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Abstract 

Sub/super-synchronous oscillations induced by the interaction between wind turbines 
and the grid pose increasing challenges to the dynamic analysis of power-electronics-
dominated power systems. For microgrids comprising a large number of distributed di-
rect-drive wind turbines (DDWTs), detailed electromagnetic transient modeling becomes 
computationally prohibitive, while conventional single-machine equivalent models often 
fail to capture critical oscillatory characteristics. To address these issues, this paper pro-
poses an impedance-sensitivity-based clustering and equivalent modeling method for 
DDWT groups in a microgrid. First, a frequency domain impedance model of DDWTs is 
established, and the impedance sensitivities of key control parameters are analyzed under 
various steady-state operating conditions. By jointly considering the absolute magnitude 
of impedance sensitivity and its variation across operating points, a sensitivity-informed 
criterion is developed to select physically meaningful clustering indices capable of distin-
guishing wind turbines with different operating conditions. Based on the selected indices, 
a k-means clustering algorithm is employed to group distributed DDWTs, and a multi-
machine equivalent model is constructed accordingly. Simulation studies under imped-
ance disturbances validate the effectiveness of the proposed equivalent model in accu-
rately reproducing the oscillation characteristics of a microgrid with multiple DDWTs. 

Keywords: distributed direct-drive wind turbine; microgrid; equivalent model;  
sub/super-synchronous oscillation 
 

1. Introduction 
In the context of the global energy transition, an increasing number of distributed 

direct-drive wind turbines (DDWTs) are being integrated into microgrids to enhance local 
renewable energy utilization and improve supply reliability [1–3]. DDWTs are connected 
to the grid through full-scale power converters, whose control loop interactions with grid 
impedance can excite resonances in the sub- and super-synchronous frequency ranges [4–
6]. These resonances may cause shaft torsional vibrations, and even protective relay trips. 
Therefore, appropriate dynamic models are essential for analyzing these oscillations and 
assessing the stability of microgrids with numerous distributed DDWTs. 

The modeling of individual DDWTs has been extensively studied, providing an im-
portant basis for analyzing converter dynamics and oscillation mechanisms. For example, 
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steady-state bi-directional converter models for hybrid AC/DC networked microgrids 
have been established in [7], and a variable speed direct-drive generator with power elec-
tronic interface is modeled for dynamic analysis in [8]. Based on these individual DDWT 
models, a detailed model of microgrids with numerous DDWTs can be constructed for 
system level oscillation analysis. However, such full-order models are computationally 
expensive. Therefore, it is necessary to develop an equivalent model for distributed 
DDWT clusters in microgrids [9,10]. 

At present, extensive research has been carried out on equivalent modeling of wind 
power generation for oscillation analysis. Some studies focus on reducing the state space 
order of detailed models to improve simulation efficiency while retaining the dominant 
oscillation modes [11–14]. However, these methods still involve high computational com-
plexity, and the physical meaning of the system becomes unclear after model reduction 
[15]. Another approach is aggregation-based equivalent modeling, which can be classified 
into single-machine equivalent method and multi-machine equivalent method. In single-
machine equivalent, all wind turbines are represented by an equivalent machine [16]. Alt-
hough this approach is computationally efficient, it neglects differences in the operating 
conditions of individual wind turbines, which usually result in reduced equivalence ac-
curacy. To improve modeling accuracy, parameter identification techniques have been 
applied to optimize the parameters of single-machine equivalent models [17]. However, 
the associated identification process introduces additional computational burden, which 
limits practical applicability in large-scale systems. 

In multi-machine equivalent method, wind turbines are divided into several groups 
based on dynamic similarity, with each group represented by an equivalent machine. This 
approach better captures differences and spatially distributed dynamics. In [18], dominant 
mode eigenvalues of wind turbines are used to determine clustering and aggregation. In 
[19], wind turbines are clustered based on the participation factors of generalized short-
circuit ratios. However, this method focuses on planning stage analysis under the ideal-
ized assumption that all wind turbines operate at rated conditions. In [20], doubly-fed 
induction generator (DFIG) wind turbines are clustered based on the similarity of their 
active power output. In [21], a clustering method based on index dimension reduction and 
weighted fuzzy C-means algorithm is proposed. In [22], rotor equivalent resistance is used 
as the cluster principle in a sub-synchronous frequency domain equivalent modeling 
method. In [23], dominant variables of the sub-synchronous oscillation (SSO) modes in a 
series-compensated DFIG-based wind farm are used for wind turbine clustering. In [24], 
key influencing factors of the dominant oscillation modes are chosen as clustering indices. 
These methods are developed for DFIG-based wind farms and are not directly applicable 
to DDWT-based wind farms due to differences in topology and dynamic characteristics. 
For DDWT-based wind farms, Ref. [25] uses participation factors of wind turbines in the 
dominant oscillation mode as clustering indices, and proposes a node-by-node aggrega-
tion method. However, the parameters of equivalent machines are obtained through rel-
atively complex calculations. In [26], an equivalent modeling method is proposed in 
which the PI parameters of the phase locked loop (PLL), the current loop, and the filter 
inductance are selected as clustering indices. However, differences in operating points of 
wind turbines are not considered. In [27], dominant SSO-related parameters during and 
after the oscillation are used as clustering indices. This approach involves a large number 
of variables across multiple time instants, resulting in high computational complexity. 

In summary, the existing equivalent modeling method of DDWT groups for oscilla-
tion analysis is insufficient. Some methods do not account for differences in the operating 
points of individual wind turbines when selecting clustering indices. Furthermore, some 
approaches rely on variables sampled during and after the oscillation period for clustering, 
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which are difficult to obtain before the oscillation occurs. Motivated by the above limita-
tions, this paper proposes an impedance-sensitivity-based equivalent method for distrib-
uted DDWT groups. The main contributions are summarized as follows. 

(1) A frequency domain impedance model of DDWTs is established to perform imped-
ance sensitivity analysis under multiple steady-state operating conditions, quantita-
tively revealing how key control parameters influence the sub/super-synchronous 
impedance characteristics and how such influence depends on the operating points. 

(2) A sensitivity-informed clustering strategy is proposed, in which control parameters 
that are both highly sensitive and strongly dependent on operating point are selected 
as clustering indices, and a k-means-based aggregation method is developed to di-
vide the distributed DDWTs into several clusters, explicitly accounting for the differ-
ence in operating conditions. 

(3) An equivalent method is developed, where each cluster is aggregated into an equiv-
alent machine. Case studies on microgrids with 20 distributed DDWTs demonstrate 
that the proposed method can accurately reproduce the oscillation characteristics of 
the detailed model while significantly reducing computational burden. 

The rest of this paper is organized as follows. In Section 2, the frequency domain 
impedance model of the DDWTs is established. Section 3 presents the impedance sensi-
tivity-based clustering indices selection criterion. The equivalent method of distributed 
DDWT groups is presented in Section 4. Section 5 validates the proposed equivalent 
method through case studies on a microgrid with 20 distributed DDWTs. The discussion 
and conclusion are presented in Sections 6 and 7, respectively. 

2. Frequency Domain Impedance Modeling of Distributed DDWTs 
Understanding the impedance characteristics of DDWTs is fundamental for analyz-

ing their interactions with the grid and assessing the risk of sub/super-synchronous oscil-
lations. Since the dominant oscillation mechanisms of DDWTs originate from the control 
dynamics of the full-scale power converter, particularly the grid-side converter (GSC), an 
accurate frequency domain impedance model is required to characterize the converter re-
sponse to grid disturbances under different operating conditions. Therefore, a detailed 
impedance model is presented in this section. 

