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ABSTRACT With the increasing penetration of wind power, it is recognized that wind power will have a
greater and greater impact on the planning and operation of the original power system. And the detailed
modeling of wind farm with doubly-fed induction wind generator (DFIG) will require large storage and
computation resources, which poses technical challenges for equivalent modeling of wind farm. In this
paper, a multi-machine dynamic equivalent modeling method for wind farms with DFIGs is proposed. First,
the artificial bee colony with k-means (ABC-KM) algorithm is proposed to improve the effectiveness of wind
farm clustering. Second, the operating data composed of wind speed, pitch angle, rotor angular velocity, rotor
current, real-time active and reactive power are selected as clustering indicators. A wind farm with DFIGs is
divided into several groups and DFIGs in the same group are clustered as one DFIG through equivalent
parameter aggregation. The proposed wind farm modeling method consisting of clustering method and
clustering indicators is verified by comparing the simulation results of equivalent and detailed models at
steady-state and dynamic-state cases.

INDEX TERMS Dynamic equivalent model, wind farm with DFIG, clustering indicators, ABC-KM
clustering algorithm, active prosumers.

I. INTRODUCTION
With the rapid development of wind power technology,
the scale of grid-connected wind farms is gradually increas-
ing. In 2019, 60.4 GW of wind energy capacity was installed
globally with a growth of 19%, and the total capacity for
wind energy globally has been over 651 GW by 2019. Wind
energy, as a type of distributed energy resources (DERs),
plays an important role in the energy transition from fossil
fuels to renewable energy. And the growing penetration of
DERs has made it possible for traditional passive consumers
to evolve into active prosumers [1]. Therefore, the modeling
methods, forecasting methods and related key technologies
of DERs are still hot topics that require substantial scientific
research [2]–[4]. And the modeling method for wind farms is
mainly studied in this paper.

The associate editor coordinating the review of this manuscript and

approving it for publication was Huai-Zhi Wang .

The existing methods on the modeling of wind farms with
doubly-fed induction wind generator (DFIG) are divided into
two categories of single-machine and multi-machine equiv-
alent methods. The latter method represents wind farms by
several equivalent DFIGs, which are obtained by clustering of
indicators and equivalence of parameters [5]–[7]. In practice,
the distribution of wind speed in large wind farms is not
generally uniform, due to topography and wake effect issues,
and DFIGs in the same wind farm often work at different
operation states [8], [9]. Therefore, the multi-machine equiv-
alent method can represent the more comprehensive dynamic
characteristics of grid-connection wind farms.

Accordingly, the choice of clustering indicators is an
important issue in the dynamic equivalent for wind farms.
In [10], fault-front terminal voltage, fault-end terminal volt-
age, rotor speed, active power and reactive power were
selected as clustering indicators. 13 variables were extracted
as clustering indicators in [11] to describe the operation
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characteristics of DFIGs based on the voltage and flux equa-
tion analyses. A linear dynamic equivalent model for a wind
farm was developed using measured data in [12]. In [13],
long-time scale measured data was used as clustering indi-
cators considering changing wind speeds in wind farms. The
rotor speed vectors of wind turbines were sampled as clus-
tering indicators under the combined conditions of different
operating conditions and fault types in [14]. A dynamicmulti-
turbine multi-state model of wind farms was proposed based
on historical wind data in [15]. Nevertheless, the above litera-
ture does not prove the effectiveness of the selected clustering
indicators by comparison.

The choice of clustering method is another important issue
in the dynamic equivalent for wind farms. A probabilistic
clustering approach was proposed that determines equivalent
number of wind turbines and the corresponding parameters
in [16]. A multi-machine representation dynamic equivalent
method based on the fuzzy C-means was proposed con-
sidering the active power characteristics of DFIGs in [17].
In [18], an improved support vector clustering approach was
proposed for the single-wind condition dynamic aggregation
of large wind farms. The geometric template matching based
time series clustering method was developed for wind tur-
bines in [19]. A clustering method was presented according
to the slip coherency of wind turbines in [20].

