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Abstract
This paper proposes a novel equivalent modeling
framework for wind farms, specifically designed
for the “grid simulation with physical security and
stability control device” co-simulation environment.
As the scope of stability control expands from the
farm level to individual feeders and turbines,
conventional equivalent models are inadequate
for validating advanced strategies. To address this
issue, a framework is proposed that integrates the
architecture and operational principles of security
and stability control systems. Within the scope
of centralized renewable energy transmission
grids, a technical route for equivalent modeling
of wind farms that incorporates stability control
actions is presented, adopting a five-machine
equivalent method. Furthermore, a typical scenario
selection method based on two-dimensional
Kernel Density Estimation (2D-KDE) is developed,
utilizing the active power recovery characteristics
of the equivalent model. The efficacy of the
proposed method is validated on an extended IEEE
10-machine 39-bus system.
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1 Introduction
Renewable energy strategies are actively driving
the large-scale integration and deployment of wind
power [1]. However, the inherent characteristics
of wind power generation—including low
inertia, minimal damping, and limited voltage
support—introduce complex stability issues and
heighten the risk of cascading failures following
system faults [2, 3]. Consequently, the secure and
stable operation of modern power grids relies heavily
on security and stability control systems. The rigorous
validation of these systems is a critical prerequisite for
maintaining grid reliability.

The verification of security and stability control
systems entails multi-level and multi-dimensional
testing. Under laboratory conditions, the prevalent
methodology is the “grid simulation with physical
security and stability control device” co-simulation
approach, which is employed to confirm the precision,
efficacy, and logical correctness of stability control
strategies [4, 5]. However, practical constraints
often necessitate the simplification of power grid
components and topologies. Wind farms, serving
as primary control objects, possess distinct dynamic
characteristics that profoundly influence control
switching and protection mechanisms during grid
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disturbances. The primary challenge lies in developing
a realistic modeling method for these wind farms to
effectively validate stability control strategies.

The equivalent modeling of wind farms is generally
classified into single-machine and multi-machine
equivalence [6–8]. While single-machine equivalence
simplifies awind farm into a single equivalent unit, it is
particularly inadequate for large-scale installations due
to significant variations in individual unit operating
conditions caused by wake and hysteresis effects. This
oversimplification can lead to substantial equivalent
errors in transient stability simulation analyses [9].

The multi-machine equivalence approach mitigates
this by simplifying a wind farm into multiple
representative units [10, 11]. In [12–14], real-time
indicators such as active power and short-circuit
current during faults are selected as clustering
criteria. Although these high-dimensional indicators
can enhance simulation accuracy, they require complex
data processing and clustering algorithms, hindering
their application in engineering practice. Conversely,
methods proposed in [15, 16] utilize post-fault
information, such as rotational speed, active/reactive
power, terminal voltage, and virtual power angle, to
analyze power system stability. While effective for
fault inversion, these methods are limited in verifying
stability control strategies based on anticipated faults,
as they rely on data collected post-disturbance.
Alternatively, scenario-based methods introduced
in [17, 18] utilize the pre-fault initial wind speed of
each unit as known data. This approach is highly
applicable in engineering contexts and facilitates the
effective simulation verification of stability control
strategies for potential faults.

As wind farms expand in scale, the traditional
“whole-farm switching” approach to stability control
becomes less economically viable and logically rational.
Modern security and stability control systems have
transitioned towards more granular “feeder-level” or
“turbine-level” control strategies. However, existing
wind farm equivalent methods inadequately address
the efficacy of equivalent models when specific
turbines are tripped as a result of stability control
actions. There is a critical need for an equivalent
method that explicitly considers the impact of stability
control actions.

This paper proposes an effective equivalent modeling
framework that integrates the architecture and
operational principles of security and stability control
systems. Within this framework, a five-machine

equivalent method that accounts for stability control
actions is introduced. Additionally, this paper presents
a wind farm typical scenario screening method
based on the active power recovery attributes of
the equivalent model, providing robust support for
scenario generation in wind farm studies.

The remainder of this paper is organized as follows:
Section 2 proposes the equivalentmodeling framework
considering stability control actions. Section 3 details
the active power equivalent error analysis and the
proposed equivalent method for wind farms. Section 4
describes the typical scenario screening methodology
for stability control verification. Section 5 presents the
method verification to demonstrate the efficacy of the
proposed approach.