2.1. Overall Structure and Control Architecture of a Distributed DDWT 

A typical DDWT mainly consists of a wind turbine rotor, a drive shaft, a permanent 
magnet synchronous generator (PMSG), a machine-side converter (MSC), a dc link capac-
itor, a GSC, an ac filter, and the associated converter control system [8]. The mechanical 
power captured by the wind turbine is directly transmitted to the PMSG without a gear-
box, which enhances system reliability and reduce mechanical losses. The PMSG gener-
ates three-phase electrical power, which is rectified by the MSC into dc power. A dc link 
capacitor is employed to stabilize the intermediate dc link voltage. Subsequently, the GSC 
converts the dc power into ac power and injects it into the grid through a filter. The overall 
configuration of the distributed DDWT is illustrated in Figure 1. In Figure 1, udc is the dc 
link voltage, uabc is the three-phase terminal voltage of the DDWT, iabc is the three-phase 
output current of the DDWT, Cdc denotes the dc link capacitance, and Rf and Lf represent 
the resistance and inductance of the filter, respectively. θe is the electrical angle of the 
PMSG, while θpll is the phase angle of the PLL. 

The MSC regulates the PMSG to extract maximum available wind power, typically 
adopting a dual-loop control structure consisting of an outer loop and an inner loop. The 
maximum power point tracking (MPPT) module calculates the optimal aerodynamic 
power and generates the corresponding active power reference Pmref, which serves as the 
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reference for the outer loop. The outer power controller compares the MPPT power refer-
ence Pmref with the measured generator active power Pm. The resulting power error is pro-
cessed by a PI controller to generate the q-axis current reference imqref, while the d-axis 
current reference imdref is typically set to zero to regulate the stator flux. 
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Figure 1. The schematic diagram and control block diagram of a distributed DDWT. 

Accordingly, the current references (imqref and imdref) can be expressed as 

= − + −i k P P k P P dtmqref pmp m mref imp m mref( ) ( )  (1) 

=imdref 0  (2) 

where kpmp and kimp are the proportional and integral coefficients of the MSC active power 
outer loop, respectively. 

The three-phase generator currents are transformed into the synchronous dq refer-
ence frame to obtain the current components imd and imq. The inner current control loop 
employs PI regulators with feedforward compensation to track the references imdref and 
imqref, and generates the corresponding dq-axis voltage references umdref and umqref, given by 

( ) ( )
( ) ( )

ω

ω ω ψ

 = − + − −


= − + − + +




u k i i k i i dt L

u k i i k i i dt L
mdref pmc mdref md imc mdref md e mf

mqref pmc mqref mq imc mqref mq e mf e f

 (3) 

where kpmc and kimc are the proportional and integral coefficients of the MSC current inner 
loop, respectively, ωe is the electric angular speed of the generator, Lmf is the filter induct-
ance of MSC, and Ψf is the stator flux linkage. 

The voltage references umdref and umqref are transformed into the abc frame through 
inverse Park transformation. Subsequently, space vector pulse width modulation 
(SVPWM) is applied to generate the switching signals dmabc for the MSC semiconductor 
devices. 

The GSC also adopts a dual-loop control structure consisting of the outer loops and 
inner loops. The outer loops include a dc link voltage control loop and a reactive power 
control loop. The dc link voltage loop regulates the dc link voltage and generates the d-
axis current reference idref, which governs the active power exchange between the con-
verter and the grid. Meanwhile, the reactive power loop produces the q-axis current ref-
erence iqref, enabling independent reactive power regulation. The current references can 
be expressed as 

= − + −i k u u k u u dtdref pudc dc dcref iudc dc dcref( ) ( )  (4) 

= − + −i k Q Q k Q Q dtqref pQ ref iQ ref f( ) ( )  (5) 
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where udcref is the dc link voltage reference, and kpudc and kiudc are the proportional and 
integral coefficients of the dc link voltage loop, respectively. Qref is the reactive power ref-
erence. kpQ and kiQ are the proportional and integral coefficients of the reactive power loop, 
respectively. Qf denotes the filtered reactive power obtained by passing the measured re-
active power Q through a first-order filter with the time constant TfQ, which is described 

by + =T Q Q QfQ f f


. 

The three-phase currents iabc are transformed into the synchronous dq reference 
frame using the phase angle estimated by the PLL, yielding the current components id and 
iq. These currents are compared with their references, and the resulting errors are pro-
cessed by PI controllers with feedforward compensation to generate the dq-axis voltage 
references ugdref and ugqref, expressed as 

( ) ( )
( ) ( )

ω

ω

 = − + − − +


= − + − + +




u k i i k i i dt L u

u k i i k i i dt L u
gdref pc dref d ic dref d f df

gqref pc qref q ic qref q f qf

 (6) 

where kpc and kic are the proportional and integral coefficients of the GSC current inner 
loop, respectively, and ω is the grid angular frequency. udf and uqf denote the filtered volt-
age components in the dq frame obtained by passing the measured voltage components 
in the dq frame ud and uq through a first-order filter with the time constant Tf, which is 

described by + =T u u uf df df d


, + =T u u uf qf qf q


. 

The voltage references ugdref and ugqref are transformed into the abc frame through 
inverse Park transformation. SVPWM is then applied to generate the switching signals dabc 
for the GSC semiconductor devices. ud and uq are the grid voltage components in the dq 
frame, respectively. 

2.2. Impedance Modeling of a DDWT 

Following the modeling principles in [28], the dq domain admittance of the DDWT 
Ydq can be expressed as 

−= − + +Y Y Y sC Y Y Y1
dq dq4 c dc dcM dc4 d( )  (7) 

where 
−=Y A B1

dq4  (8)

−=Y A C1
c  (9)

ω
ω

  + −     = − + −        +  

R sL L
Y u u Y i i i i Y

L R sLu
f f f

d d4s q4s dq4 d4s q4s d4s q4s dq4
f f fdcn

1.5   (10)

ω
ω

   + −   = − − −        +  
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ω ω
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ω
ω

    −
= + − − − + +      −     

L
B I G H I G H I G H H H

i iL
f

upll c ipll f uipll c Q fQ
q4s d4sf

0 00
( ) 1.5

0
  (14)

 
= −  

 

H
C H udc

c 0
 (15)

where s is the Laplace operator, udcn is the rated dc-link voltage, and Pg is the active power 
of the DDWT. ud4s and uq4s are the steady-state d- and q-axis voltage components at the 
side of the GSC under the electrical coordinates reference frame, while id4s and iq4s are the 
corresponding steady-state current components. uid4s and uiq4s are the steady-state d- and 
q-axis voltage components at the point of common coupling (PCC) under electrical coor-
dinates reference frame. Hc is the transfer function of the current inner loop PI controller, 
given by Hc = kpc + kic/s. Hudc and HQ are the transfer function of the dc link voltage loop 
and reactive power control loop, respectively, expressed as Hudc = kpudc + kiudc/s and HQ = 
kpQ + kiQ/s. Hf is the voltage feedforward filter, expressed as Hf = 1/(1 + sTf), and Tf is the 
filter time constant. HfQ is the transfer function of the first-order filter of the reactive power 
control loop, expressed as HfQ = 1/(1 + sTfQ), and TfQ is the filter time constant. 

In Equation (14), the PLL-related transfer functions Gupll, Gipll, and Guipll can be ex-
pressed as 

 
=  

−  

u G
G

u G
q4s pll

upll
d4s pll

0

0
 (16) 

 
=  

−  

i G
G

i G
q4s pll

ipll
d4s pll

0

0
 (17) 

 
=  

−  

u G
G

u G
iq4s pll

uipll
id4s pll

0

0
 (18) 

where 

=
+

H
G

s H u
pll

pll
pll id4s

 (19) 

where Hpll is the transfer function of the PLL, which can be expressed as Hpll = kppll + kipll/s, 
and kppll and kipll are the proportional and integral coefficients of the PLL, respectively. 