The existing k-means (KM) algorithm is commonly used in
the clustering analysis. However, it is sensitive to initial con-
ditions and may consume a lot of calculation time due to the
lack of stability in clustering [21]. In this paper, we propose
a multi-machine dynamic equivalent modeling method for
wind farms with DFIGs. The paper is organized as follows.
In Section II, the model of DFIG is introduced, the artificial
bee colony with k-means (ABC-KM) algorithm is developed,
and the comprehensive indicators consisting of wind speed,
pitch angle, rotor angular velocity, rotor current, real-time
active and reactive power are selected as clustering indicators.
In Section III, the equivalent parameters are calculated. The
effectiveness of the proposed equivalent modeling method
is illustrated in Section IV by comparing the simulation
results of equivalent and detailed models with different clus-
tering methods and clustering indicators both for steady-state
and dynamic-state cases. Finally, the conclusions are drawn
in Section V.

II. DYNAMIC EQUIVALENT MODELING FOR WIND FARM
WITH DFIG
A. MODELING OF DFIG
The DFIG model shown in Figure 1 is comprised of the
wind turbine, the gearbox, the induction generator and the
converter. The stator side of DFIG is directly connected to
the grid, and the rotor side of DFIG is connected to the grid
through a back-to-back converter that handles only the slip
power. The mathematical models of mechanical and elec-
tric systems of DFIG can be found in [22]. In this section,
the modeling of the back-to-back converter consisting of

FIGURE 1. The overall model of DFIG.

rotor-side converter (RSC) and grid-side converter (GSC) is
the main focus.

1) ROTOR-SIDE CONVERTER
The rotor of induction generator can be excited by rotor-
side converter for the decoupled control of active power and
reactive power. The stator-flux orientation is used for the RSC
control in which the stator flux is collinear with the d-axis.

2) GRID-SIDE CONVERTER
The direct-current capacitor’s voltage can be controlled by
grid-side converter which allows the reactive power flow for
voltage stability. Furthermore, the power grid voltage orien-
tation is used for the GSC control in which the grid voltage is
collinear with the d-axis.

B. ABC-KM CLUSTERING ALGORITHM
The existing KM clustering algorithm is sensitive to ini-
tial conditions, which consumes massive time and loses the
stability of clustering. Therefore, in order to improve the
stability and effectiveness of clustering, ABC-KM algorithm
combined with artificial bee colony algorithm and k-means
algorithm is proposed in this paper.

In the algorithm proposed in this paper, the initial location
of the honey source can be expressed as follows:

xij = xmin .j + rand(0, 1)(xmax .j − xmin .j) (1)

where xmax,j, xmin,j are the maximum and minimum of the
jth dimension, respectively.

The new location of the honey source during the search can
be expressed as follows:

vij = xij + βij(xij − xkj) (2)

where βij represents the random number in the
interval [−1, 1].
The fitness of honey source is expressed as follows:

fitm(xm) =


1

1+ fm(xm)
1+ abs(fm(xm))

(3)

where fm is the function value corresponding to the
m-th employed bee.
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The probability based on the fitness obtained by employed
bees for an onlooker bee to select the honey source is
expressed as follows [23]:

Pi =
fit(xi)

SN∑
n=1

fit(xn)

(4)

Based on the proposed improvements in the ABC algo-
rithm, the clustering center that corresponds to each bee is
determined at the beginning of iteration, which can improve
the stability and the calculation speed in the KM algo-
rithm. The flow dagram of ABC-KM algorithm is shown in
Figure 2 with the detailed procedure described as follows:

FIGURE 2. Flow diagram of ABC-KM algorithm.

1) Parameter initialization: Set the numbers for three
kinds of bees, maximum iteration number M, control
parameter L, and initial iteration number C = 1.

2) According to the fitness of bees, the bees are divided
into two categories of employed and onlooker bees; a
new honey source is generated according to (2).

3) Calculate the new honey source fitness and replace
the original honey source if the new source has higher
fitness.

4) Calculate Pi according to (4).
5) Select employed bees based on the greedy principle;

onlooker bees search for the new honey source near the
corresponding honey source.

6) Cluster the honey source with KM algorithm and
update the bee colony after the search is done.

7) If the location is not updated after M iterations,
the employed bees will transform into scout bees.

8) If C > M , go to step 9, otherwise, go to step 2 for the
next round of calculations; set C = C+ 1.

9) Export the clustering results.

