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Smailes, Member, IEEE, Jun Liang, Fellow, IEEE, Sheng Wang, Senior Member, IEEE

Abstract—Detailed electromagnetic transient models of off-
shore wind farms incorporate the individual wind turbine dy-
namics and controls of many wind turbines (WTs), resulting in
substantial computational burdens. This limits their practicality
for large-scale system studies. While aggregation techniques re-
duce this burden, they often compromise accuracy, particularly in
capturing dynamic behaviour during power system disturbances.
To overcome this challenge, this paper proposes a gaussian
mixture model clustering with information-theoretic averaging
to group similar WTs and derive representative aggregated
models. A structured eigenvalue sensitivity analysis is conducted
to identify the control parameters that have the greatest impact
on system dynamics, reducing the dimensionality of the param-
eter space. Additionally, an improved multi-objective gradient
descent optimisation strategy is developed to identify and provide
optimal values of system and control parameters under varying
wind conditions and fault scenarios to ensure accuracy. The
proposed modelling applicability is further demonstrated through
assessment on an HVDC connected offshore wind farm under
large disturbance and weak grid conditions in the time and
frequency domains. Finally, the aggregated model’s performance
is validated against the detailed benchmark to ensure UK’s
grid compliance on modelling, confirming its ability to replicate
key dynamic and steady-state characteristics with substantially
reduced computational effort.

Index Terms—Aggregation modelling, parameters sensitivity,
multi-objective optimisation, grid compliance modelling.

I. INTRODUCTION

AS wind energy integration continues to rise globally,
ensuring the dynamic performance and control of large-

scale wind farms (WFs) has become crucial for the secure and
stable operation of modern power systems. In power system
studies, a detailed model of a WF typically includes the control
systems of every wind turbine (WT), power converter switch-
ing operations, and electrical cable interconnections. While
such detailed models are highly accurate, they significantly
increase the computational burden in electromagnetic tran-
sient (EMT) simulations. Consequently, employing detailed
models in large-scale system studies is often impractical and
computationally intensive. Instead, a large number of WTs
could be modelled by aggregation [1]. This study employs
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Type-4 full converter based permanent magnet synchronous
generator (PMSG) wind turbines, which dominate modern
offshore installations due to their high reliability in direct drive
configurations and their superior controllability for meeting
stringent grid compliance standards.

To provide a clearer synthesis of prior work and its
limitations, existing wind farm aggregation methods can be
organised into three methodological categories: reduced-order
modelling, clustering-based aggregation, and learning-based
or surrogate approaches. Within reduced-order modelling ap-
proaches, these range from single-machine equivalents, which
model the WF as one scaled WT, to more accurate but com-
putationally intensive multi-machine models, where turbines
are grouped based on shared operational characteristics [1].
Although these methods simplify WF representation, the com-
plexity in modelling and aggregation of wind farms (WFs) due
to the stochastic nature of the wind, variability of wind speed
and interactions between wind turbines is further complicated
by different WF layouts and potential changes in the operating
mode of WTs (i.e., normal, LVRT, disconnected) during faults
in transmission lines [2].

For clustering-based aggregation methods, researchers have
explored capacity-weighted techniques, probabilistic cluster-
ing, aggregated impedance models, and admittance model-
order reduction. However, these approaches still suffer from
reduced accuracy, limited generality, and restricted applica-
bility [3]–[5]; especially for impedance based methods that
are valid only for high-frequency oscillation analysis and
do not capture EMT-level dynamic behaviour [6]. Moreover,
traditional clustering methods based on single time snapshots
often fail to capture time-evolving turbine dynamics, leading
to reduced model fidelity over extended simulation periods.
Several studies on clustering-based aggregation modelling
have been conducted to address this such as fuzzy cluster-
ing–based multi-machine dynamic equivalent to analyse the
active power characteristics of DFIG based wind farms in
[5] and a geometric template matching based aggregation
method which improves accuracy but increases computational
overhead, slower convergence rate [7].