2 Equivalent Modeling Framework
Considering Stability Control Actions

The security and stability control system typically
comprises a control master station, control substations,
and execution stations [19]. The wind farm execution
station plays a pivotal role by receiving active power
control commands (Pord) from superior stability
control devices. Its primary function is to sequentially
trip feeders or turbines based on a predefined priority.
Concurrently, it must ensure that the sum of the
pre-fault steady-state active power of the tripped
turbines meets or exceeds Pord. In other words, the
actual tripped active power (Pcut) must satisfy Pcut ≥
Pord. The value of Pcut is subsequently reported back
to the control master station.

Traditional wind farms typically employ a
“whole-farm switching” control strategy. As security
and stability control systems extend their control
scope to lower voltage levels, wind farms now
predominantly utilize a “feeder-level” control strategy,
with panoramic monitoring systems even enabling
“turbine-level” control. Both “whole-farm switching”
and “feeder-level” strategies can be considered
as aggregated applications of the more granular
“turbine-level” control logic, as they ultimately result
in the tripping of individual turbines. Therefore,
the analysis of the equivalent modeling framework
for wind farms, considering stability control actions,
adopts the “turbine-level” control strategy as the
representative framework.

In a wind farm scenario, turbines are grouped
by wind speed, with each cluster aggregated
into a single equivalent turbine. To ensure the
resulting equivalent model is suitable for use within
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security and stability control system verification
environments—where model complexity must be
balanced against computational efficiency [20]—the
equivalent turbine’s active power output typifies the
average power of the entire cluster, and its equivalent
wind speed is calculated as:

veq = f−1

(
1

N

N∑
i=1

f(vi)

)
(1)

where veq is the equivalent wind speed for a single
equivalent turbine, N is the number of turbines in the
cluster, f(vi) is the power-wind speed characteristic
function of a turbine, and vi is the wind speed of the
i-th turbine.

The response time of stability control systems is
typically on the order of hundreds ofmilliseconds [21],
whereas the active power response of wind farms
exhibits a considerably slower time scale compared
to the stability control action, as the aggregated
output power adjusts gradually following wind speed
variations—a characteristic that must be preserved
in equivalent modeling [22]. Therefore, it can be
assumed that the wind speed of each turbine remains
constant following a stability control action, and the
clustering results remain unchanged.

However, the stability control action results in a portion
of the turbines being tripped. Consequently, it is
imperative to adjust the equivalent turbine multiplier
to accurately reflect this action. The formula for
calculating the updated equivalent turbine multiplier
is (2). 

n = N, t < tk

n′ =

∑
i∈S

f(vi)

f(veq)
, t ≥ tk

(2)

where n is the equivalent turbine multiplier
post-action, tk is the timing of the stability control
action, and S is the set of turbines retained within the
cluster after the action. The superscript denotes the
state after the stability control action.

Following the stability control action, the topological
structure of the wind farm changes, leading to
corresponding variations in power losses within
the collection lines. To maintain a constant
steady-state active power loss before and after
equivalence—a standard principle in wind farm
equivalent modeling [6] that must also comply with
the grid connection requirements [23]—the equivalent

length of the collection line is calculated as:

leq =

N∑
i=1

(
li · P (li)

2
)

(
N∑
i=1

pi

)2 , t < tk

l′eq =

N∑
i=1

(
li · P ′(li)2

)
(

N∑
i=1

p′i

)2 , t ≥ tk

(3)

where leq is the equivalent length of the collector line, li
is the length of the collector line associatedwith the i-th
turbine, P (li) is the steady-state active power flowing
through collector line li, and pi is the steady-state active
power generated by the i-th turbine. It is important
to note that if the i-th turbine is tripped off following
stability control, p′i is rendered zero.

3 Equivalent Method for Wind Farms
3.1 Error Analysis Considering Stability Control

Action
During a deep voltage dip at the point of common
coupling (PCC) of a wind farm, it is required to
provide reactive power support for voltage recovery,
and active power should be restored after fault clearing
in accordance with grid code requirements [24,
25]. The reactive response of the turbines during
low-voltage ride-through is a function of the control
strategy, terminal voltage, and pre-fault steady-state
Q0 (normally zero). In multi-machine equivalent
models, the reactive characteristics of turbine clusters
under fault conditions can be represented by an
aggregate equivalent, as the reactive behavior is
primarily governed by the shared control logic and the
common bus voltage [26]. The same control strategies
and similar voltages among turbines during deep
dips cause minor differences in reactive responses.
However, due to the complicated operating conditions
of wind farms, significant differences exist in the
active power responses, which motivates this work
to perform error analysis on the active power.