C. CLUSTERING INDICATORS OF DFIG
1) WIND SPEED
The wind speed is an important factor in determining the
output power of wind turbines, which can reflect the location
of the wind turbine and interactions among multiple DFIGs
considering thewake effect. Therefore, wind speed is selected
as a clustering indication to distinguish different operating
characteristics of DFIGs. Based on aerodynamic principles,
the output power of wind turbine is stated as follows:

Pm =
1
2
ρπR2CP(λ, β)v3w (5)

where ρ is the air density, R is the wind turbine radius, vw
is the wind speed, Cp is the power coefficient with a set of
nonlinear curves and the theoretical maximum is 0.593.

2) PITCH ANGLE
It can be seen from (5) that the power coefficient CP will
change when the pitch angle β changes, thereby affecting
the output power of the wind turbine. The pitch angle also
has a relationship with wind speed. When the wind speed is
between cut-in and rated wind speeds, the blade pitch angle
controller optimizes the pitch angle to capture the maximum
wind power. When the wind speed is higher than its rated
value, the pitch angle controller will be activated, and the
output power of DFIG is kept at its rated value by adjusting
the pitch angle. Therefore, the pitch angle is selected as a
clustering indication.

3) ROTOR ANGULAR VELOCITY
According to the power characteristic curve of wind turbine,
the relationship between the output power and the angular
velocity of the wind turbine is expressed as follows:

Pm ∝ ω3
m (6)

The shaft model represented by a two-mass model is
expressed as follows:

dθs
dt
= ωm − ωg (7)

where ωm and ωg are the angular velocity of wind turbine and
generator, respectively, θs is the shaft torsion angle.

In (6) and (7), the output power of wind turbine also has
a relationship with rotor angular velocity. Therefore, as a
clustering indication, the rotor angular velocity of generator
can reflect the operating characteristics of DFIGs.

4) ROTOR CURRENT
When the stator-flux orientation is used for the RSC control,
the decoupling control of the active power and reactive power
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will be realized, and they can be expressed as follows:
Ps = usiqs =

Lm
Ls
usiqr

Qs = −usids =
ψs

Ls
us −

Lm
Ls
usidr

(8)

where us is the stator voltage, idr and iqr are rotor currents
in d-axis and q-axis, respectively, Ls is the self-induction of
stator, and Lm is the mutual induction of stator and rotor.

Accordingly, idr and iqr can control the reactive and active
power on the stator side, respectively, for the decoupling
control of active and reactive power. Since the rotor side
power of DFIG is small (up to 30% of the total), the stator
side power is considered as the main factor in determining
the output power. In other words, the output power of DFIG is
reflected in the rotor current idr and iqr .

5) REAL-TIME POWERS
The performance of the equivalent model is to make the cor-
responding DFIG output characteristics at grid-connection
point consistent with those before the equivalence. And the
real-time active power and reactive power are the key repre-
sentatives of the DFIG output characteristics. Furthermore,
the real-time powers can reflect indirectly the performance
of wind speed, rotor current and other system operating char-
acteristics. Therefore, the real-time powers are selected as
clustering indications.

Accordingly, the comprehensive indicators consisting of
wind speed, pitch angle, rotor angular velocity, rotor current
and real-time powers are selected as clustering indicators,
which could distinguish different operating characteristics of
DFIGs in our analyses.

D. COLLECTION OF CLUSTERING INDICATORS
After determining the selection of the clustering indicators,
the clustering indications data of each DFIG are collected,
including the following steps:

1) Establish the detailed model of wind farm on the
PSCAD/EMTDC simulation platform based on the net-
work topology and parameters of wind farm.

2) Read wind speed information.
3) Set the running time and complete the transient simu-

lation of the detailed model.
4) Collect the pitch angle, rotor angular velocity, stator

current and real-time powers at steady state.

III. EQUIVALENT PARAMETERS AGGREGATION
A. EQUIVALENT WIND SPEED
In order to ensure the same output power of the wind farm
before and after equivalence, the equivalent wind speed is
obtained by calculating the average active power of DFIGs
in the same group, and it is represented as follows:

veq = f −1
(
1
n

n∑
i=1

f (vi)

)
(9)

where n is the number of DFIGs in the same group. f is the
fitting function of the wind speed power curve.

B. EQUIVALENT PARAMETER OF WIND POWER SYSTEM
Equivalent system parameters are obtained by using the
weighted average method. The weighted coefficients and
equivalent system parameters are obtained in (10) and (11).