However, even with optimal clustering, accurate dynamic
aggregation also depends on appropriate parameter identifica-
tion. This is particularly challenging when dealing with a high
number of interrelated control and physical parameters. Pha-
sor Measurement Unit (PMU) based parameter identification
methods are widely used to optimise wind turbine generator
(WTG) parameters by minimising the mismatch in active
and reactive power at the point of common coupling (PCC)
between detailed and Phasor aggregated wind farm models [3],
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[8]–[10]. Existing approaches such as genetic algorithms [7],
particle swarm optimisation (PSO) [11], and hybrid techniques
[3], [8], [9] have been widely used, but often suffer from high
computational cost and limited convergence efficiency. As a
result, only a small set of dominant parameters are usually
optimised, while the rest are either estimated empirically or
fixed at nominal values [12], potentially degrading model
accuracy under varying dynamic conditions.

More recently, physics informed learning approaches have
been introduced for wind farm aggregation. These in-
clude PINN-based dynamic identification and symbolic-
regression/PDE-FIND frameworks that refine generic ag-
gregated models using physical error mechanisms, thereby
improving transient accuracy while keeping the model in-
terpretable [13]. However, these symbolic-regression based
physical-informed methods still depend heavily on high-
quality operation data and predefined structural constraints,
and their accuracy can degrade when capturing multi-timescale
EMT dynamics or large parameter disparities across turbines
[14]. Emerging Koopman operator and neural network assisted
approaches have also been explored, where PINNs serve as
nonlinear function approximators to provide observables for
koopman lifting. However, these methods require carefully
defined initial and boundary conditions to avoid local conver-
gence issues, do not yield analytical equations, and often lead
to high model complexity [15], [16]. Thus, while Koopman-
based reduction is a promising direction, its application to
large scale EMT level wind farm aggregation remains limited
and underscores the need for approaches that balance inter-
pretability and physical completeness.

Purely data-driven surrogate models also struggle with phys-
ical interpretability, especially when conducting small-signal
analysis using eigenvalue or frequency-domain techniques
[17], [18]. In contrast, eigenvalue sensitivity offers a computa-
tionally efficient approach for assessing the impact of parame-
ter variations on system stability, as it relies on linear algebra
applied to linearised system matrices at equilibrium points,
rather than computationally intensive time-domain simulations
for each parameter perturbation in trajectory sensitivity method
[5], [7]. This sensitivity analysis is crucial for identifying the
key parameters that significantly influence dynamic response,
thereby allowing optimisation efforts to be focused and avoid-
ing the waste of computational resources on less impactful
parameters. For the subsequent fine tuning of these identified
parameters, Multi-Objective Gradient Descent (MOGD) is
well-suited to this application due to the characteristics of
the formulated identification problem and the need for high
computational efficiency. Fast convergence and low memory
demand for smooth and convex optimisation problems make
it effective for wind farm aggregation parameter tuning.

This becomes especially relevant in light of the UK grid
operator’s requirements introduced after the major blackout
on August 2019, which highlighted the need for more accu-
rate dynamic modelling. As a result, all generation projects
completed after September 2022 must submit EMT models
to the Electricity System Operator (ESO) [19]. Furthermore,
wind farms must comply with stringent dynamic performance
criteria outlined in GCO141 of the UK grid code, including

voltage regulation, fault ride-through, and frequency response
during and after grid disturbances [19]. While aggregation
accuracy and grid code compliance have been studied sepa-
rately [20], to the best of my knowledge the only work linking
aggregation errors to transient stability under compliance tests
is based on China’s grid code [21]. This highlights a clear
research gap in assessing how aggregation errors may affect
grid compliance of ENTSO-E, the UK grid code and industry
approved standards.

Therefore, there remains a pressing need for an aggregation
framework that can accurately reproduce EMT level dynamics
while remaining computationally efficient and fully compatible
with grid code compliance studies. Existing reduced-order,
clustering-based, and learning-based methods either oversim-
plify key converter and control dynamics, fail to generalise
across varying wind and fault conditions, or lack the inter-
pretability required for stability assessment and compliance
verification. Moreover, no existing approach provides a sys-
tematic link between aggregation errors, parameter sensitivi-
ties, and the dynamic performance criteria mandated by the
UK grid code. This gap motivates the present study, which
aims to develop an aggregation methodology that enhances
modelling fidelity, improves parameter identification, and en-
sures robust compliance with grid code requirements. The
main contributions of this paper are:

1) A PMSG-based WF is first reduced to a smaller set of
aggregated equivalents using Gaussian Mixture Model
(GMM) clustering with Information-Theoretic Averag-
ing (ITA) to enhance modelling accuracy while ensuring
computational efficiency.