The resulting dq domain admittance Ydq of the DDWT is 2 × 2 transfer matrix 

 
=  
  

Y Y
Y

Y Y
dd dq

dq
qd qq

 (20) 

To facilitate oscillation analysis in the sequence domain, Ydq is further transformed 
into the positive sequence admittance Yp using the standard transformation function [25] 

+ −
= +

Y Y Y Y
Y jdd qq dq qd

p 2 2
 (21) 

Subsequently, the corresponding sequence impedance Zp can be obtained as 
−=Z Y 1

p p  (22) 

It should be noted that the dq-domain impedance model established above is derived 
based on the dq-transformation and small-signal linearization around a steady-state op-
erating point. This modeling method assumes balanced three-phase conditions and suffi-
ciently small perturbations, such that the system dynamics can be approximated as linear 
and time-invariant at each analyzed frequency. Under fast power variations or control 
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saturation, these assumptions may be violated, potentially leading to reduced modeling 
accuracy. Such limitations are inherent to small-signal dq-domain impedance modeling 
and define its applicable analysis scope. 

To verify the correctness of the established impedance model, a simulation model of 
the DDWT is established in PSCAD/EMTDC. The main parameters are listed in Table 1. 
The PI control parameters of converter were selected based on standard bandwidth sepa-
ration principles and typical industrial practice. Specifically, the current loop was de-
signed with a bandwidth significantly higher than those of the dc-link voltage loop and 
the PLL. The outer loop control parameters were then tuned to achieve stable operation 
under the nominal operating condition. 

Table 1. Main parameters of the distributed DDWTs. 

Parameters Values Parameters Values 
Rated capacity 3.4 MW kpudc 1 
Rated voltage 0.69 kV kiudc 50 

DC link voltage 1.2 kV kpQ 0.6 
DC link capacitance 60,000 µF kiQ 0.98 

Filter resistance 0.003 Ω kpc 0.13 
Filter reactance 0.000125 H kic 7.5 

Tf 0.01 TQ 0.005 

A small amplitude sinusoidal voltage perturbation is injected at the voltage source, 
and the resulting current response is recorded. The impedance frequency sweep is per-
formed from 2 Hz to 200 Hz. The starting frequency of 2 Hz is selected in accordance with 
common impedance scanning practices [29,30] and is used solely for impedance model 
verification, without implying a theoretical lower bound of the applicability of the pro-
posed method. The proposed impedance modeling and clustering method remains valid 
below 2 Hz. The upper limit of 200 Hz is chosen to capture the dominant control-induced 
dynamics for sub- and super-synchronous oscillations, including the effects of the PLL, 
the dc-link voltage loop, and the major portion of the current loop. In contrast, higher 
frequency oscillations associated with switching harmonics, PWM modulation, and filter 
are beyond the scope of this study. Specifically, the current loop bandwidth is typically 
on the order of several hundred hertz but below the switching frequency, while the band-
widths of the dc-link voltage loop and the PLL are generally on the order of several tens 
of hertz, making 200 Hz sufficient to capture the oscillatory phenomena of interest. Based 
on the measured voltage and current, the sequence impedance Zp_sim is computed and 
compared with the analytically derived impedance Zp, as shown in Figure 2. Based on 
Figure 2, excellent consistency is observed in both magnitude and phase across the entire 
frequency range, thereby validating the accuracy of the established impedance model. 
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Figure 2. Comparison between the analytical impedance model and the frequency-sweep-based im-
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of frequency f, the set of key control parameters θ = [kpudc, kiudc, kpQ, kiQ, kpc, kic, kppll, kipll, Tf, 
TQ], and the steady-state active power Pg,j. Since these control parameters differ signifi-
cantly in physical units and numerical scales, direct comparison of their absolute sensitiv-
ity values is not meaningful. To enable a consistent and comparable comparison, a nor-
malized impedance sensitivity index is adopted. The normalized impedance sensitivity of 
Zp with respect to the i-th control parameter θi under a given steady-state active power Pg, 
denoted as Sθi_Pg,j, is defined as 

( )
θ θ

θ θ θ θ θ θ θ θ

θ θΔ →

+ Δ − − Δ
=

Δi j
i

i i m i i m
P

i i

Z Z Z
S

g,

p 1 p 1 p0
_ 0

( , , , , ) ( , , , , )
lim

2

… … … …
 (23) 

where Δθi representes a small perturbation applied to θi, Zp0 is impedance corresponding 
to the nominal parameter set, and m denotes the total number of considered control pa-
rameters. 

To facilitate comparison over the entire frequency range, a scalar metric is further 
introduced by averaging the absolute sensitivity over the frequency range. The mean ab-
solute sensitivity is defined as 
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where Aθi_Pg, j denotes the mean absolute sensitivity of parameter θi under steady-state ac-
tive power Pg, j, and nf is the total number of frequency points within the calculated fre-
quency range. 

Based on the above definition, the mean absolute sensitivity Aθi_Pg, j of all control pa-
rameters is evaluated under several steady-state active power levels Pg, j. The correspond-
ing results are illustrated in Figure 3. 
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indicates that kpc dominates the impedance shaping and is highly effective in reflecting 
operating-point-dependent dynamic behavior. The filter time constant Tf presents the sec-
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ond largest sensitivity and also demonstrates a notable dependence on the operating con-
dition, implying that the filter dynamics significantly influence both the magnitude and 
the operating point variation in the impedance. The PLL-related gains (kppll, kipll) maintain 
relatively high sensitivity values; however, their variation with respect to the operating 
point is comparatively moderate, suggesting a persistent but less operating-point-de-
pendent influence on the impedance characteristics. The dc link voltage control gains (kpudc, 
kiudc), the reactive power loop proportional gain kpQ, and the reactive power filter time 
constant TQ present a medium sensitivity level. Among these parameters, kpudc and kpQ 
show noticeable operating point dependence, indicating that their influence on imped-
ance characteristics becomes more pronounced at certain active power levels. In contrast, 
kiudc and TQ show nearly identical sensitivity values across different operating conditions, 
suggesting that its contribution to the impedance remains largely invariant and thus pro-
vides limited capability for distinguishing wind turbines operating at different steady-
state power levels. The integral gain of the current loop kic, and the integral gain of the 
reactive power loop kiQ display generally low sensitivity magnitudes, with minimal vari-
ation across operating points. This indicates that these parameters have only a minor im-
pact on the impedance characteristics and provide limited discrimination capability under 
varying operating conditions. To clearly highlight the relative sensitivity levels and oper-
ating point dependencies discussed above, the key observations are summarized in Table 
2. In summary, the results demonstrate that only a subset of control parameters effectively 
reflect impedance variations across different operating conditions, thereby providing a 
meaningful basis for subsequent clustering index selection and equivalent modeling. 

Table 2. Impedance sensitivity and operating point dependencies of key control parameters. 

Control Parameter Sensitivity Magnitude Operating Point Dependence 
kpudc Medium Moderate 
kiudc Medium Very small 
kpQ Medium Moderate 
kiQ Small Very small 
kpc High Significant 
kic Small Very small 

kppll Relatively High Relatively Significant 
kipll Relatively High Relatively Significant 
Tf High Significant 
TQ Medium Small 

3.2. Sensitivity-Based Selection of Clustering Indices 

Based on the sensitivity analysis presented in Section 3.1, this section describes the 
procedure for selecting clustering indices. The impedance sensitivities of different control 
parameters are evaluated under multiple steady-state operating points, thereby reflecting 
how variations in active power levels affect the converter dynamics. If the sensitivity cor-
responding to a given parameter exhibits noticeable variation as the operating point 
changes, it reflects differences in the oscillatory behavior of wind turbines operating under 
different active power conditions. Such a parameter is therefore capable of distinguishing 
wind turbines in terms of their impedance characteristics and can serve as a meaningful 
clustering index. Conversely, if the sensitivity remains nearly invariant across operating 
points, its contribution to the impedance characteristics is essentially constant, rendering 
it ineffective for differentiating wind turbines subjected to varying steady-state conditions. 

