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ABSTRACT: Dynamic equivalent modeling of large-scale wind farms is the foundation for studying wind power grid
integration, while the clustering-based equivalent model of wind farms cannot fit the dynamic output characteristics
with high accuracy, and the poor generalization ability in its application is an inherent defect of clustering based model.
Aiming at this problem, this paper proposes a wind farm equivalent modeling method based on particle swarm
optimization-long short term memory neural network-error correction model (PSO-LSTM-ECM). Firstly, K-means
clustering algorithm and capacity weighting method are used to cluster wind turbines in wind farms, and a clustering
equivalent model of the wind farms is constructed; Then, ECM is constructed based on the transient response errors of
the detailed model and the clustering equivalent model, and the correction model is obtained through the LSTM neural
network training optimized by PSO, and the output value of the network is compensated to the clustering equivalent
model; Finally, a joint simulation is conducted on PSCAD and Matlab platforms to compare and analyze the detailed
wind farm model, clustering equivalent model, and the model proposed in this paper. The result proves the

effectiveness and superiority of the proposed model.
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Fig. 4 Detailed model of wind farm

FRAE 2. 115 SRR PR s O I, R 145 1
FRABT 2145 & R WL i i ARG o A7 D i P
AL % 3 w o

DLy ARG o A D it PO LA % 3 o
Fehr, XF 16 & KL 1T K-means BT, E
MRFEH 4, W16 G RBEPHARE T HAHG,
PR R SERE KB SHE R 1 6, SFE S
M A AT AR 3], R R ANE 2 s .

HRAE 3. 4795 3k 0y v 3 SR AT v 1R S
TR TR AN R R SRS AL S |, JAE AN TR
TOLT 4G Bk 2 IR i B AR N . 55
552 3INA, A SCHE PSCAD/EMTDC -4 R
TR TEA AR R R ERIR, 7 PSCAD
- B I S T Bl L a3 )
ARIURHL S A I SR 2 S (RS (1 S e

BB AT B st BRSO T R g &
35kV/220 kV ZAZHL 5 B IE R g B 5 0 a, 115
5%as, e, a,=1,2, -+, 15, H a1 7 azo [AIET, K
AL A E N 1. 58,8=1,2,--,40, F£

BRI ‘

®1 REBHANBESH

Table 1 Initial parameters of wind turbine

HLLH % = WG/ (mes 1) Bed/pu EHA /KW
1 11.2 0.83 845
2 10.1 0.67 610
3 10.4 0.71 670
4 9.8 0.56 555
5 10.7 0.76 740
6 10.1 0.69 610
7 11.0 0.81 800
8 9.2 0.55 490
9 10.2 0.64 650
10 9.5 0.53 510
11 8.7 0.44 360
12 9.1 0.47 425
13 11.1 0.83 840
14 9.2 0.52 465
15 9.8 0.63 565
16 10.7 0.76 735
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Table 2 K-means clustering results
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Fig. 5 Grid connected bus voltage of wind farm under
load fluctuation
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load fluctuation
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Table 5 Performance index comparison of
different models

*ﬁﬂ PRMSE/kW URMSE/kV
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