further. In a sense, studying the equivalent modeling strategy following the physical structure simplification of the AC-DC power systems could be a potential solution.

In reference [10], the equivalent modeling of wind farms was conducted based on their natural properties, and the main objective is to analyze sub-synchronous oscillations. In reference [11], an overall identification strategy of wind farm parameters was designed, and the parameter identification was realized based on the particle swarm optimization algorithm for completing the equivalent modeling. In reference [12], a WF equivalent model based on a new clustering algorithm and high-voltage ride-through action was proposed, and the outcomes show that the equivalent accuracies are increased by introducing the multi-view clustering indexes. In reference [13], a quantitative assessment method was proposed for addressing the error of a WF equivalent model, where the grid-connection features are specifically considered. In reference [14], the equivalent modeling for large-scale offshore WT based on multi-thread parallel computing was implemented, and the WT’s dynamic characteristics with large speedup factors are well demonstrated. In reference [15], a modified WT parameterization was realized by considering the sub-grid interactions between turbines, and the output power prediction of turbine cells is updated. The key to building a WF equivalent model is accurately identifying the wind farm parameters, and the methods based on intelligent optimization algorithms may have good application prospects [16–18]. For such parameter identification methods to establish a WF equivalent model, two main problems must be solved.

On the one hand, there are many parameters for wind generators coupled to the AC-DC power networks. It is challenging to identify all parameters of wind generators simultaneously and accurately, and adopting the concept of sequential identification is a feasible technical solution. On the other hand, when a wind farm adopts a multi-machine equivalent model, the converter control parameters of different wind generators should be effectively distinguished, and it puts higher requirements on the performance of intelligent optimization algorithms.

This paper proposes an equivalent modeling method for the AC-DC power networks with doubly-fed induction generator (DFIG) based wind farms to decrease the simulation scale and computational burden. The main novelty and contributions of this paper are summarized as follows:

(1) Elaborate the equivalent modeling philosophy of the AC-DC power networks based on the physical structure simplification and recognizing coherent generator groups.

(2) Design the sequential parameter identification strategy of the DFIG-based wind farms based on the improved chaotic cuckoo search algorithm (ICCSA).

(3) Verify the effectiveness of the proposed approach in the two-zone four-DC interconnected power grid with the DFIG-based wind farms through the N-1 and N-2 fault scenarios.

(4) Confirm the suitability of the proposed method by the comparison of the particle swarm optimization (PSO), the traditional CSA, and the ICCSA.

The remaining sections of this paper are arranged as follows. Section 2 is devoted to the equivalent modeling of the AC-DC power networks. Section 3 describes the equivalent modeling of the DFIG based on wind farms using the improved chaotic cuckoo search algorithm. Section 4 focuses on implementing the simulation validation of the proposed method, and a two-zone four-DC interconnected power grid with wind farms is chosen to check the efficacy of the proposed method. In Section 5, some significant conclusions are drawn, and future research tasks are explored.

2  Equivalent Modeling of the AC-DC Power Networks

Fig. 1 shows the connection diagram of a two-zone four-DC interconnected power grid with wind farms. Herein, the line commutated converter (LCC) based high-voltage direct-current (HVDC) systems are introduced [19], and this study selects this two-zone four-DC interconnected power grid to describe the equivalent modeling strategy of the AC-DC power networks. Since the equivalent model should be able to reflect the dynamic behaviors, the treatment for the HVDC systems follows the two principles: 1) An average modeling philosophy of the HVDC systems is adopted to preserve the interaction characteristics between the AC and HVDC systems. 2) The nodes close to the HVDC systems are kept to consider the influence of possible commutation failures.
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Figure 1: Connection diagram of a two-zone four-DC interconnected power grid with wind farms

In view of the dynamic characteristics of the AC-DC power networks principally depend on the main network frame, and the interaction between the middle- and low-voltage networks and the HVDC systems can be adequately ignorable. In this regard, the simplified modeling of the middle- and low-voltage networks should be given more attention. Regarding the physical structure of the AC-DC power networks, the middle- and low-voltage networks connected via separate 500 kV buses are called separate supply areas. In addition, some middle- and low-voltage networks coupled via different 500 kV buses are conducted as joint supply areas. As displayed in Fig. 2, it indicates the topological classification of the middle- and low-voltage networks [20].