Equivalent modeling can be categorized into
single-machine and multi-machine equivalence,
with the latter essentially comprising multiple
single-machine equivalents [27]. Consequently,
the analysis of active power equivalent errors,
considering the stability control action, is based on the
single-machine equivalence.

For relatively low voltage drops, the active power
recovery of wind farms is brief, and stability control
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Figure 1. Equivalent error in active power of wind farms considering stability control actions.

may act after this recovery, as depicted in Figure 1(a).
Conversely, for more significant voltage drops, this
process is prolonged, and stability control may
act during the recovery period, as illustrated in
Figure 1(b).

When stability control acts after active power recovery,
the active power equivalent error of single-machine
model is given by (4) disregarding the error during
the fault period.

e(t) =

{
p(t) · α(t)− Pα(t), tc < t < tk

0, t ≥ tk
(4)

where e(t) is the equivalent error of active power in
the single-machine model, p(t) is the active power of
the turbine in the recovery period at time t, α(t) is the
number of turbines in the farm that have completed
active power recovery at time t, Pα(t) is the total
steady-state active power of the α turbines at time t
and tc is the time of fault removal.

When stability control acts during active power
recovery, the single-machine model’s active power
equivalent error is given by (5).

e(t) =

{
p(t) · α(t)− Pα(t), tc < t < tk

[p(t) · α(t)− Pα(t)] + [p(t) · (n′ − nc)] , t ≥ tk
(5)

where nc is the number of turbines retained after the
stability control action in the farm.

For brevity, [p(t) · α(t)− Pα(t)] and [p(t) · (n′ − nc)]
are denoted as e1 and e2. Thus, the active power
equivalent error considering the stability control action

is given in (6).

e =


e1, tc < t < tk

e1 + e2, t ≥ tk & t < tend

0, t ≥ tk & t ≥ tend

(6)

3.1.1 e1 analysis
e1 is the error caused by the equivalent model treating
the turbines that have completed active power recovery
as being in the recovery period. This error is primarily
related to the difference between p(t) · α(t) and Pα(t).
When the number of clusters increases, the difference
between p(t) · α(t) and Pα(t) within the same cluster
becomes smaller, resulting in a smaller e1.

The optimal clustering method, which minimizes the
active power equivalent error for a specified number
of clusters, was employed on the power farm. This
was done to evaluate the error e1 associated with
varying numbers of clusters, as depicted in Figure 2.
It was observed that as the number of clusters rose,
the error e1 exponentially diminished. A notable
reduction in error e1 was evident when transitioning
from single-machine equivalence to two-machine
equivalence.

3.1.2 e2 analysis
e2 results from the discrepancy between the equivalent
machine multiplication value n′ and the actual unit
count nc. This discrepancy is fundamentally caused by
the stability control action, with the difference between
n′ and nc mainly determined by the composition of the
tripped turbines.
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Figure 2. e1 with different numbers of clusters.

Figure 3 illustrates the influence of e2 on the overall e,
which is analyzed as described below:

(1) When e2 > 0, e is positive and decreases as e2

diminishes;

(2) When e2 < 0, the error caused by e2 partially
offsets the equivalent error caused by e1;

(3) After reaching its minimum value, e begins to
increase in the opposite direction.

e becomes significant when e2 is either sufficiently
large or small. To quantify the effect of e2 on ewhen
e2 is sufficiently large or small, the active power error
area without stability control serves as the reference.
For t > tk, the error areas with and without stability
control are compared, as shown in Figure 4.

Let r represent the ratio of active power error areas
with and without stability control for t > tk, as in (7).
If r > 1, stability control action expands the active
power error areas compared to its inaction.

r =
Sγ
Sγ′

(7)

where Sγ′ is the active power error area without
stability control actions andSγ is the active power error
area with stability control actions.