However, sensitivity variation alone is insufficient for index selection. Parameters 
with extremely small absolute sensitivity may still exhibit relative variation, yet their over-
all influence on the impedance remains negligible. To avoid such cases, both the absolute 
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magnitude of impedance sensitivity and its operating point dependency must be jointly 
considered. Accordingly, the selection of clustering indices is based on the following two 
criteria: 

(1) A relatively large impedance sensitivity, ensuring that the parameter has a physically 
meaningful influence on the impedance characteristics. 

(2) A significant variation in sensitivity across operating points, ensuring that the pa-
rameter can effectively distinguish wind turbines operating at different steady-state 
active power levels. 

To implement these criteria, the mean absolute sensitivity Aθi_Pg, j of each parameter θi 
under multiple active power levels Pg, j is organized into a parameter-power sensitivity 
matrix. 
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Threshold-based selection rules are then applied to objectively identify candidate pa-
rameters. First, the average sensitivity of each parameter across all operating points, de-
noted as Aθi_avg, is calculated to quantify its overall contribution. Aθi_avg is given by 
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where Aθi_Pg,j is the mean absolute sensitivity for parameter θi under active power levels Pg, 
j, and np is the total number of steady-state operating points considered. 

A threshold for Aθi_avg is specified, denoted as Aθi_th. Parameters satisfying Aθi_avg > 
Aθi_th are retained for further evaluation, while those with weak overall sensitivity are ex-
cluded. 

Second, to characterize the operating point dependency of sensitivity, both the abso-
lute range and the coefficient of variation are introduced. The sensitivity range across op-
erating points Rθi is defined as 
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which reflects the absolute extent of variation. In addition, the coefficient of variation CVθi 
is computed as 
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which measures the relative fluctuation normalized by the average sensitivity. 
Thresholds Rθi_th and CVθi_th are specified for these two metrics. Parameters whose 

sensitivity variation range or coefficient of variation exceeds the corresponding threshold 
are retained. In this way, parameters exhibiting either pronounced absolute variations or 
significant relative fluctuations are identified as capable of capturing operating point de-
pendent impedance differences. The parameters selected through this process constitute 
the initial candidate set of clustering indices. 

To avoid either excessive or insufficient parameter selection, adaptive threshold ad-
justment and a top-N refinement strategy are further introduced. Specifically, the number 
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of selected parameters is constrained within a predefined interval [Nmin, Nmax]. If the num-
ber of candidates is smaller than Nmin, the thresholds of Aθi_th, Rθi_th, and CVθi_th are gradu-
ally relaxed and the screening procedure is repeated until the constraint is satisfied. Con-
versely, if the number of candidates exceeds Nmax, the top Nmax parameters ranked by sen-
sitivity variation are retained as the final clustering indices. This procedure ensures that 
the selected indices are both physically interpretable and sufficiently discriminative. 

4. Equivalent Modeling Method of Distributed DDWT Groups 
4.1. DDWTs Clustering Method Based on the K-Means Algorithm 

In this study, the k-means clustering algorithm is adopted to group all DDWTs based 
on the clustering index selection method described in Section 3.2. The k-means algorithm 
is chosen due to its wide application and computational simplicity. However, it is well 
known that the k-means algorithm has several limitations, such as implicit assumptions 
about cluster shape, the need to predefine the number of clusters, and sensitivity to ini-
tialization. These limitations are mitigated through specific measures implemented in the 
clustering procedure as follows. 

First, regarding the assumption of cluster shape, the clustering space is constructed 
using impedance sensitivity indices that vary continuously with control parameters and 
operating conditions. In this context, the assumption of approximately convex cluster 
shapes does not invalidate the use of k-means. 

Second, to address the requirement of predefining the number of clusters k, a cluster-
ing validity analysis is conducted. The average silhouette score is evaluated for different 
candidate values of k, and the optimal value is selected by maximizing the silhouette score. 

Third, to reduce sensitivity to initialization, the k-means algorithm is executed mul-
tiple times with different random initial centroid selections [31]. The clustering result that 
yields the minimum within-cluster sum of squared distances is selected as the final solu-
tion, thus improving the robustness of the clustering result. 

With these improvements, the k-means algorithm can effectively group DDWTs 
based on their impedance-related dynamic characteristics. Specifically, assume that there 
are Nw DDWTs to be clustered, each represented by a feature vector θindex, w = [θw1, θw2, ……, 
θwd], which consists of d clustering indices. The k-means algorithm partitions the Nw wind 
turbines into k disjoint clusters by minimizing the within cluster sum of squared distances, 
which can be expressed as 

{ } θ
θ μ

= ∈
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k
w k
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w kC k Cindex, 

2
index, 

1
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where Ck denotes the k-th cluster, µk is the centroid of the k-th cluster. 

4.2. Equivalent Model Parameters Calculation 

Based on the clustering results obtained in Section 4.1, each cluster is aggregated into 
an equivalent machine, and then its parameters need to be calculated. 

(1) Equivalent wind speed 

For an equivalent machine representing nw DDWTs, the total active power output 
Psum_w is obtained as the sum of active power of all wind turbines in the cluster, which can 
be expressed as 

=
=

n

i
i
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w

sum_w w, 
1

( )  (30) 
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where Vw, i is the wind speed of i-th DDWTs in the cluster, and g(·) represents the func-
tional relationship between the input wind speed and the output active power of an indi-
vidual DDWT. 

The equivalent wind speed Vweq is then determined by inverting wind turbine active 
power and the wind speed relationship, given by [32] 

−  
=   

 

P
V g

n
sum_w1

weq
w

 (31) 

where g−1(·) is the functional expression relating output active power to input wind speed 
of an individual DDWT. 

(2) Equivalent machine parameters 

The electrical parameters of the equivalent machine are obtained by capacity-
weighted aggregation of individual DDWTs within the same cluster. This aggregation 
method preserves the per unit electrical characteristics of wind turbine while scaling the 
absolute parameter values according to the total rated capacity of the aggregated DDWTs. 
The rated capacities of the equivalent converter and the equivalent transformer are scaled 
proportionally to the number of DDWTs contained in the cluster. For the circuit parame-
ters, the aggregation follows the parallel relationships of the corresponding components 
[33]. As a result, the rated capacity and electrical parameters of the equivalent machine 
are given by [33] 
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where Scnv and Scnv_eq are the rated capacity of the converter for an individual DDWT and 
the equivalent machine, respectively. Cdceq is the dc link capacitance of the equivalent ma-
chine, while Rfeq and Lfeq are the filter resistance and inductance of the equivalent machine, 
respectively. 

Similarly, the rated capacity and impedance of the equivalent transformer can be cal-
culated as 
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where ST and STeq are the rated capacity of an individual transformer and the equivalent 
transformer, respectively. RT and XT are the resistance and reactance of an individual 
transformer, respectively, while RTeq and XTeq are the resistance and reactance of an equiv-
alent transformer, respectively. 

(3) Equivalent parameters of collector lines 

Since the wind turbines within the same cluster are typically located at different dis-
tances from the PCC, their associated collector lines exhibit heterogeneous impedance 
characteristics. To derive the equivalent parameters of the collector lines, the wind tur-
bines are first converted into a purely parallel structure using the equal voltage drop 
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method. Based on this equivalent structural representation, the equal power loss method 
is then employed to calculate the equivalent line parameters, such as the total active power 
and reactive power losses of the original collector network. The detailed calculation pro-
cess can be found in [34]. 