[image: images]

Figure 2: Topological classification of the middle- and low-voltage networks. (a) Separate supply areas, and (b) joint supply areas

Concerning the separate supply areas, the node-voltage equation is written as:

(IrIbIc)=(YrrYrb0YrbYbbYbc0YbcYcc)(UrUbUc)(1)

where I denotes the current vector. U indicates the load node voltage vector. Y represents the nodal admittance matrix. The subscripts r, b, and c indicate the reserved networks, boundary network, and reductive networks, respectively.

In the case of that the boundary network meets a metallic three-phase fault, Ub = 0 can be obtained, and the node-voltage equation is changed to [20]:

{Ir=YrrUrcIc=YccUcc(2)

where Urc is the residual voltage vector of the reserved networks; Ucc is the residual voltage vector of the reductive networks. Therefore, the fault current in the boundary network can be deduced by:

Ibsc=YrbUrc+YbcUcc=YrbYrr−1Ir+YbcYcc−1Ic=YrbYrr−1Ir+Ibm(3)

where Ibm=YbcYcc−1Ic. Furthermore, the elimination of Uc is conducted, and Eq. (1) will be rewritten as:

(IrIb)=(YrrYrbYrbYbb−YbcYcc−1Ybc)(UrUb)+(0YbcYcc−1Ic)=(YrrYrbYrbYbb−YbcYcc−1Ybc)(UrUb)+(0Ibm)(4)

From Eq. (4), it is found that the boundary network can be represented as a current source Ibm with a conductance of Ybb−YbcYcc−1Ybc. Therefore, the fault current of the main network can be calculated, and the fault current component provided by the separate supply areas in the middle- and low-voltage networks can be obtained to determine Ibm.

Concerning the joint supply areas, there will be multiple boundary networks, and the node-voltage equation can be deduced by:

(IrIb)=(YrrYrbYrbYbb−YbcYcc−1Ybc)(UrUb)+(0YbcYcc−1Ic)→(Ybb−YbcYcc−1Ybc)Ub+YbcYcc−1Ic=(Ybb−Ye)Ub+I0(5)

where Ye=YbcYcc−1Ybc, and I0 denotes the fault current vector of the joint supply areas. The diagonal elements of Ybb−Y is obtained by balancing the busbar power flow, and the non-diagonal elements of Ybb can be approximately constant by preserving the contact lines between the boundary networks.

For the equivalent modeling of conventional generators in the AC-DC power networks, recognizing coherent generator groups is employed. It means that the generators coupled to the same middle- and low-voltage networks are considered a group of coherent generators, which can be reflected by one generator with the corresponding equivalent load. This treatment is done by adjusting the parameters of the equivalent generators and transformer resistances so that the fault current levels of the detailed and equivalent models are the same.

Generally speaking, the equivalent modeling method of the AC-DC power networks preserves the 500 kV main networks, the HVDC systems, and the AC links between them during the equivalence process. It ensures that the fault currents supported by the equivalent generators are identical to the original complex power networks. The equivalent modeling of the AC-DC power networks preserves the HVDC systems, where the power electronic-based inverters adopt the average modeling manner to reflect the dynamic behaviors and control performance. The equivalent modeling method does not require unraveling the electromagnetic loops in the AC-DC power networks, and the equivalence model can be used to study the interaction characteristics under the electromagnetic transient simulation platform.

3  Equivalent Modeling of the DFIG-Based Wind Farms

Regarding the demonstrated DFIG-based wind farms, it is designed that all DFIGs connect to the point of common coupling (PCC) through a collector impedance, which can reflect the complicated configuration of the wind farm collector system, including feeder lines, trunk lines, and transformers [21]. Herein, the rotor-side converter (RSC) of the DFIG adopts the electromagnetic torque control and reactive power-terminal voltage control strategy, and the grid-side converter (GSC) uses the voltage and current double closed-loop control strategy [22].