2) Based on this reduced-order representation, a systematic
eigenvalue sensitivity analysis is applied to identify key
control parameters which are most critical to dynamic
behaviour, reducing parameter dimensionality in the
aggregation context.

3) These parameters are then tuned using a multi-objective
gradient descent algorithm that integrates physics-guided
modifications with an adaptive learning strategy to pro-
vide robust parameter identification under both wind and
fault disturbances.

4) Finally, the model is validated against GCO141 UK
grid code modelling requirements, to demonstrate its
capability for industry compliant dynamic modelling.

The structure of this paper is organised as follows. Section II
presents the GMM–ITA clustering framework used to generate
representative wind turbine groups. Section III develops the
aggregated wind farm model and introduces the eigenvalue
based sensitivity analysis for selecting key control parameters.
Section IV formulates and solves the multi-objective parameter
identification problem using an improved gradient-descent
approach. Section V evaluates the proposed aggregated model
through dynamic simulations, applicability test with HVDC
system and UK grid code compliance tests.

II. GMM–ITA BASED AGGREGATED WIND FARM MODEL

The complexity and accuracy of an aggregated model are
strongly influenced by how the aggregation algorithm is de-
fined and which indicators and parameters are selected for
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inclusion in the final model. Clustering WTs is a proven
strategy for improving the accuracy of WF aggregated models
by reducing intra-cluster variability while preserving essential
system dynamics [5]. This work adopts a GMM that offers
flexible, scalable, and probabilistic clustering, capturing com-
plex patterns more effectively and offering a more accurate
representation of wind turbine behavior while being more
computationally efficient for large datasets as it avoids the
costly dendrogram construction required by traditional hierar-
chical approaches.

A. Clustering Indicator

Clustering indicators are specific time-series parameters,
such as wind speed, active power, and terminal residual voltage
of WT; used to group similar dynamic turbine behaviors across
various operating conditions.

1) Wind Speed: Input wind speed critically determines
wind turbine WT performance, correlating with geographical
placement and wake effects. Hence, its time-series data is a
primary clustering indicator. Fig. 1 presents the wind speed
inputs of five representative turbines belonging to different
clusters. These curves demonstrate how the wind varies across
the wind farm because of wake effects and local turbulence.
As upstream turbines extract kinetic energy from the wind,
downstream units experience reduced and more variable wind
speeds due to wake-induced effects, which are inherently
reflected in the measured wind speed signals. By using these
time-series signals, the clustering algorithm implicitly captures
wake-induced correlations without the computational overhead
of coupling explicit wake models directly into the EMT
simulation environment.

2) Active Power: The operating characteristics of WTs vary
continuously over time. To reliably represent their dynamic
behavior, clustering indicators should capture the fluctuations
in WT parameters. Among potential indicators, active power
is widely regarded as the most representative of WT output
performance [5]. Hence, the active power output is employed
as a principal clustering criterion.

3) Terminal residual voltage: A well-designed equivalent
collector network is essential for the aggregated model, as the
dynamic response of each WT is influenced by line parameters
and terminal residual voltages. Terminal residual voltages,
measured on the low-voltage side of the step-up transformer
as depicted in Fig. 2, are chosen as a clustering indicator
because they reflect how line parameters and fault conditions
in the collector network can cause errors in equivalent line
impedance calculations (Zm = [ZWT1

, ZWT2
, ..., ZWTm

]) due
to the parallel connection of the WTs.

Other variables were excluded due to strong correlations
with these indicators. Specifically, reactive power is tightly
coupled to terminal voltage, converter currents are embedded
in active power dynamics, and pitch angle is only active above
the rated wind speed and provides no discriminative value
under sub-rated and disturbance conditions.

For the aggregated model, each cluster is excited by an
equivalent wind speed input defined as the power-weighted
mean of the individual turbine wind speeds as follows:

Fig. 1. Wind Speed curves of different WT.

v(c)eq (t) =

∑
i∈Wc

Pi(t) vi(t)∑
i∈Wc

Pi(t)
(1)

where, vi(t) and Pi(t) are the instantaneous wind speed and
aerodynamic active power of turbine i in cluster Wc. In this
way, turbines that produce more aerodynamic power (usually
those with higher wind speeds) have a stronger influence
on the representative wind speed, while turbines affected by
wakes contribute less. This allows the aggregated model to
capture partial turbine tripping implicitly, whereby turbines
affected by faults contribute negligibly to the aggregated
response, allowing the model to reflect reduced effective
capacity at the wind farm level.