Next, simulations are employed to assess whether r
could exceed 1. The setup involves a 10-turbine wind
farm with 50 randomly generated operating scenarios,
covering uniform and non-uniform wind speed
distributions. For each scenario, 100 turbine-tripping
cases are tested, including combinations of 1 to 10
turbines tripped and varying actual tripped active
power (Pcut) for the same number of turbines tripped.

In this study, rmax denotes the maximum r across
100 turbine-tripping cases, with statistical results
shown in Figure 5. For the randomly generated
100 turbine-tripping cases, the rmax of each scenario
exceeds 1, with a maximum rmax of 3.28, a minimum
rmax of 1.36, and an average rmax of 1.69. These findings
indicate that stability control actions may indeed lead
to an increase in the active power error.

Statistical analysis reveals that cases with r > 1 mainly
involve tripping low-wind-speed turbines. The reasons
are as follows:

The number of remaining turbines nc in the wind farm
after stability control can be expressed as:

nc =

∑
i∈S

f(vi)

f(veqc)
(8)

where veqc represents the equivalent wind speed of the
retained turbines after stability control action.

The difference between n′ and nc can be expressed as:

n′ − nc =
∑
i∈S

f(vi) ·
(

1

f(veq)
− 1

f(veqc)

)
(9)

When low-wind-speed turbines are tripped, veq <
veqc, thus according to (9), (n′ − nc) > 0, leading
to e2 > 0. Meanwhile, retaining high-wind-speed
turbines prolongs active power recovery, leading to
an increase in the cumulative error represented by e2.
Consequently, this results in a larger active power error
when stability control actions are considered.

3.2 Clustering Method
Based on the relationship between active power
and rotor speed, wind turbines operate in three
distinct regions: start-up, Maximum Power Point
Tracking (MPPT), and constant speed/power [28].
The differing control strategies in these regions result
in unique active power responses.

In [16], the single-machine error remains notably small
in the start-up and constant speed/power regions but
significantly increases in the MPPT region. Since
most wind turbines operate in the MPPT region
during normal wind farm operation, a multi-machine
equivalent approach is essential to minimize the active
power equivalent error.

Firstly, the optimal two-machine clustering method
in the MPPT region is determined to minimize e1.
Assuming there are m turbines in the MPPT region,
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Figure 3. The influence of e2 on the overall e.

Figure 4. Error areas between stability control action and
inaction in a single-machine equivalent model.

Figure 5. rmax under 100 random generator tripping
combinations across different scenarios.

their corresponding steady-state active power outputs
are p = {p1, p2, . . . , pm}. The relationship of active
power response among the single-machine model,
two-machine model, and detailed model is illustrated

in Figure 6.

Figure 6. Active power response without stability control
action in detailed and equivalent models.

In the two-machine model, different clustering
methods yield different active power errors. Given that
the active power error of the single-machine model
is fixed, to minimize the active power error of the
two-machine model, it is necessary to maximize the
active power error between the single-machine model
and the two-machine model. This is equivalent to
maximizing the area of the purple triangular region,
as shown in (10).

maxS12 = S1 − S2 (10)

whereS12 is the error area enclosed by the active power
response curves of the single-machine model and the
two-machine model, S1 is the active power error area
of the single-machine model and S2 is the active power
error area of the two-machine model.

The steady-state active power split point pdiv serves to
divide the MPPT area’s m turbines into two distinct
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clusters. The cluster characterized by a lower average
power is designated as Group A, while the cluster with
a higher average power is referred to as Group B, thus
satisfying:

m∑
i=1

pi = pAmean · nA + pBmean · nB

pAmean ≤ pBmean

(11)

where pAmean and pBmean are the steady-state average
active power of Group A and Group B, nA is the
number of turbines in Group A and nB is the number
of turbines in Group B. nA and nB satisfy the following
relationship:

m = nA + nB (12)

Assuming the active power recovery slope of each
turbine is ku, then:

tA = pAmean/ku

tB = pBmean/ku

ts = pmean/ku

(13)

where tA and tB are the active power recovery
durations for Group A and Group B, ts is the active
power recovery duration for the single-machinemodel,
satisfying tA ≤ ts ≤ tB , and pmean is the average active
power before the fault in the MPPT region, satisfying
(14).

pmean =
1

m

m∑
i=1

pi (14)

The area S12 is given by (15).