The equivalent modeling method for the DFIG-based wind farms refers to a multi-machine modeling philosophy that divides the DFIGs into several groups. It aggregates each group into one DFIG connected with one equivalent collector impedance. During the equivalent process, the power electronic-based inverters of DFIGs are divided and aggregated; thus, each of the equivalent DFIG groups has an inverter. A detailed modeling manner of the DFIG inverter is used, and the control parameters of the inverter are tuned using the proposed parameter identification method. The controls for each turbine are the same, and this design aims to decrease the impact of the turbine controls on the number of equivalent DFIG groups. In the study, the differences in the turbine capacity, stator resistance, stator inductance, rotor resistance, rotor inductance, magnetizing inductance, and wind speed are the main criteria for determining the number of equivalent DFIG groups. Fig. 3 indicates the detailed and equivalent model of the DFIG-based wind farms, and the multi-machine equivalence is gained. It should be noted that, the equivalent model is established mainly for electromagnetic transient simulation. Since the transient simulation time is commonly short (from several hundred milliseconds to a few seconds), it can be approximatively considered that the wind speed is time-invariant. In this context, the large power uncertainties in wind farms are not taken into account.
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Figure 3: Detailed and equivalent model of the DFIG-based wind farms. (a) Detailed model, and (b) equivalent model

3.1 Parameter Identification Using Analytical Method

This section applies the analytical method to reduce the parameter identification difficulty by solving the initial parameters of each DFIG-based wind farm.

1) Equivalent rated capacity Seq

Seq=∑i=1nSi(6)

where Si represents the i-th DFIG’s rated capacity in a wind farm. n is the number of the DFIGs divided into the same group.

2) Equivalent DFIG parameter Xeq

Xeq=∑i=1nSiSeqXi(7)

where Xi represents the parameter of the i-th DFIG, including inertia time constant, stator resistance, stator inductance, rotor resistance, rotor inductance, and magnetizing inductance.

3) Equivalent wind speed veq

veq=∑i=1nSiSeqvi33(8)

where vi represents the wind speed of the i-th DFIG.

3.2 Parameter Identification Using the Improved Chaotic Cuckoo Search Algorithm

The DFIG parameter identification is a two-stage process. In the first stage, the stator inductance, rotor inductance, magnetizing inductance, and converter control parameters of each equivalent DFIG are selected for identification. In common, the chosen parameters are easier to be identified with higher sensitivity [23]. Sequential identification is carried out according to the rated capacity of each equivalent DFIG. In the second stage, the equivalent collector impedance is selected for identification, considering that the value of the equivalent collector impedance significantly influences the accuracy of the equivalent model.

The objective function of the identification process can be written as:

min1T∑t=1T(|Pidentify(t)−Porigin(t)|+|Qidentify(t)−Qorigin(t)|)(9)

where Porigin and Qorigin are the active and reactive power of the detailed wind farm model, respectively. Pidentify and Qidentify are the active and reactive power obtained by the parameter identification method. t is the simulation time, and T represents the total simulation time.

An optimal solution should be determined for the parameter identification process, and the improved chaotic cuckoo search algorithm (ICCSA) is selected explicitly to fulfill accurate parameter identification. The traditional cuckoo search algorithm (CSA) is based on the brood parasitism of some cuckoo species by laying their eggs in the nests of host birds of other species [24], and it generates the initial solutions randomly, which may cause the algorithm to be trapped in a local optimum. In this section, some improvements are applied to increase the algorithm’s performance in this context. On the one hand, the logistic chaotic mapping is introduced into the CSA. The randomly generated initial solutions can be updated as:

{x=(X0−X0,min)/(X0,max−X0,min)y=μ(1−x)xXc=X0,min+y(X0,max−X0,min)(10)

where X0 represents the initial solutions. X0,min and X0,max are the minimum and maximum values of X0, respectively. Xc denotes the updated initial solutions. The intermediate quantities generated by the chaotic mapping are x and y. In addition, μ represents the control parameter of the chaotic mapping.

On the other hand, it is designed that the step size parameter of Levy flights α and the probability of every cuckoo egg to be discovered by the host bird pa can be adaptively adjusted to accelerate the convergence speed in the iteration process. The adjustment can be expressed as:

{α=αmax+iterMaxIT(αmin−αmax)αmax>αminpa=pa_max+iterMaxIT(pa_min−pa_max)pa_max>pa_min(11)

where iter is the number of iterations. MaxIT is the maximum iteration number.