4.3. Overall Procedures of the Proposed Equivalent Modeling Method 

This section presents the complete workflow of the proposed equivalent modeling 
method, as shown in Figure 4. 

Step 1: Impedance modeling of DDWTs
• Impedance model derivation
• Impedance model validation 

Step 3: Clustering indices selection
• Impedance sensitivity evaluation (Aθi_avg, Rθi, and CVθi_th)
• Sensitivity threshold selection
• Clustering indices determination

Step 2: Impedance sensitivity analysis
• Mean absolute impedance sensitivity calculation (Aθi_Pg, j)
• Operating point dependent analysis of impedance sensitivity to key control parameters 

Step 4: Clustering of DDWTs 
• Optimal number of clusters selection
• Cluster results acquisition 

Start

End

Step 5: Equivalent model construction
• Equivalent model parameters calculation (equivalent wind speed, equivalent machines 

parameters, and equivalent collector line parameters)

 

Figure 4. The flowchart of the proposed equivalent modeling method. 

5. Simulation Results 
To verify the effectiveness of the proposed clustering and equivalent modeling ap-

proach for distributed DDWTs, an electromagnetic transient simulation system of a mi-
crogrid with multiple distributed DDWTs is established on the PSCAD/EMTDC platform. 
The overall structure of the simulation system is illustrated in Figure 5. The system con-
tains 20 wind turbines, identified as DDWTx in Figure 5, whose electrical configurations 
and control structures are identical to those described in Section 2. The operating points 
of individual wind turbines can be flexibly adjusted, enabling the construction of various 
steady-state operating conditions. 

Based on this simulation system, extensive simulations are conducted. First, a repre-
sentative operating condition is selected to demonstrate the complete implementation 
process of the proposed clustering and equivalent modeling methods. Following the sen-
sitivity-based index screening and clustering procedures described in Section 3, the clus-
tering indices are obtained, and the k-means algorithm is applied to derive the clustering 
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results. Subsequently, the equivalent wind turbine models and the corresponding equiv-
alent collector network are constructed according to the clustering results. The dynamic 
responses of the equivalent models are then compared with those of the detailed model 
under the same operating condition. Quantitative evaluation indices, including output 
errors, are calculated to verify the accuracy of the proposed equivalent method. Further-
more, multiple additional operating conditions with different steady-state active power 
distribution scenarios are considered to evaluate the applicability of the proposed equiv-
alent method. Through these comparative studies, the robustness of the proposed method 
under varying operating conditions is comprehensively assessed. 

PCC

Grid

DDWT1 DDWT2

DDWT3 DDWT4

DDWT5 DDWT6 DDWT7

DDWT8 DDWT9DDWT10

DDWT11

DDWT12

DDWT13 DDWT14
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DDWT16 DDWT17 DDWT18 DDWT19 DDWT20

 

Figure 5. Schematic diagram of simulation system of a microgrid with 20 distributed DDWTs. 

5.1. Application of the Clustering Method and Construction of the Equivalent Model 

To illustrate the proposed clustering index selection and equivalent model construc-
tion procedure, a representative operating condition, denoted as case 1, is selected. The 
steady-state active power of all wind turbines under this case is shown in Figure 6. 

 

Figure 6. Steady-state active power of each DDWT in case 1. 

5.1.1. Sensitivity Evaluation and Determination of Sensitivity Thresholds 

First, the impedance sensitivities of each control parameter are evaluated under con-
sidered steady-state operating points. For each control parameter, Aθi_avg, Rθi, and CVθi are 
calculated. Control parameters showing both significant sensitivity and strong operating 
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point dependency are considered for clustering indices. To select clustering indices, three 
thresholds Aθi_th, Rθi_th, and CVθi_th, are then specified as follows. 

(1) Average sensitivity threshold Aθi_th 

The calculated Aθi_avg for different control parameters are shown in Figure 7, marked 
by the blue asterisks line. It can be observed that kpc, Tf, kppll, and kipll show distinctly high 
sensitivity values. kiudc, kpQ, kpudc, and TQ show moderate sensitivity levels, while kic and kiQ 
exhibit sensitivities close to zero. Based on this distribution, Aθi_th is selected within the 
interval between the sensitivity of kic (approximately 0.015) and TQ (approximately 0.05), 
and is set to 0.04 in this study, as indicated by the red dashed line in Figure 7. This choice 
effectively filters out parameters with insignificant influence while retaining those with 
moderate-to-high influence. 

 

Figure 7. Average sensitivity Aθi_avg of different control parameters. 

(2) Sensitivity variation range threshold Rθi_th 

The calculated Rθi for different control parameters are shown in Figure 8, marked by 
the blue asterisks line. It can be observed that kpc, Tf, kppll, kipll, and kpQ show relatively large 
sensitivity ranges, whereas the remaining parameters rapidly approach zero. Accord-
ingly, Rθi_th is chosen between the values of kic (approximately 0.013) and kpQ (approxi-
mately 0.04), and is set to 0.02 in this study, as indicated by the red dashed line in Figure 
8. 

 

Figure 8. Average sensitivity range Rθi of different control parameters. 

(3) Coefficient of variation threshold CVθi_th 

A
i_

av
g

kpc Tf kppll kipll kpQ kpudc TQ kic kiudc kiQ

Control parameters

0
0.05

0.1
0.15

0.2
0.25

0.3
0.35

0.4



Electronics 2026, 15, 1028 17 of 29 
 

https://doi.org/10.3390/electronics15051028 

The calculated CVθi for different control parameters are shown in Figure 9, marked 
by the blue asterisks line. Unlike Aθi_avg and Rθi, the CVθi values exhibit a continuous de-
creasing trend without a distinct separation point. In this case, a moderate dispersion cri-
terion is adopted, and CVθi_th is set to 0.2 (as indicated by the red dashed line in Figure 9), 
corresponding approximately to the upper portion of the distribution. 

 

Figure 9. Coefficient of variation CVθi of different control parameters. 

To further verify the rationality and robustness of the selected thresholds, a sensitiv-
ity analysis is conducted by perturbing Aθi_th, Rθi_th, and CVθi_th around their nominal val-
ues. For each threshold combination, the clustering index screening procedure is repeated, 
and the resulting selected indices are summarized in Table 3. It can be observed that the 
dominant clustering indices remain unchanged for most threshold variations, while only 
parameters near the threshold boundaries are occasionally added or removed. Specifically, 
increasing Aθi_th by 40% excludes kpQ, while decreasing Rθi_th or CVθi_th by 40% introduces 
kpudc. To further examine whether such threshold-induced variations in the selected indi-
ces lead to changes in the final clustering result, the k-means algorithm is applied to cluster 
the 20 DDWTs for each set of clustering indices. To ensure a fair comparison, the number 
of clusters is temporarily fixed to k = 3. The clustering results are compared in Table 4. It 
can be observed that the identical clustering results are obtained across all tested scenarios. 
This confirms that the proposed clustering index selection method does not rely on overly 
specific threshold tuning, and remains robust against reasonable threshold variations. 

Table 3. Selected clustering indices under different threshold variations. 