S12 =
1

2

(
m∑
i=1

pi −mpAmean

)
(tB − ts) (15)

By substituting (13) into (15), (16) is derived.

S12 =
1

2ku

(
m∑
i=1

pi −mpAmean

)
(pBmean − pmean) (16)

By substituting (14) into (16) and expanding, (17) is
obtained.

S12 = 1
2ku

[∑m
i=1 pi · (pAmean + pBmean)−mpAmeanp

B
mean −mp2

mean
]

(17)

Given that ku, pmean, and m are constant values, the
maximization of S12 can be achieved by (18).

max

m∑
i=1

pi · (pAmean + pBmean)−mpAmeanp
B
mean (18)

Finally, through the incorporation of (11) and (12) into
(18), the following result is obtained.

max(pAmean)2 · nA + (pBmean)2 · nB (19)

The steady-state active power split point pdiv,
corresponding to pAmean and pBmean in (19), represents
the optimal split point for the two-machine model in
the MPPT region. This minimizes the active power
error of the two-machine model in the MPPT region.
This active power split point pdiv is denoted as pMPPT

div1 .

To mitigate the significant active power error e
caused by e2 when tripping low-wind-speed turbines,
this paper proposes secondary clustering for the
higher-average-power machine group in the MPPT
region. The steady-state active power split point is set
as the cluster’s steady-state average active power, as
shown in (20).

pMPPT
div2 = pBmean (20)

In summary, this section proposes a five-machine
clustering method for wind farms considering stability
control actions. First, all turbines in a wind farm are
grouped into three clusters based on the start and
end wind speeds in the MPPT region. Then, the
MPPT region is further divided into three clusters
using steady-state active power split points pMPPT

div1 and
pMPPT
div2 , achieving the five-machine clustering. The

methodology is illustrated in Figure 7.

Figure 7. Schematic diagram of the five-machine equivalent
strategy.

4 Wind Farm Typical Scenarios Screening for
Stability Control Verification

4.1 Typical Scenario Definition
The verification of stability control strategies is
conducted based on the typical operating conditions of
the power system, where the steady-state active power
of the wind farm is determined. Therefore, the typical
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scenario of the wind farm ζ∗ = (v∗1, v
∗
2, · · · , v∗M ) must

satisfy the following condition:

M∑
i=1

f(v∗i ) = Pobj (21)

where Pobj is the target active power in the steady state,
andM is the number of turbines in the wind farm.

The verification of stability control strategies is based
on system stability. Wind farms affect stability through
their active power response. In different scenarios,
with the same steady-state active power Pobj, the
recovery characteristics of a wind farm after fault may
be different, resulting in different effects on system
stability. Therefore, it is necessary to select a typical
scenario with representative active power recovery
characteristics.

The active power recovery characteristic of a wind
farm’s equivalent model depends on the number of
equivalent machines. For a single-machine model
(Neq = 1), these characteristics are consistent across
all operating scenarios, as shown in Equation (22),
making any scenario representative of all others.

P (t) = kuM(t− tcqs) + Pobj, tc < t < tcqs (22)

where tcqs is the steady-state time after fault clearance
for single-machine model.

As the number of equivalent machines (Neq) increases,
the differences in active power recovery characteristics
across scenarios grow, peaking at Neq = M . Thus,
this paper defines the typical scenario ζ∗ for stability
control validation with representative active power
recovery characteristics based on the five-machine
equivalent model (Neq = 5).

4.2 Typical Scenario Selection Method Based on
2D-KDE

4.2.1 Data preprocessing
In a wind farm with M turbines, each scenario
represents the wind speeds of all turbines at a specific
moment, withW total scenarios, as illustrated in (23)
and (24). The initial scenario set Φ0 has a dimension
ofW ×M .

Φ0 = (ζ1, ζ2, · · · , ζk, · · · , ζW )T (23)

ζk = (vk,1, vk,2, · · · , vk,M ) (24)

whereW is the number of the initial scenarios, which
is collected by SCADA system of the wind farm.

The active power of the wind farm under different
scenarios is represented as discrete data points as
shown in (25).

Ω = {Pζk | Pζk =
M∑
i=1

f(vk,i), k = 1, 2, · · · ,W} (25)

where Pζk is the steady-state active power for the k-th
scenario.