Fig. 4 shows the flowchart of the improved chaotic cuckoo search algorithm (ICCSA). The population initialization is completed first. After the updation of the logistic chaotic mapping, the initial solutions are evaluated based on the goals and restrictions. Then, considering the adaptive adjustment, the Levy flights and random walks are implemented to create an offspring population. This process iterates until the stopping condition is met and the desired optimal outcomes are obtained.
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Figure 4: Flowchart of the improved chaotic cuckoo search algorithm

4  Simulation Validation and Discussion

To validate the effectiveness and adaptability of the proposed approach, the two-zone four-DC interconnected power grid with wind farms, as shown in Fig. 1, is modeled in MATLAB/SIMULINK, and different fault scenarios are considered for performance comparison. The testing environment is MATLAB 2022a, and the test case is built on a personal computer with Intel Core i5-9300 CPU running at 2.40 GHz and 8 G of memory. The simulation parameters of the two-zone four-DC interconnected power grid can refer to reference [25]. In addition, the model has six wind farms, and each wind farm has nine DFIG-based wind turbines with a total capacity of 20.4 MW. The parameters of the improved chaotic cuckoo search algorithm are listed in Table 1, and the tunning of the ICCSA parameters can mainly refer to reference [26].
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In terms of the proposed approach, the simplification of the AC-DC power networks is achieved, and the scale comparison of the detailed model and the equivalent model is listed in Table 2. The table shows that the proposed approach can visibly reduce the model scale and increase the simulation efficiency. In particular, the shrinkage ratio for the number of DFIG-based wind turbines is the most prominent. After using the presented multi-machine equivalence strategy, an original wind farm with nine DFIGs can be replaced by that with three equivalent DFIGs.
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To assess the dynamic behaviors of the AC-DC power networks, the N-1 and N-2 fault scenarios are both simulated, and the specific performance comparison of the equivalent model as well as the detailed model is stated below.

4.1 Simulation of N-1 Fault

The N-1 fault scenario in the demonstrated system is Node 11 meeting a three-phase short-circuit fault, which occurs at t = 2 s and lasts for 1/12 s. The operation time of the simulation model is 3 s, and Figs. 5 and 6 display the active and reactive power characteristics of different branches under the N-1 fault scenario. Herein, branches 12–23 and 2–19 are specially selected since these two are near the N-1 fault. The figures show that the demonstrated system will experience pronounced dynamics, and the active and reactive power fluctuations of the equivalent model coincide with that of the detailed model. Therefore, the proposed method ensures the consistency of the power flow property between the equivalent model as well as the detailed model.

[image: images]

Figure 5: Active power characteristics of different branches under the N-1 fault scenario. (a) Branches 12–23, and (b) branches 2–19
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Figure 6: Reactive power characteristics of different branches under the N-1 fault scenario. (a) Branches 12–23, and (b) branches 2–19

By referring to references [27,28], Fig. 7 displays the voltage change characteristics of different nodes, and Fig. 8 shows the current change characteristics of different branches under the N-1 fault scenario. The fault node 11 and node 13 are chosen to reflect the equivalent model’s voltage performance, and branches 12–23 and 2–19 are selected to indicate the equivalent model’s current performance. For fault node 11, the voltage will drop to zero under the fault feeding process, and after the fault is cleared, the voltage can fast recover to its rated level. Both the detailed model and the equivalent model can express this dynamic property. Concerning node 13, the voltage will decline to ~0.89 p.u., and moderate voltage fluctuations are caused and exactly imitated by the equivalent model. In regards to branches 12–23 and 2–19, the fault current level will reach ~4.79 and ~2.35 p.u., respectively. When the fault is removed, the branch current can return to the normal level. In a sense, the proposed equivalent modeling method accurately performs the voltage and current change characteristics.
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Figure 7: Voltage change characteristics of different nodes under the N-1 fault scenario. (a) Node 11, and (b) node 13
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Figure 8: Current change characteristics of different branches under the N-1 fault scenario. (a) Branches 12–23, and (b) branches 2–19

In addition, the equivalent model’s branch power and node voltage errors are appreciatively calculated. The error analysis results are enumerated in Table 3. The maximum and minimum of the branch power error will be 4.32% and 0.01%, respectively. The node voltage error’s variation range will be about [0.02%, 0.81%]. Overall, the model error is within the acceptable level, and the correctness of the equivalent model can be well confirmed.
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4.2 Simulation of N-2 Fault

The N-2 fault scenario in the demonstrated system is nodes 11 and 78 meeting the three-phase short-circuit faults, which occur at t = 2 s and last for 1/12 s. Fig. 9 displays the demonstrated system’s branch power and node voltage characteristics under the N-2 fault scenario. Considering branches 63–75 and node 53 are near the faults and will directly afford the dynamic influence, they are selected for comparing the performances of the detailed and equivalent models.
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Figure 9: Branch power and node voltage of the system under the N-2 fault scenario. (a) Branches 63–75, and (b) node 53

From Fig. 9, it is found that the demonstrated system under the N-2 fault scenario will experience more obvious dynamics than the N-1 fault. The active power transmission of branch 63–75 will be interrupted under the faults, and the voltage at node 53 will drop to ~0.86 p.u. Concerning the N-2 fault scenario, the proposed method can still ensure consistency between the equivalent and detailed models.