θi =
Si
m∑
i=1

Si

(10)



Zeq =
n∑
i=1

(θiZi),Heq =
n∑
i=1

(θiHi)

Deq =
n∑
i=1

(θiDi),Keq =
n∑
i=1

(θiKi)

ZT_eq =
n∑
i=1

(θiZT_i), Seq =
n∑
i=1

Si

(11)

where m is the total number of DFIGs in the wind farm.
Z and ZT are the impedance parameter of generator and
transformer, respectively. H , D, K are the inertia constant,
damping coefficient and stiffness coefficient, respectively.
S is the capacity of the DFIG.

C. EQUIVALENT PARAMETER OF COLLECTING LINE
The equivalent impedance parameter of collector line can be
represented as follows:

ZL_eq =

m∑
i=1

(
i∑

k=1

(
ZL_k

n∑
j=k

Pj

)
Pi

)
(

n∑
i=1

Pi

)2 (12)

where ZL is the impedance parameter of the cable line.
Through the equivalence of impedance parameters, it can

be ensured that the voltage loss on the collector line is con-
sistent before and after the equivalence.

D. ERROR ANALYSIS OF EQUIVALENT MODEL
In order to compare the accuracy of different equivalent
methods, the average power deviation is usually used as the
evaluation index of the equivalent model, and the active aver-
age deviation amount EP and the reactive average deviation
amount EQ are defined as follows:

EP =

∫ t2
t1

∣∣Peq(t)− P(t)∣∣dt∫ t2
t1
|P(t)|dt

(13)

EQ =

∫ t2
t1

∣∣Qeq(t)− Q(t)∣∣dt∫ t2
t1
|Q(t)|dt

(14)

where P and Q are active and reactive power of the detailed
wind farm model, respectively.
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IV. CASE STUDY
The detailed model of a wind farm consisting of 16 × 5
MW DFIGs is set up on the PSCAD/EMTDC simulation
platform. Each DFIG is connected to the point of common
coupling (PCC) through a 0.69kV/35kV step-up transformer,
and the power output is delivered to the power grid via
a 35kV/230 kV step-up transformer. The main parameters of
DFIG are shown in Table 1, and the input wind speeds of
each DFIG are shown in Table 2. The clustering indicator data
of DFIGs are shown in Table 3, which collected in the detailed
model simulation.

TABLE 1. Parameters of DFIG

TABLE 2. Input wind speeds of each DFIG

A. VERIFICATION OF CLUSTERING METHODS
According to the input wind speeds shown in Table 2,
the wind farm is grouped using the ABC-KM algorithm
proposed in this paper and the existing KM algorithm, where
the wind farm is equivalent to 4 DFIGs. The clustering results
of the two algorithms are shown in Tables 4 and 5, respec-
tively. In order to verify the effectiveness of the dynamic
equivalence method proposed in this paper, we present
the comparative analyses of dynamic response characteris-
tics at the grid-connection point of detailed model, multi-
machine equivalent model with existing KM algorithm, and
multi-machine equivalent model with ABC-KM algorithm.
We present the steady-state and dynamic-state results consid-
ering wind speed disturbances and short-circuit faults.

TABLE 3. Clustering indicator data of DFIGs

1) STEADY-STATE SIMULATION
The wind speed shown in Table 2 is adopted as the input wind
speed of wind farm at steady state. The simulation results at
the grid-connection point are shown in Figure 3.

FIGURE 3. Response curves of wind farm in the steady state.
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TABLE 4. Clustering result with ABC-KM algorithm

TABLE 5. Clustering result with existing KM algorithm

2) WIND SPEED DISTURBANCE
Based on the basic wind speed, the wind gust disturbance is
added starting at 0.8s, ending at 1.8s, and the peak velocity
is 1m/s. The power simulation results at the grid-connection
point are shown in Figure 4.

FIGURE 4. Response curves of wind farm in the wind speed disturbance.

3) GRID FAULT
In order to compare the equivalent effects of different equiv-
alent models under a short-circuit grid fault, we assume that

the fault occurs at 1s, is cleared at 1.3s, and the voltage sag
amplitude is 50%. The power simulation results at the grid-
connection point are shown in Figure 5.

FIGURE 5. Response curves of wind farm in the grid fault.

It can be seen from Figures 3 to 5 that the power
dynamic responses of the multi-machine equivalent model
using the proposed method are much closer to those of
the detailed model at the steady-state and dynamic-state
cases, as compared with the equivalent model based on the
KM algorithm.