Threshold 
Variation 

Aθi_th Rθi_th CVθi_th Selected Indices Change 

30% 

0.7Aθi_th0 Rθi_th0 CVθi_th0 kpQ, kpc, kppll, kipll, Tf Unchanged 
1.3Aθi_th0 Rθi_th0 CVθi_th0 kpQ, kpc, kppll, kipll, Tf Unchanged 

Aθi_th0 0.7Rθi_th CVθi_th0 kpQ, kpc, kppll, kipll, Tf Unchanged 
Aθi_th0 1.3Rθi_th CVθi_th0 kpQ, kpc, kppll, kipll, Tf Unchanged 
Aθi_th0 Rθi_th0 0.3CVθi_th0 kpQ, kpc, kppll, kipll, Tf Unchanged 
Aθi_th0 Rθi_th0 1.7CVθi_th0 kpQ, kpc, kppll, kipll, Tf Unchanged 

40% 

0.6Aθi_th0 Rθi_th0 CVθi_th0 kpQ, kpc, kppll, kipll, Tf Unchanged 
1.4Aθi_th0 Rθi_th0 CVθi_th0 kpc, kppll, kipll, Tf kpQ removed 

Aθi_th0 0.6Rθi_th0 CVθi_th0 kpQ, kpc, kppll, kipll, Tf, kpudc kpudc added 
Aθi_th0 1.4Rθi_th0 CVθi_th0 kpQ, kpc, kppll, kipll, Tf Unchanged 
Aθi_th0 Rθi_th0 0.6CVθi_th0 kpQ, kpc, kppll, kipll, Tf, kpudc kpudc added 
Aθi_th0 Rθi_th0 1.4CVθi_th0 kpQ, kpc, kppll, kipll, Tf Unchanged 

Note: Aθi_th0 = 0.04, Rθi_th0 = 0.02, CVθi_th0 = 0.2. 
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Table 4. Clustering results of case 1 based on different clustering indices. 

Clustering Indices Cluster Number Number of DDWTs 

kpQ, kpc, kppll, kipll, Tf  
Cluster 1 2, 3, 4 
Cluster 2 13, 14, 15, 16, 17, 18, 19 
Cluster 3 1, 5, 6, 7, 8, 9, 10, 11, 12, 20 

kpc, kppll, kipll, Tf 
Cluster 1 2, 3, 4 
Cluster 2 13, 14, 15, 16, 17, 18, 19 
Cluster 3 1, 5, 6, 7, 8, 9, 10, 11, 12, 20 

kpQ, kpc, kppll, kipll, Tf, kpudc 
Cluster 1 2, 3, 4 
Cluster 2 13, 14, 15, 16, 17, 18, 19 
Cluster 3 1, 5, 6, 7, 8, 9, 10, 11, 12, 20 

5.1.2. Determination of the Final Clustering Indices 

To balance clustering effectiveness and computational efficiency, the number of clus-
tering indices is constrained according to Section 3.2. In this study, impedance sensitivities 
of ten control parameters are evaluated. If too few parameters are selected, the clustering 
indices may be insufficient to distinguish DDWTs operating at different conditions. In this 
study, a minimum number of selected parameters is specified as Nmin = 3. Conversely, 
selecting an excessive number of indices may introduce redundancy without improving 
clustering performance. According to Figure 3, four control parameters exhibit both low 
sensitivity and weak operating point dependency. Accordingly, the upper bound is set to 
Nmax = 6. Following these criteria, the final set of clustering indices for case 1 is determined 
as θindex, w = [kpQ, kpc, kppll, kipll, Tf], as shown in Table 5. While these indices are selected based 
on frequency-domain impedance sensitivity, their physical significance in the time do-
main is also analyzed in Appendix A. 

Table 5. Selected clustering indices and justification based on sensitivity analysis. 

Clustering 
Indices Justification 

kpQ Medium impedance sensitivity and moderate operating point dependence. 
kpc High impedance sensitivity and strong operating point dependence. 

kppll 
Relatively high impedance sensitivity and relatively strong operating 
point dependence. 

kipll Relatively high impedance sensitivity and relatively strong operating 
point dependence. 

Tf High impedance sensitivity and strong operating point dependence. 

5.1.3. Determination of the Optimal Number of Clusters and Cluster Results 

The k-means algorithm is applied to cluster all wind turbines using the selected clus-
tering indices. To determine the optimal number of clusters k, a clustering validity analy-
sis is conducted using the silhouette score. The silhouette score measures both intra-clus-
ter cohesion (how close the data points within a cluster are) and inter-cluster separation 
(how distinct the clusters are from each other). It ranges from −1 to 1, where higher values 
indicate that the object is well matched to its own cluster and poorly matched to neigh-
boring clusters. Specifically, values close to 1 correspond to well-separated clusters, values 
around 0 indicate overlapping clusters, and negative values suggest poorly defined clus-
tering results. The silhouette scores for different candidate values of k are calculated to 
examine their variation trend. Typically, the silhouette score increases with the number of 
clusters up to a certain point, beyond which it may decrease or remain nearly constant. 
The optimal number of clusters is therefore selected as the value of k that maximizes the 



Electronics 2026, 15, 1028 19 of 29 
 

https://doi.org/10.3390/electronics15051028 

silhouette score, representing the best balance between intra-cluster cohesion and inter-
cluster separation. 

In this study, since the objective of clustering is to reduce the complexity of the wind 
turbine group model, an excessively large number of clusters is unnecessary. Based on 
common practice in the literature, the number of clusters typically does not exceed eight. 
Accordingly, k is varied from 2 to 8. For each value of k, the k-means algorithm is applied 
and the corresponding average silhouette score is computed, as shown in Figure 10. It can 
be observed that the silhouette score reaches its maximum when k = 3. Therefore, k = 3 is 
selected as the optimal number of clusters. The detailed clustering results are summarized 
in Table 6. 

 

Figure 10. Average silhouette score of different number of clusters. 

Table 6. Clustering results of proposed equivalent model for case 1. 

Cluster Number Number of DDWTs Steady-State Active Power 
of Equivalent Machine 

Cluster 1 2, 3, 4 1.633 MW 
Cluster 2 13, 14, 15, 16, 17, 18, 19 10.164 MW 
Cluster 3 1, 5, 6, 7, 8, 9 10, 11, 12, 20 29.403 MW 

5.1.4. Equivalent Model Construction 

After clustering, each wind turbine cluster is aggregated into an equivalent machine. 
The corresponding equivalent wind speed, equivalent machine parameters, and equiva-
lent collection line parameters are calculated for each cluster. Based on these equivalent 
quantities, the three-machine equivalent model is constructed. 

5.2. Time Domain Dynamic Verification Under Impedance Disturbance 

After constructing the equivalent model, time domain simulations are conducted to 
validate its accuracy. A small impedance disturbance is applied at the PCC of the simula-
tion system at t = 4 s. The response waveforms of the detailed model, the conventional 
single-machine equivalent model, the equivalent model based on [27], and the proposed 
equivalent model are compared, as shown in Figure 11. 
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Figure 11. Response of different models of case 1 under impedance disturbance [27]. 

Prior to the disturbance, the system operates under a steady-state condition. After 
the disturbance, the detailed model exhibits oscillatory responses in current and active 
power, with a frequency of approximately 28 Hz. The oscillation amplitude gradually de-
cays, indicating stable and convergent dynamic behavior. These responses are closely re-
lated to the impedance characteristics of individual wind turbines. Due to differences in 
operating conditions, wind turbines exhibit distinct dynamic responses, resulting in dif-
ferent contributions to the overall system damping when the impedance disturbance is 
applied. The single-machine equivalent model aggregates all wind turbines into an equiv-
alent machine, neglecting these differences in impedance characteristics and dynamic in-
teractions. Under impedance disturbances, such simplification leads to an inaccurate rep-
resentation of the effective damping contribution. Therefore, the single-machine equiva-
lent model produces current and active power oscillations with growing amplitudes after 
the disturbance, deviating significantly from the detailed model. The equivalent model 
based on [27], which clusters wind turbines using oscillation-related currents and voltages, 
reproduces the oscillatory frequency and damping behavior accurately. The proposed 
equivalent model clusters wind turbines according to their impedance sensitivity charac-
teristics, ensuring that wind turbines with similar contributions to the system impedance 
are aggregated together. As a result, the key impedance features governing oscillatory 
behavior are preserved in the equivalent model. From a frequency domain perspective, 
system damping is primarily determined by the magnitude and phase angle of the aggre-
gated model observed at the PCC. By maintaining these impedance characteristics in the 
frequency range of interest, the proposed equivalent model preserves the small-signal sta-
bility margin and effective damping of the detailed model. Consequently, in the time do-
main, the equivalent model reproduces oscillation frequencies and decay rates that are 
consistent with those of the detailed model under impedance disturbance conditions, 
leading to close agreement in oscillation attenuation and settling behavior. 