B. Clustering Algorithm
The proposed clustering framework is based on the well

established GMM. The novelty lies in how this is applied
to wind farm aggregation. (i) the use of time-series turbine
indicators rather than static data (ii) the integration of ITA
approach for more accurate cluster number selection.

The core steps of the GMM based algorithm are outlined
below [22]:

Step 1: Each WT is represented by a feature vector based on
three indicators: wind speed (x), active power (y), and residual
terminal voltage (z).

X = {Xi}ni=1, Xi = (xi, yi, zi) ∈ R3,

Step 2: The GMM is initialised with k components (clusters)
using k- means clustering which improves convergence of the
subsequent expectation-maximization (EM) procedure. Each
component is defined by a mean vector µk = [µxk

, µyk
, µzk ],

a covariance matrix Σk as well as mixing coefficient πk

indicating the weight of cluster k.
Step 3: Expectation-Maximization (EM) algorithm: This

iterative procedure fits the GMM to the dataset by maximising
the likelihood of the data. The EM algorithm is employed
because it effectively handles the nonlinear, correlated, over-
lapping wind turbine behaviors through a probabilistic soft
clustering framework. Unlike stochastic alternatives, EM pro-
vides a computationally efficient and parallelizable approach
that ensures stable convergence for high dimensional time-
series signals while maintaining lower model complexity [23].
It alternates between:

a) Expectation step (E-step):

γik =
πkN (Xi | µk,Σk)∑K
j=1 πjN (Xi | µj ,Σj)

(2)
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Fig. 2. Physical layout of WF with electrical connections considered in this study and control systems diagram.

where γik is the responsibility cluster k takes for data point i,
and N (Xi | µk,Σk) is the multivariate Gaussian probability
density function.

b) Maximization step (M-step) : The EM algorithm up-
dates each component’s parameters (means µk, covariances
Σk, and mixing weights πk) using the responsibility values
computed during the expectation step.

µk =
1

Nk

n∑
i=1

γikXi

Σk =
1

Nk

n∑
i=1

γik (Xi − µk) (Xi − µk)
T

πk =
Nk

n

(3)

Step 4: Repeat Step 3 until convergence is achieved.
Step 5: After the EM algorithm converges, calculate the log-

likelihood (LLL) of the model, which quantifies how well the
GMM fits the data denoted by L.

ln(L) =

n∑
i=1

ln

(
K∑

k=1

πkN (Xi | µk,Σk)

)
(4)

Step 6: The number of clusters k significantly influences
aggregation fidelity and computational cost. To avoid overfit-
ting (too many clusters) or underfitting (too few), the Akaike
Information Criterion (AIC) and the Bayesian Information
Criterion (BIC) are commonly applied methods [22].

AIC = 2p− 2 ln(L)

BIC = p ln(n)− 2 ln(L)
(5)

Here, p denotes the number of parameters, which depends on
the mixing weights, means, and covariance values, while n
represents the total number of samples in the dataset.

When applied to the aggregated model for WTs, selecting
a model with lower AIC would typically result in a more
accurate model, but this could come at the cost of more
clusters and potentially higher computational demand. On the
other hand, a lower BIC suggests a model with fewer clusters
(computationally faster) but penalises a more complex model
(less accuracy).

For each k = 1, . . . ,Kmax, the EM algorithm was applied,
AIC and BIC were computed, and the optimal kopt was
selected by minimising the chosen criterion. Since AIC tends
to overestimate and BIC tends to underestimate the number
of clusters, Information-Theoretic Averaging (ITA) is used to
combine their strength [24]. It is based on the principle that
instead of relying on a single model, we can average over a
set of candidate models to account for uncertainty in model
selection, leading to more robust estimates. This ensemble
approach improves clustering stability, leading to more robust
WT aggregation.

Each model is compared to the best one via:

∆K = ICK −min
K′

ICK′ (6)
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Fig. 3. The workflow of GMM–ITA clustering.

where, IC stands for information criterion (AIC or BIC),
depending on which criterion is used. and assigned a weight:

wK =
exp (−0.5 ·∆K)∑
K′ exp (−0.5 ·∆K′)

(7)

This provides a probabilistic weighting across models instead
of relying on a single winner. Now, Responsibilities are
averaged using ITA weights.