Nevertheless, the quantity of scenarios that align with
the target power value Pobj is finite and might even be
non-existent. Consequently, scenarios situated within
the interval (Pobj − δ, Pobj + δ) are chosen from Ω for
data preprocessing.

Let the rated power of the turbine be pn and the scaling
factor for k-th scenario be αk. The scaled power pi,k of
the i-th turbine satisfy (26) and (27).

p′i,k = min(αk · f(vi,k), pn) (26)

M∑
i=1

p′i,k = Pobj (27)

Thus, the scaling factor αk should satisfy (28).

M∑
i=1

min(αk · f(vi,k), pn) = Pobj (28)

Due to the nonlinearity in (28), direct solution is
complex. This paper employs an iterative method,
where the value of αk varies in each iteration.
Consequently, αk is no longer a specific numerical
value but rather a set of vectors, as expressed in (29):

αk = {αk,0, αk,1, · · · , αk,z, · · · , αk,end} (29)

The formula for αk,z is defined as:

αk,z =


Pobj

M∑
i=1

f(vk,i)

, z = 0

Ph −Nh · pn
Pobj − Ph

, z ≥ 1

(30)

where Ph is the total active power of abnormal turbines
exceeding pn and Nh is the number of abnormal
turbines exceeding pn. The loop ends when Ph = 0.
The scenario set after data preprocessing is denoted as
Φ1 = (ζ ′1, ζ

′
2, · · · , ζ ′|Φ1|)

T.
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4.2.2 Candidate scenario screening
The steady-state active power division point pdiv is
chosen tomaximize (19), grouping all wind farm units
accordingly.

Let the parameters of the first equivalent machine
be v(2)

eq1 and n
(2)
1 , and those of the second equivalent

machine be v
(2)
eq2 and n

(2)
2 . These four features

are interdependent, constrained by (31) and (32),
resulting in only two independent features.

f(v
(2)
eq1) · n

(2)
1 + f(v

(2)
eq2) · n

(2)
2 = Pobj (31)

n
(2)
1 + n

(2)
2 = M (32)

v
(2)
eq2 andn

(2)
2 are selected as the featuresT for candidate

scenario screening.

T = [v
(2)
eq2, n

(2)
2 ] (33)

The feature matrix Z1 corresponding to different
scenarios is:

Z1 =
[
T1, T2, · · · , T|Φ1|

]T (34)

Using the feature matrix Z1 as input, the
two-dimensional kernel density estimation algorithm
computes the probability density values for all
samples in the scenario set Φ1. Scenarios with
densities exceeding ε form the candidate set Φ2 ⊂ Φ1,
as defined in (35).

Φ2 = {ζ ′i | f1(Ti) > ε} (35)

where f1(Ti) is the probability density of scenario ζ ′i.

4.2.3 Typical scenario identification
Based on Section 3, the wind farm is equivalently
represented by five machines, with parameters
(v

(i)
eq , n

(i)
i ) for the first, up to (v

(5)
eq , n

(5)
5 ) for the fifth.

The key distinction between the five-machine and
two-machine equivalents lies in the higher wind speed
cluster of the five-machine model. The features for
typical scenario identification are shown in (36).

G =
[
max v

(5)
eqi , n

(5)
arg max veqi

]
(36)

where i ranges from 1 to 5.

The feature matrix Z2 corresponding to different
scenarios is:

Z2 =
[
G1, G2, · · · , G|Φ2|

]T (37)

Using the feature matrix Z2 as input, the 2D-KDE
algorithm computes the probability density values for
all samples in the scenario setΦ2. The scenariowith the
highest density value is selected as the typical scenario
ζ∗, as shown in (38).

ζ∗ = arg max
ζi∈Φ2

f2(Gi) (38)

where f2(Gi) is the probability density of scenario ζi.

4.3 Extreme scenario augmentation
The stability control strategymust be adaptable to both
typical and extreme wind farm scenarios. Increasing
the active power recovery time enhances the positive
effect under a constant wind power output. The
active power recovery time should be minimized
in extreme scenarios, and the recovery time across
different scenarios is determined by the wind turbine
with the maximum wind speed. Therefore, in extreme
scenarios, the wind speed for each wind turbine is:

vi = f−1

(
Pobj

M

)
, i = 1, 2, · · · ,M (39)

5 Method Verification
The effectiveness of the proposed five-machine
equivalent method is verified using a simulation
system constructed in PSCAD/EMTDC. The system
includes 32 turbines, each with 6.25 MW, connected to
Bus 19 of the IEEE-39 system, as shown in Figure 8.