To further quantify the modeling accuracy, performance indices are computed for 
selected outputs, such as the current and active power of DDWT clusters. The average 
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deviation eX and maximum deviation emax,X between the equivalent model and the detailed 
model are defined as 
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where Xeq and Xde denote the variables of the equivalent model and the detailed model, 
respectively. Nstart and Nend represent the first and last samples within the evaluation in-
terval, respectively. The error is calculated over the time window from 4 s to 6 s, starting 
from the instant when the impedance disturbance is applied. 

The error results for case 1 are summarized in Table 7. The comparison results in 
Figure 11 and Table 7 indicate that both the proposed equivalent method and the equiva-
lent model based on [27] achieve significantly lower errors and more accurate damping 
reproduction than the conventional single-machine equivalent model. However, the 
equivalent model based on [27] requires extensive variables sampled during and after os-
cillation events for clustering. This requirement limits its practical applicability, as these 
variables are difficult to obtain prior to the oscillation occurrence. In contrast, the pro-
posed equivalent model relies solely on clustering indices derived from impedance char-
acteristics and operating conditions under normal operation, without requiring oscillation 
period data. As a result, the proposed method demonstrates both high fidelity and im-
proved practicality, making it well suitable for equivalent modeling and stability assess-
ment of large-scale DDWT groups. 

Table 7. Errors of different equivalent models for case 1. 

Model eP emax,P eI emax,I 
Single-machine equivalent model 0.0739 0.1996 0.000231 0.000597 

Equivalent model from [27] 0.0089 0.0188 0.000053 0.000099 
Proposed equivalent model 0.0095 0.0194 0.000056 0.000100 

In addition to the modeling accuracy, the proposed equivalent modeling method of-
fers a clear advantage in terms of computational efficiency. In the full detailed model, each 
wind turbine is explicitly represented, resulting in a large number of state variables and 
differential equations to be solved. In contrast, the proposed method aggregates wind tur-
bines with similar impedance sensitivity characteristics into a limited number of clusters, 
significantly reducing the model order. As a result, the number of units involved in the 
simulation is substantially decreased, leading to lower computational complexity and re-
duced simulation time. Importantly, as demonstrated by the above time domain re-
sponses, this reduction in model complexity does not compromise the simulation accu-
racy. This balance between computational efficiency and modeling accuracy highlights 
the practical advantage of the proposed methodology for dynamic analysis of power-elec-
tronics-dominated microgrids. 

5.3. Performance of the Proposed Equivalent Modeling Method Under Multiple Operating Conditions 

To further demonstrate the robustness and general applicability of the proposed 
equivalent method, additional operating conditions with different steady-state active 
power distributions are investigated. In this section, two representative operating condi-
tions, denoted as cases 2 and 3, are selected for detailed analysis. These operating condi-
tions are representative in that the steady-state active power outputs of individual wind 
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turbines span a wide range from 0 to 1 pu, resulting in substantially different power dis-
tributions and clustering results. Such variations effectively reflect practical operating sce-
narios under diverse wind conditions. The steady-state active power distributions for 
cases 2 and 3 are shown in Figure 12. For each operating condition, the wind turbine clus-
tering and equivalent model construction are conducted. The thresholds Aθi_avg, Rθi_th, and 
CVθi_th are kept identical to those used in Section 5.1. The resulting clustering results and 
steady-state active power of each equivalent machine are summarized in Table 8. 

 

Figure 12. Steady-state active power of each DDWT of cases 2 and 3. 

Table 8. Clustering results of proposed equivalent model for cases 2 and 3. 

Case Cluster Number Number of DDWTs Steady-State Active Power 
of Equivalent Machine 

Case 2 
Cluster 1 1, 2, 3, 4, 9 3.231 MW 
Cluster 2 5, 6, 7, 8, 10, 11, 12, 19, 20 12.705 MW 
Cluster 3 13, 14, 15, 16, 17, 18 16.154 MW 

Case 3 
Cluster 1 1, 2, 3, 4 2.033 MW 
Cluster 2 5, 6, 7, 8, 9, 10, 11, 12 12.052 MW 
Cluster 3 13, 14, 15, 16, 17, 18, 19, 20 23.014 MW 

Figures 13 and 14 compare the dynamic responses of the detailed model, the single-
machine equivalent model, the equivalent model based on [27], and the proposed equiv-
alent model under impedance disturbances for cases 2 and 3, respectively. After the dis-
turbance, the detailed model exhibits significant oscillatory behavior in both current and 
active power, with oscillation amplitudes gradually decaying over time. The equivalent 
model based on [27] and the proposed equivalent model closely reproduce the transient 
envelope of the detailed model for both operating conditions. In contrast, the single-ma-
chine equivalent model shows noticeable discrepancies, including inaccurate oscillation 
amplitudes and divergent responses. 

Using the same performance indices defined in Section 5.2, the quantitative error re-
sults for cases 2 and 3 are calculated and summarized in Table 9. The results indicate that 
both the equivalent model based on [27] and the proposed equivalent model consistently 
yield significantly smaller waveform errors than the single-machine equivalent model un-
der different operating conditions. 
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Figure 13. Response of different models of case 2 under impedance disturbance [27]. 

 

Figure 14. Response of different models of case 3 under impedance disturbance [27]. 

The above results demonstrate that the proposed impedance sensitivity-based equiv-
alent modeling approach exhibits well robustness against changes in operating conditions. 
By adaptively selecting clustering indices based on impedance sensitivity characteristics, 
the equivalent model can reliably preserve dominant oscillatory dynamics across diverse 
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steady-state scenarios, while substantially reducing model complexity. This further vali-
dates the suitability of the proposed method for oscillation analysis of DDWT groups in 
practical applications. 

Table 9. Errors of different equivalent models for cases 2 and 3. 

Case Model eP emax,P eI emax,I 

Case 2 

Single-machine equivalent 
model 0.0291 0.0809 0.000089 0.000255 

Equivalent model from [27] 0.0103 0.0280 0.000031 0.000084 
Proposed equivalent model 0.0075 0.0194 0.000022 0.000060 

Case 3 

Single-machine equivalent 
model 

0.0749 0.2486 0.000223 0.000757 

Equivalent model from [27] 0.0068 0.0197 0.000017 0.000069 
Proposed equivalent model 0.0076 0.0208 0.000021 0.000071 

6. Discussion 
In Section 5, the proposed impedance sensitivity-based clustering strategy and equiv-

alent modeling method has been verified under different operating conditions. In this sec-
tion, several limitations related to the practical implementation of the proposed method 
are further discussed. 

The proposed method is based on the frequency domain impedance model of wind 
turbines to perform sensitivity analysis and clustering index selection. Although imped-
ance modeling techniques for wind turbines are well established in the existing literatures, 
the accuracy of the impedance model depends on the validity of the adopted modeling 
assumptions under practical operating conditions. Based on the established impedance 
model, the sensitivities of control parameters under different operating points are ana-
lyzed for the selection of clustering indices. To conduct the impedance sensitivity analysis, 
some control parameters of wind turbine converters are required. However, these param-
eters may not always be accessible in practical implementations. Additionally, it should 
be noted that the method assumes small-signal linearization, which may not be accurate 
under strongly nonlinear conditions or prolonged control saturation. In these scenarios, 
the linear assumptions could lead to reduced accuracy in the equivalent model. However, 
such conditions are outside the main focus of this work, and the proposed method re-
mains reliable for operating scenarios with small disturbances. 