γ̄ik =
∑
K

wK γ
(K)
ik (8)

Step 7 : Once the optimal cluster count kopt is determined,
each turbine is allocated to the cluster for which it shows the
greatest responsibility, namely posterior probability.

ĉ(Xi) = argmax
k

γ̄ik (9)

Fig. 3 outlines GMM-ITA workflow for wind farm aggrega-
tion. Time series indicators derived from wind speed, active
power, and terminal voltage are first preprocessed and used to
train a GMM Model via EM algorithm. Information-theoretic
criteria are then applied to determine an appropriate number
of clusters, after which turbines are assigned based on max-
imum posterior probability and representative cluster profiles
are extracted. This process enables the construction of an
aggregated wind farm model that preserves essential dynamic
characteristics under varying wind and fault conditions.

III. WF AGGREGATION MODEL PARAMETER
IDENTIFICATION

A. Prioritising Key Parameters for Modelling

This paper addresses the challenge of handling a large
number of control and generator parameters in aggregated
models, which can hinder optimisation and reduce model
interpretability. To overcome this, a systematic eigenvalue sen-
sitivity analysis is performed. This targeted selection improves

model accuracy identifying the most impactful parameters and
enhances computational efficiency by reducing dimensionality.

B. Eigenvalue Sensitivity Analysis and Aggregated State-
Space Modelling

After clustering the wind turbines using the GMM-ITA
framework in section I, each wind turbine cluster is repre-
sented by a single reduced PMSG-based equivalent. The de-
tailed dynamics of this equivalent, including drivetrain, pitch,
converter, and DC-link subsystems, give rise to a differential
algebraic model whose derivation is provided in Appendix B.
By stacking the per cluster state vectors and incorporating
the admittance matrix of the collector network at the PCC,
the aggregated wind farm is expressed in the general form as
follow:

Ẋ = AaggX +BaggU (10)

where, Aagg and Bagg are obtained after eliminating the alge-
braic voltage constraints (Appendix C). This aggregated state-
space model provides a compact yet dynamically accurate
representation of the wind farm and serves as the foundation
for the eigenvalue based sensitivity analysis.

The dynamic behaviour of the reduced-order wind farm can
be represented using differential algebraic equations (DAEs),
which include state variables (X), input variables (U ), and
system parameters (ϕ) [25]. To evaluate how individual control
parameters influence the small-signal behaviour of the aggre-
gated wind farm, the model is linearised around its steady-state
operating point (X0,U0). The resulting Jacobian matrix Aagg
yields the characteristic equation

det(λI−Aagg) = 0 (11)

Here, I is the identity matrix. Solving (10) yields the system
eigenvalues λ1, λ2, . . . , λn [26]. Because the elements of Aagg
depend on the system parameters ϕj , the eigenvalues may
be written as functions λi(ϕj). Variations in these parameters
directly affect the associated eigenvalues and thus the dynamic
performance of the aggregated model.

The sensitivity of eigenvalues to parameter ϕj is quantified
as

∂λi(ϕ)

∂ϕj
= qTi

∂Aagg(ϕ)

∂ϕj
pi (12)

where qi and pi are the left and right eigenvectors corre-
sponding to λi.

The state vector, X and input vector, U of the aggregated
system are defined as:

X =

[
ωr, β, idr, iqr, idg, iqg, Vdc, iint,dr, iint,qr, iint,dg, iint,qg,

iint,V dc, iint,ωr
, iint,θ

]T
(13)

U = [idr,ref iqr,ref idg,ref iqg,ref Vdc,ref βref ωr,ref ]
T

(14)
ϕ = [Kpr Kir Kpg Kig Kps Kis Kpp Kip Kpdc Kidc

KpPLL KiPLL Kpv Kiv] (15)

This formulation directly connects the clustering framework
in Section II with the state-space representation in (13)–(15),
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enabling a structured and computationally efficient application
of eigenvalue sensitivity analysis. All nomenclature is given
in Appendix A. Full derivations of the per-cluster model and
aggregated matrices Aagg and Bagg are provided in Appendices
B & C.

IV. ROBUST KEY PARAMETER IDENTIFICATION USING
MULTI-OBJECTIVE METHODS

Following eigenvalue-based sensitivity analysis to identify
most influential parameters, their values are accurately esti-
mated using an improved MOGD optimisation algorithm.