The error analysis is carried out to verify the equivalent model’s accuracy regarding the branch power fluctuations and the node voltage in the transient state. Table 4 shows the power error errP on different branches and the voltage error errV on different nodes under the N-2 fault scenario. The chosen nodes are the endpoints of the four HVDC systems, and the selected branches have close relations to the desired nodes.

[image: images]

From Table 4, the maximum errP is 4.87%, which occurs at branch 17–16, and the maximum errV is 0.85%, which happens at node 75. The average value of errP is 1.52%, and the average level of errV is about 0.33%. Consequently, the proposed method can favorably simplify the AC-DC power networks and ensure that the dynamic characteristics are accurately imitated.

To further assess the performance of the proposed approach in the equivalence of the DFIG-based wind farms, the N-2 fault scenario is applied, and the following four cases are compared.

Case 1: Using the detailed model of the wind farms.

Case 2: Using the equivalent model of the wind farms based on the particle swarm optimization (PSO).

Case 3: Using the equivalent model of the wind farms based on the traditional CSA.

Case 4: Using the equivalent model of the wind farms based on the ICCSA.

The parameters of the PSO and the traditional CSA are listed in Tables 5 and 6. The tunning of the PSO parameters can refer to reference [29], and the tunning of the traditional CSA can refer to that of the ICCSA.
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Fig. 10 displays the active and reactive power characteristics of the wind farm connected to node 18 under the four cases. Before the N-2 fault occurs, Case 4 is closer to Case 1 in the steady state. During the fault feeding period, Cases 2~4 have similar transient performances to show the DFIG-based wind farm’s active and reactive power changes, and possess the mind error compared with Case 1 in t = 2~2.1 s. After the fault recovery, Case 4 outperforms Case 2 and Case 3 with a tinier power error, and the equivalent model is closer to the delated model.
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Figure 10: Power characteristics of the wind farm connected to node 18 under the four cases. (a) Active power, and (b) reactive power

In this section, the active power of the wind farm is pointedly considered, and the model error’s computation results are listed in Table 7.
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To check the credibility of the suggested ICCSA method further, the comparison of the particle swarm optimization (PSO), the traditional CSA, and the ICCSA in the parameter identification of the wind farm has been carried out, and the performance differences of these three algorithms are shown in Fig. 11.
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Figure 11: Optimization performance differences of the PSO, traditional CSA, and ICCSA

For the traditional CSA, the size parameter of Levy flights is fixed at 0.45, and the probability of every cuckoo egg to be discovered by the host bird is set to 0.5. From Fig. 11, it is concluded that the suggested ICCSA outperforms the PSO and the traditional CSA in the parameter identification of the wind farm. The suggested ICCSA has the lowest number of iterations and the best objective function value, and it is more suitable for addressing the equivalent modeling issue of renewable generation. Table 8 indicates the specific performance data of the PSO, traditional CSA, and ICCSA.
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At the end of the simulation analysis, the scalability of the proposed equivalent modeling method is validated in a larger wind farm containing eighteen DFIG-based wind turbines with a total capacity of 40.8 MW. Table 9 lists the results of the model error in imitating the larger wind farm’s active power under the four cases. As the number of turbines in the wind farm doubles, there is a very slight decrease in the accuracy of the proposed equivalent modeling approach. Regarding Case 4, it is evident that the active power error of the equivalent model is increased from 0.42% to 0.65% during the fault, but this error change is within the acceptable level. Thus, the scalability of the proposed equivalent modeling method can be confirmed.
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5  Conclusions

This paper puts forward a methodology for the equivalent modeling of the AC-DC power networks with doubly-fed induction generator (DFIG) based wind farms, and the goal is to decrease the simulation scale and computational burden while reflecting the dynamic behaviors. The equivalent modeling strategies for the AC-DC power networks and the wind farms are presented, respectively, and considering different intelligence algorithms and fault scenarios, the comparative verification of the proposed approach in the two-zone four-DC interconnected power grid with wind farms is carried out. The major findings of this work are summarized below:

(1) The proposed approach can considerably reduce the model size and increase the simulation efficiency. Regarding the number of conventional generators, DFIG-based wind turbines, network nodes, AC lines, and power loads, the equivalent model offers more than 40% shrinkage ratio compared to the detailed model.