Another consideration concerns the applicability of the proposed method to scenar-
ios with higher technological heterogeneity, where the dispersion in control parameters 
and rated capacities of wind turbines is larger. The case study in this paper considers a 
microgrid with 20 distributed DDWTs sharing identical control parameters and rated ca-
pacities, which facilitates a direct comparison of impedance sensitivity characteristics. In 
practical systems, wind turbines may exhibit significant heterogeneity in terms of control 
parameter settings or rated capacities. This variation can lead to increased dispersion in 
their impedance characteristics and, consequently, greater difficulty in obtaining homo-
geneous clusters. If wind turbines with highly disparate parameters were directly clus-
tered without any prior grouping, the impedance characteristics of each cluster would 
become less representative of individual wind turbines, thereby distorting the dynamic 
behavior of the aggregated model. This effect can degrade the accuracy of the equivalent 
model, particularly in terms of the contribution to system damping and oscillatory behav-
ior. To mitigate this issue, the proposed method can be extended through a hierarchical 
grouping strategy. Wind turbines are first divided into several groups according to their 
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control parameters and rated capacities. Within each group, the proposed sensitivity-in-
formed clustering strategy is then applied to identify clustering indices and perform ag-
gregation using the k-means algorithm. In this manner, the proposed methodology re-
mains robust and applicable to systems with higher technological heterogeneity, ensuring 
both modeling accuracy and computational efficiency. 

In addition, the scalability of the proposed method is briefly discussed. The proposed 
sensitivity-informed clustering strategy is not explicitly dependent on the number of wind 
turbines, as it is based on impedance sensitivity characteristics rather than system scale. 
Increasing or decreasing the number of wind turbines does not change the clustering in-
dex selection procedure or the clustering method, but mainly affects the number of wind 
turbines contained in each cluster. When the number of wind turbines increases, the com-
putational burden associated with impedance sensitivity analysis and clustering may in-
crease accordingly. For microgrids with fewer wind turbines, the proposed method can 
be implemented with lower computational cost for wind turbine clustering. 

7. Conclusions 
This paper proposes an equivalent method for sub/super-synchronous oscillation 

analysis of DDWT groups in microgrids. Based on the frequency domain impedance 
model of the DDWT, the impedance sensitivities of key control parameters are systemat-
ically analyzed under multiple steady-state operating conditions. By jointly considering 
both the absolute magnitude of impedance sensitivity and its variation across operating 
points, a sensitivity-informed based clustering index selection criterion is proposed. This 
criterion ensures that the selected indices are not only dynamically influential, but also 
effective in distinguishing DDWTs operating under different active power levels. Using 
the selected indices, a k-means clustering algorithm is employed to aggregate the DDWTs 
with similar impedance-related dynamic characteristics, and a multi-machine equivalent 
model is subsequently constructed. Simulation studies under different operating condi-
tions demonstrate that the proposed equivalent model can accurately reproduce the dom-
inant oscillatory behavior of the detailed model, including damping characteristics and 
transient envelopes of output response. In contrast, the conventional single-machine 
equivalent model exhibits noticeable deviations in oscillation amplitude and convergence 
behavior, and fails to capture the correct dynamic characteristics under impedance per-
turbations. 

The main advantage of the proposed method is that it accounts for the differences in 
impedance characteristics of individual wind turbines under varying operating points, 
ensuring that the clustering reflects the dynamic influence of DDWTs within each cluster. 
Meanwhile, the proposed method does not rely on variables sampled during or after os-
cillations for clustering. These features enable the proposed approach to accurately repro-
duce the oscillation frequency and damping behavior observed in the detailed model, 
while improving its practical applicability. Consequently, the method is particularly suit-
able for oscillation analysis, stability assessment, and control interaction studies in power-
electronics-dominated power systems. 

The principal limitation is that the proposed method relies on the availability of ac-
curate impedance modeling and key control parameters, which may not always be acces-
sible in practical implementations. In addition, when applied to systems with a large num-
ber of wind turbines, the computational cost associated with impedance sensitivity anal-
ysis and clustering could increase. For future research, the most immediate direction 
would be to develop control parameter identification methods for wind turbine convert-
ers, and design more efficient clustering algorithms suitable for large-scale wind turbine 
clustering. 
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Appendix A 
In Section 5.1.2, the control parameters kpQ, kpc, kppll, kipll, and Tf are identified as clus-

tering indices based on their sensitivity in the dq-domain impedance. To further illustrate 
how variations in these parameters are reflected in time-domain phenomena, simulations 
are conducted on a DDWT connected to the grid. For each selected control parameter, a 
±10% variation around its initial value is applied, and the resulting active power and re-
active power responses are compared. The schematic diagram of the simulation system is 
shown in Figure A1, and the main parameters of DDWT are listed in Table 1 of the man-
uscript. In Figure A1, the red frame highlights the DDWT, Lg denotes the grid side induct-
ance, with Lg = 0.000215 H. At t = 4 s, switch s1 is opened to insert an additional inductance 
Ldis to simulate a small-signal disturbance, where Ldis = 5%Lg. 

G
~

= ~

=

DDWT

Lg Ldis

Grids1

 

Figure A1. Schematic diagram of the simulation system of a DDWT connected to grid. 

The reactive power loop proportional gain kpQ mainly effects the dynamic regulation 
of reactive power, while also slightly influencing active power. Figure A2 shows the active 
power and reactive power responses under a ±10% variation in kpQ. It can be observed that 
increasing kpQ reduces the oscillation amplitude and enhances damping, accelerating the 
stabilization of both reactive power and active power. 
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Figure A2. Active power and reactive power responses of the DDWT under a ±10% variation in kpQ. 

The proportional gain kpc is directly related to the current loop control bandwidth. 
The active power and reactive power responses under a ±10% variation in kpc are shown 
in Figure A3. Increasing kpc improves current tracking and dynamic response, whereas 
decreasing kpc reduces effective damping and increases overshoot, thereby raising the risk 
of oscillatory behavior. 

 

Figure A3. Active power and reactive power responses of the DDWT with ±10% variation in kpc. 

The proportional and integral coefficients of the PLL, kppll, and kipll affect the sensitiv-
ity of phase tracking to voltage disturbances, which are positively correlated with the PLL 
control bandwidth fpll. Therefore, variations in fpll are used to represent the corresponding 
changes in kppll and kipll for the purpose of analysis. Figure A4 shows the active power and 
reactive power responses under a ±10% variation in fpll. It can be observed that increasing 
fpll leads to larger oscillation amplitudes and a higher risk of oscillatory behavior. 

 

Figure A4. Active power and reactive power responses of the DDWT with ±10% variation in fpll. 
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The voltage feedforward filter time constant Tf introduces a delay in the feedforward 
path. Figure A5 shows the active power and reactive power responses under a ±10% var-
iation in Tf. An increased Tf attenuates high-frequency components, leading to smoother 
but slower dynamic responses, while decreasing Tf improves responsiveness at the cost of 
increased oscillatory behavior. 

 

Figure A5. Active power and reactive power responses of the DDWT with ±10% variation in Tf. 

In summary, although the clustering indices are identified based on frequency-do-
main impedance sensitivity, the time-domain simulations demonstrate that variations in 
these parameters produce clear and distinct effects on power response, oscillation ampli-
tude, and damping. This validates that the selected clustering indices are not only math-
ematically significant but also physically meaningful in terms of dynamic performance. 
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