A. Proposed Improved MOGD Algorithm for Key Parameters
Optimisation

1) Problem formulation: We aim to identify the parameter
vector θ ∈ Rn that minimises multiple objective functions:

min
θ

F(θ) =


F1(θ)
F2(θ)
F3(θ)
F4(θ)

 (16)

Subject to box constraints:

θLk ≤ θk ≤ θUk , for k = 1, 2, . . . , n (17)

• F1(θ): Mean Squared Error (MSE) of active power
during wind disturbance.

• F2(θ): MSE of reactive power during wind disturbance.
• F3(θ): MSE of active power during fault conditions.
• F4(θ): MSE of reactive power during fault conditions.
2) Parameter vector and constraints: The parameter vector

θ ∈ R14 comprises:

θ =

[
Prated, H,Kpr,Kir,Kpg,Kig,
Kps,Kis,Kpp,Kip,Kpdc,Kidc

]T
(18)

Each parameter θk has specified bounds [θLk , θ
U
k ].

3) Weighted mean squared error: Each objective function
Fi(θ) is computed as a weighted MSE to emphasise transient
regions:

MSEP,weighted =

∑T
t=1 Wp(t) · (Psim(t)− Pref(t))

2∑T
t=1 Wp(t)

(19)

MSEQ,weighted =

∑T
t=1 Wq(t) · (Qsim(t)−Qref(t))

2∑T
t=1 Wq(t)

(20)

Where, Wp(t) and Wq(t) are time-dependent weights as-
signing higher importance to transient regions.

4) Simulate enhanced model: The enhanced model adopts
a physics-guided, data-driven hybrid approach. Instead of re-
lying solely on statistical transformations, the method embeds
known physical relationships and applies rate-based modifica-
tions to improve model fidelity, preserving transient dynamics
of aggregated model.

• wind dip:
dP

dt
=

dPref

dt
· 1.5
H

·
(
1 + 0.2 ·

(
1−

Kp,pitch

35.6
·
Ki,pitch

0.007

))
(21)

• fault:
dPfault

dt
=

dPref,fault

dt
·
Kp,grid

7.73
·
Ki,grid

0.19
· 1.5
H

(22)

These coefficients (e.g., 7.73, 0.19 and 35.6) are normalisation
factors obtained from the per-cluster reduced wind turbine
EMT model via step response analysis and least squares
fitting of the active power control channel. The resulting
constants ensure that the aggregated model accurately matches
the dynamic behavior of the detailed model, rather than being
chosen empirically.

5) Gradient calculation: The gradient of each objective
function with respect to parameters is approximated using
central finite differences:

∂Fi

∂θj
≈ Fi(θ + hjej)− Fi(θ − hjej)

2hj
(23)

Where:
• ej : Unit vector in the j-th direction.
• hj = 0.001 · (θUj − θLj ): Adaptive step size.
The gradients are organized into a matrix ∇F(θ) ∈ Rn×4,

where each column represents the gradient of one objective
function:

∇F(θ) =


∂F1

∂θ1
∂F2

∂θ1
∂F3

∂θ1
∂F4

∂θ1
∂F1

∂θ2
∂F2

∂θ2
∂F3

∂θ2
∂F4

∂θ2
...

...
...

...
∂F1

∂θn
∂F2

∂θn
∂F3

∂θn
∂F4

∂θn

 (24)

6) Improved direction computation: The algorithm com-
putes an improved descent direction that balances all objec-
tives while considering parameter sensitivity and constraints.
First, the weighted gradients are computed:

∇Fw(θ) =

4∑
i=1

wi∇Fi(θ) (25)

This is further refined by calculating parameter-specific
weights based on:

• Parameter sensitivity: Sj = ∥∇Fj(θ)∥ where ∇Fj(θ) is
the j-th row of ∇F(θ)

• Boundary awareness: boundary awareness Bj based on
normalized position γj :

γj =
θj − θLj
θUj − θLj

(26)

Bj =


1.0 + 2.0 · (0.2− γj), if γj < 0.2

1.0 + 2.0 · (γj − 0.8), if γj > 0.8

1.0, otherwise
(27)

• Combined weight: ωj = Bj · Sj , with adjustments for
critical parameters.