Figure 8. Wind farm topology.

The stability control action is simulated usingmanually
set pulse triggers, emulating the “grid simulation
& security and stability control device physical”
approach for validating stability control strategies. The
priority of each turbine is randomly assigned.

Set Pobj = 145 MW and determine the scenario ζ∗
using Section 4 (wind speeds in Table 1).
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Table 1. Typical scenario of Pobj = 145 MW.

Turbine Wind speed/(m/s)

1∼8 6.92,8.24,8.63,10.03,6.92,8.25,8.67,9.84
9∼16 6.70,8.20,8.54,9.40,7.19,7.99,8.98,9.87
17∼24 8.38,8.08,9.02,8.39,8.38,10.03,9.12,8.50
25∼32 8.08,9.58,9.17,10.03,6.99,8.29,8.75,9.85

A three-phase short circuit at Bus 19 occurs at 12 s,
lasting 0.625 s. To evaluate the equivalence accuracy of
the proposed method considering the stability control
action, two cases are configured as follows:

Case 1: voltage drops to 0.1 p.u., Pord = 50 MW;

Case 2: voltage drops to 0.4 p.u., Pord = 30 MW;

The proposed equivalent method is compared with
single-machine and four-machine equivalents (using
MPPT region start/end points and equivalent wind
speeds of MPPT turbines). Since traditional
single-machine and four-machine equivalents do not
consider the stability control action, they must be
integrated with the equivalent modeling framework
described in Section 2. The simulation results of active
power response for different models under two cases
are presented in Figure 9.

When the stability control action is initiated (t = 14
s), all equivalent models can effectively characterize
the instantaneous active power drop, demonstrating
the rationality of the wind farm equivalent modeling
framework considering stability control actions
proposed in Section 2.

After the stability control action (t > 14 s), the
proposed model effectively characterizes the active
power recovery process, with recovery times closely
matching the detailed model. As shown in Table 2,
the proposed model significantly outperforms the
four-machine model in terms of both MAPE and
maximum error across all cases, reducing the MAPE
by approximately 67% in Case 1 and 57% in Case 2.

This suggests that the proposed model demonstrates
superior adaptability across diverse validation
scenarios compared to the four-machine model.

6 Conclusion
This paper proposes an equivalent modeling method
for large-scale wind farms considering stability control
actions, as well as a typical scenario selection
method. Together, they provide a highly practical
engineering solution for renewable energy station

Figure 9. Active power response for different models under
two cases.

equivalent modeling and typical scenario selection
in the verification of security and stability control
strategies.

(1) The proposed equivalent method for large-scale
wind farms, which accounts for stability control
actions, groups wind turbines based on their wind
speeds. The relevant indicators are observable and
measurable, ensuring strong practical applicability
in engineering. This method accurately reflects the
station’s response characteristics under “feeder-level”
or “turbine-level” control modes and their actions.
Furthermore, it provides key technical support for
future, more refined stability control strategies, such
as “generation modulation instead of tripping.”

(2) The proposed typical scenario selection method
based on 2D-KDE resolves the issue of selecting
typical operational scenarios for renewable energy
stations that are grouped and modeled based on
wind speeds. It offers a viable approach for selecting
typical scenarios from massive operational conditions
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Table 2. Calculation results of key indicators for different equivalence methods.
Case 1 Case 2

MAPE/% maximum
error /MW MAPE/% maximum

error /MW
Single-machine model 7.14 10.09 5.48 11.41
Four-machine model 2.44 4.64 3.35 5.98
Proposed model 0.80 2.71 1.45 3.14

in practical simulation verification.

Considering the current development status of stability
control technologies, the wind farm equivalent
modeling and typical scenario selection methods
proposed in this paper focus on preserving the
active power response characteristics of the station.
Future work will further consider reactive power
response deviations to optimize the equivalentmethod.
Additionally, exploration will be conducted into
equivalent modeling technologies for renewable
energy stations, which are tailored to verify control
strategies for emerging stability issues, such as
broadband oscillation.
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