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Fig.2 Comparison of LVRT characteristics under constant
wind speed and variable voltage
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VARG AR E AT 1000 R, AR E
SRR 2, PP TR bR R ECE 2.2 75, =M bR
PME S 7 =X aE R L% 3,

x2 MUEZESHEE

Tab.2 Parameter setting for optimizationalgorithms

A= RTR SR E
CPO N=35, Tiax=100, T¢=0.6, T=2, &=0.1, Npnin=20
PSO N=35, Tmax=100, ¢;=1.7, c,=1.3, w=0.6
GWO N=35, Tiax=100, a=2~0
WOA N=35, Timax=100, a=2~0, b=1

%R 3 K-Means BEKHMEXTEE

Tab.3 Comparison of improved effects of K-Means clustering

SC CHI DBI
ﬁi{ iy N iy S 3 N
¥iE i % YiE oz HE Ji %

ok R 0.637 1.436x10-5 158.2 45.22 0.509 1.054x1075

% CPO ik J5 0.643 8.412x1077 31.86 4.326 0.503 7.957x1077
% PSO B4t J5 0.640 4.391x10°¢ 50.29 9.931 0.507 1.877x10°¢
2 GWO i3t f5 0.641 1.687x1076 42.23 5.904 0.504 9.100x1077

2 WOA it 5 0.641 1.443x107° 39.88 5.552 0.505 1.026x10°°

FVHE TR AR T RBRI B IIRA, T EHE
BRI, w0 4k B0k 20 K-Means BB H
R R . AN BT A AR A S
CPO V% Be U B A 2 o
53 FEERFEIIE

4 3 R 37 UL 5451, 3@ i PSCAD/EMTDC i3t
TR R, K H 48 G EIKRHLAR, 0 6
FTERIFBAIENIEM AL, T2k 8 & XML, 4D
PG XL FE S 500 m, %5 % 482 i s s 1% B O A%
A ER, FEFEA G WE 9 Fios .
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N

Ko &GS

Fig.9 Simulation example structure
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Tab.4 Wind farm equipment parameters

% Z oA
HUE RV 690
BUE T R /MW 2
H IR KA e RE /(m/s) 10
YINAHE /(m/s) 4
)t XH# /(m/s) 25
Bl 25 /(MV-A) 2.5
HIOKE/(MV-A) 125
Xr1(%) 6
Xr12(%) 11
R/(W/km) 0.12
CEEH
X/(W/km) 0.314
03(pu) - 0.5(pu) — — 0.7(pu)
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Fig.10 Wind speed settings and clustering results
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Fig.11 Simulation results under symmetrical fault
conditions
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Fig.12 Simulation results under asymmetrical fault
conditions
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Tab.5 The equivalent error of different clustering methods

H R SPIGAIRTR 2 (%) KGR
b A Sy DTk
(pu) P 0 PMW  O/Mvar
MEEH  2.233 1.723 6.779  0.683
0.30

AT 0.929 1.059  3.208  0.470

MEEH  2.852 2.937 4978  1.819
=R 0.50
AT 0.738 1.558 1.495  0.374

MEES  2.021 2.834 4720  0.870

0.70
AXFP: 0.165 2.531 0.378  0.346
ROEEE  2.095 2.173 3.070  0.891
0.50
KT 1.588 1.787  2.847  0.615
VA 2 1
KEEE 1304 1.984 2560  0.519
0.65

AXTTiE 0.746 1.711 0.919  0.442

) RERHE  1.679 4972 4390  0.515
R E 0.75 ‘
ATk 0336 3.897  0.540  0.428
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The simplified model of grouping and equivalent of wind turbines, inspired by the coherent
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equivalent method in power systems, has been widely applied. For wind turbines, the transient responses after faults
under different operating conditions exhibit significant differences. To achieve accurate grouping, it should be based
on the similarity of transient responses. However, most existing wind turbine grouping methods rely on steady-state
conditions represented by wind speed, state variables, etc., which struggle to meet simulation demands in terms of
grouping and equivalent accuracy. While some methods directly cluster transient response curves, they require
access to unit-level transient response data, limiting their practicality. To address the challenge of balancing
effectiveness and practicality in wind turbine grouping and equivalent, this paper proposes a method based on
single-unit scanning and curve shape clustering. Essentially focusing on transient responses, this method only
requires steady-state data and fault scenarios for application, ensuring both effectiveness and practicality.

Firstly, by setting different wind speeds, voltages, and fault conditions for individual wind turbines, key
influencing factors and dynamic responses are selected through comparative analysis. This single-unit scanning
simulation method enables the acquisition of clustering data while establishing a link between steady-state points
and dynamic characteristics. Secondly, considering the actual process of aggregation and equivalent, the correlation
coefficient is chosen as the similarity evaluation index between transient responses. Thirdly, by comparing various
classical clustering methods, the K-Means clustering algorithm, which is most suitable for this problem, is selected
and further optimized using a crested porcupine optimizer optimization algorithm to improve clustering
effectiveness. Finally, a time series clustering algorithm capable of effectively capturing shape differences is
implemented to precisely categorize transient responses, combining the link between steady-state points and
dynamic responses established in the first step to achieve practical and high-precision wind turbine grouping.

Applying the proposed grouping method to a typical direct-drive wind turbine model, the grouping results
under full fault conditions are in complete agreement with the distinct grouping boundaries derived from
theoretical analysis. In contrast, traditional methods based on steady-state quantities yield significantly different
grouping boundaries, demonstrating that the proposed grouping index enables precise grouping based on transient
responses. Regarding clustering algorithms, the K-Means algorithm outperforms six other algorithms across three
evaluation metrics. By repeatedly clustering and calculating the evaluation metrics, the proposed improved
method shows slight improvements in the mean values of the three metrics compared to the original method, with
the variance reduced to within 1% of the original method, indicating the effectiveness of the modified K-Means
algorithm. Finally, PSCAD simulation cases for three types of faults verify the equivalence. Compared to
traditional wind speed clustering methods, the proposed method reduces the average relative error by
approximately 60% to 90% and the maximum absolute error by approximately 50% to 90%, indicating its
superior performance in grouping and equivalent effectiveness.

In conclusion, this paper finds that: (1) The primary influencing factors of the low-voltage ride-through
dynamic characteristics of direct-drive wind turbines are wind speed and fault conditions, with active power
being the primary manifestation of dynamic characteristic differences, while reactive power differences are
minimal. (2) Measuring time series similarity using the linear correlation coefficient effectively captures the
linear relationships between curves, making it suitable for wind turbine grouping and equivalent problems. The
crested porcupine optimizer algorithm improved K-Means algorithm achieves optimal clustering results. (3) By
acquiring transient time series through single-unit scanning and using them as clustering data, clustering dynamic
characteristics to obtain steady-state point grouping boundaries, and then performing wind farm grouping and
equivalent, this method significantly improves equivalent accuracy while ensuring practicality.

Keywords: Dynamic equivalence, direct-drive wind turbine generator, wind farm equivalence, time series
clustering
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