(2) The proposed approach can well show the dynamic behaviors of the AC-DC power networks under the N-1 and N-2 fault scenarios. The errors of branch power and node voltage are calculated, and the proposed approach’s efficacy is demonstrated.

(3) The proposed approach can efficiently achieve the parameter identification of the wind farms and fulfill the equivalent modeling. The equivalent model has nice consistency with the detailed model from the wind farm power outputs in a steady state, during the fault, and after the fault clearance.

As a result, the efficacy and applicability of the proposed approach are verified. Noting that, the equivalent modeling of the AC-DC power networks preserves the 500 kV main networks, the HVDC systems, and the AC links between them during the equivalence process. As the model of the multiple HVDC systems is considered, the model complexity of the AC-DC power networks is certainly increased, and it is regarded as the main limitation of the proposed modeling. The equivalent model can be used to investigate the stability issues of the AC-DC power networks with DFIG-based wind farms in light of favorable simulation speed and accuracy. In addition, the equivalent model can be used for assessing the hosting capacity of renewable energy in the AC-DC power systems from the stability perspective. Shortly, our research team plans to test the equivalent model’s functions further and explore the application of the proposed method in the multi-region interconnected AC-DC power systems with different types of renewable energy generation. The research findings will be reported in other articles.
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Table 3: Branch power error err, and node voltage error err, of the equivalent model under the N-1
fault

Branch number Power error errp/% Node number Voltage error err, /%
19-18 1.33 19 0.06
61-62 0.01 61 0.02
17-16 4.32 17 0.81
75-74 2.78 75 0.56
21-22 0.51 21 0.21
65-67 0.41 65 0.17
33-20 0.58 33 0.24

63-75 1.15 63 0.43
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Table 8: Comparison of the PSO, traditional CSA, and ICCSA in the wind farm parameter
identification

Item Numbers of iterations Objective function
The PSO 47 0.0153
The traditional CSA 50 0.0271

The suggested ICCSA 46 0.0054
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Table 4: Branch power error err, and node voltage error err, of the equivalent model under the N-2
fault

Branch number Power error errp/% Node number Voltage error err, /%
19-18 1.42 19 0.06
61-62 0.02 61 0.04
17-16 4.87 75 0.85
75-74 3.23 21 0.63
21-22 0.51 65 0.21
65-67 0.41 63 0.17
33-20 0.58 33 0.24

63-75 1.14 63 0.43
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Table 9: Results of the model error in imitating the larger wind farm’s active power under the four
cases

Item Model error in imitating the wind farm’s active power/%

Steady-state ~ During the fault  After fault clearance

Case 1 - —
Case 2 2.07 1.87 0.86
Case 3 1.71 2.03 1.02

Case 4 1.09 0.65 0.74
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Table 7: Results of the model error in imitating the wind farm’s active power under the four cases

Item Model error in imitating the wind farm’s active power/%
Steady-state ~ During the fault  After fault clearance

Case 1 —

Case2  2.03 1.59 0.69

Case 3 1.69 1.76 0.81

Case 4 1.07 0.42 0.68
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Table 1: Parameters of the improved chaotic cuckoo search algorithm

Item Value
Population size, N, 30
Maximum iteration number, MaxIT 50
Maximum step size parameter of levy flights, o, 0.6
Minimum step size parameter of levy flights, o, 0.2
Maximum probability, P, .. 0.6
Minimum probability, P, ., 0.1
Control parameter of the chaotic mapping, u 4
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Table 6: Parameters of the traditional CSA

Item Value
Population size, N, 30
Maximum iteration number, MaxIT 50
Step size parameter of levy flights, 0.45
Probability, P 0.5
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Table 2: Scale comparison of the detailed model and the equivalent model

Item Detailed model =~ Equivalent model  Shrinkage ratio
Number of conventional generators 20 12 40%

Number of DFIG-based wind turbines 54 18 66.7%

Number of network nodes 78 40 48.7%

Number of AC lines 92 36 60.9%

Number of power loads 34 18 47.1%
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Table 5: Parameters of the PSO algorithm

Item Value
Population size, N, 30
Maximum iteration number, MaxIT 50
Learning factor, ¢ 1.5

Inertia factor, w

0.2
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