In Table 6, we use the detailed model as the benchmark
to analyze the errors in the two multi-machine equivalent
models, and present the results for the proposed ABC-KM
and existing KM algorithms. The results show that, com-
pared with the existing KM algorithm, the power dynamic
responses of multi-machine equivalent model with the
ABC-KM algorithm are more consistent with those of
the detailed model at steady-state and dynamic-state
cases.

B. VERIFICATION OF CLUSTERING INDICATORS
In order to further prove the effectiveness of the clustering
indicators, using the ABC-KM algorithm, the wind farm
is grouped according to the wind speed and the proposed
comprehensive indicators shown in Table 3. The clustering
results of the comprehensive indicators and wind speed are
shown in Tables 7 and 8.
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TABLE 6. Error comparison for different equivalent methods

FIGURE 6. Response curves of wind farm in the steady state.

TABLE 7. Clustering result by comprehensive indicators

TABLE 8. Clustering result by wind speed

1) STEADY-STATE SIMULATION
In order to verify the effectiveness of clustering indica-
tors at steady state, the power simulation results at the
grid-connection point are shown in Figure 6.

2) WIND SPEED DISTURBANCE
Based on the basic wind speed, the wind gust disturbance is
added starting at 0.8s, ending at 1.8s, and the peak velocity
is 1m/s. In this case, the power simulation results at the
grid-connection point are shown in Figure 7.

FIGURE 7. Response curves of wind farm in the wind speed disturbance.

3) GRID FAULT
We assume that a short-circuit grid fault occurs at 1s,
is cleared at 1.3s, and the voltage sag amplitude is 50%. And
the power simulation results at the grid-connection point are
shown in Figure 8.

It can be seen from Figures 6 to 8 that the power dynamic
responses of the multi-machine equivalent model based on
the wind speed present a large error in comparison with
those of the detailed model. The power dynamic responses
of the multi-machine equivalent model based on the compre-
hensive indicators are consistent with those of the detailed
model. To analyze the errors in the multi-machine equiva-
lent model based on the comprehensive indicators and wind
speed, we use the detailedmodel as the benchmark to analyze,
and present the results in Table 9. Accordingly, the power
dynamic responses of multi-machine equivalent model based
on the comprehensive indicators are more closely related to
those of the detailed model at steady-state and dynamic-state
cases.
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FIGURE 8. Response curves of wind farm in the grid fault.

TABLE 9. Error comparison for different clustering indicators

C. SIMULATION TIME COMPARISONS
The proposed simulations are carried out on a personal com-
puter Intel (R) Core (TM), i7-6700HQ, Quad-core CPU @
2.60 GHz, 16 GB of RAM. The simulation times for different
equivalent methods are shown in Table 10. It can be seen
from Table 10 that the simulation times corresponding to the
two kinds of multi-machine equivalent models are very close.
However, compared to the detailed model, the simulation
time of the multi-machine equivalent model is reduced by
about 98%.

In summary, considering the steady-state and dynamic-
state, the power responses of the multi-machine equivalent
model with ABC-KM algorithm are much closer to those
of the detailed model as compared to those of the equiva-
lent model with the existing KM algorithm. And the power

TABLE 10. Simulation time comparison for different models

responses of multi-machine equivalent model based on the
comprehensive indicators are more consistent with those of
the detailed model as compared with the equivalent model
based on the wind speed. Furthermore, compared with the
detailed model, the dynamic equivalent model is simplified
and the calculation time is reduced significantly.

V. CONCLUSION
In order to meet the practical engineering requirement, a
multi-machine dynamic equivalence method for wind farm
with DFIGs is proposed in this paper. First, the artificial bee
colony with k-means (ABC-KM) algorithm is proposed to
improve the effectiveness of clustering. Second, the compre-
hensive indicators composed of wind speed, pitch angle, rotor
angular velocity, rotor current, real-time active and reactive
power are selected as clustering indicators. The wind farm
with DFIGs is divided into groups and DFIGs in which
each group is represented by single DFIG using equivalent
parameters. Finally, the multi-machine dynamic equivalent
model of wind farm with DFIG is established and studied
on the PSCAD/EMTDC simulation platform according to the
aggregation of equivalent parameters.

The simulation results demonstrate that multi-machine
equivalent model established in this paper can reflect
dynamic response characteristics of wind farm with DFIG
effectively. At the same time, compared with the detailed
model, the multi-machine dynamic equivalent model is sim-
plified and the calculation time is reduced significantly.
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