The directional derivatives for each objective are calculated
as: Di = ∇Fi(θ)

T · ∇Fw(θ)
If Di < 0 for any objective i (indicating a conflict), a

modified direction is computed:

dmod = ∇Fw −
∑

i:Di<0

λiDi ·
∇Fi

∥∇Fi∥2 + ϵ
(28)
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TABLE I
COMPARISON OF THE PROPOSED MODEL WITH EXISTING AGGREGATION APPROACHES

Agg. types Data need Interpretability Model
simplification

Computation
time

Accuracy Challenges

Full [27] Normal Moderate Low Low Low Fails under LVRT; ignores wake effects and
spatial diversity.

Semi [8], [28] Normal Good Moderate Moderate Low Sensitive to heuristic tuning; limited robustness.
Weighted [3], [12] Normal Good Excellent Moderate Moderate Sensitive to weighting selection; may lose dy-

namic diversity.
NN [29], [30] High Low Moderate Moderate Moderate Requires large datasets; black-box behaviour;

slow training.
Physics-

informed [13], [14]
Normal Excellent Excellent High Excellent Boundary/initial conditions hard to define; con-

vergence issues; high complexity.
Proposed Low Excellent Excellent Low Excellent Optimisation tuning needed; clustering depends

on indicator selection.

where, λi = 0.5 is a conflict weight and ϵ = 10−10 is a small
regularization term. The final descent direction is:

d =
dmod ⊙ ω

∥dmod ⊙ ω∥
(29)

where ⊙ represents element-wise multiplication.
7) Adaptive parameter update rule: The parameters are

updated using the gradient descent rule with an adaptive
learning rate:

θ(k+1) = P(θ(k) − α(k)d(k)) (30)

where:
• θ(k), α(k), d(k) represent parameter vector, learning rate,

descent direction respectively at iteration k.
• P is the projection operator that enforces box constraints:

[P(θ)]i = max(θLi ,min(θUi , θi)) (31)

The learning rate is adapted based on the progress:

α(k+1) =

{
max(α(k) · 0.5, αmin) if Fw(θ

(k+1)) > Fw(θ
(k))

min(α(k) · 1.05, α(0)) if Fw(θ
(k+1)) ≤ Fw(θ

(k))
(32)

When there’s a significant increase in the objective function
(> 10%), the algorithm reverts completely to the previous
parameter values .This is a safety mechanism to prevent large
jumps in the wrong direction.

θ(k+1) = θ(k) if Fw(θ
(k+1)) > 1.1 · Fw(θ

(k)) (33)

8) Cluster-based approach: The wind farm is partitioned
into C clusters based on similarity of turbine characteristics:

W =

C⋃
c=1

Wc (34)

where, Wc is the set of turbines in cluster c.
For each cluster, a separate parameter identification problem

is solved:
θ∗
c = argmin

θ
Fw(θ;Wc) (35)

This refinement step tunes parameters within existing clus-
ters to match the aggregated and detailed dynamic responses,
without altering the established cluster structure. In addition,

the parameters of collector lines, transformers, and other as-
sociated components are derived using aggregation techniques
described in [8], [31].

Table I highlights the advantages and challenges of the
proposed aggregation approach compared to existing methods,
conventional full, semi-aggregated, weighted, neural network
(NN), and physical informed models. The full and semi-
aggregated models are computationally efficient but often lack
sufficient accuracy and robustness under grid disturbances.
While weighted and NN methods improve accuracy at the
expense of sensitivity to weighting choices or reduced in-
terpretability. Moreover, physics-informed approaches achieve
high accuracy and interpretability by embedding physical
knowledge, they typically require higher computational effort
and face challenges related to boundary conditions and conver-
gence. In contrast, the proposed method maintains an equally
high level of accuracy and interpretability while significantly
reducing data requirements and computational time through
effective clustering and parameter reduction.

V. SIMULATION AND DISCUSSION
A. Simulation Model for Case Study

The wind farm model consists of 66 × 1.5 MW PMSGs
(WT1 − WT66), whose layout and cable configuration are
illustrated in Fig. 2. Each generator operates at a terminal
voltage of 0.69 kV and is connected through a 35/0.69 kV
transformer (T1 − T6). The inter-turbine spacing is roughly
900–1300 meters inside the farm and around 600 meters at
the periphery. Power from each string is collected via a 3 km
medium voltage cable to the PCC, after which it is delivered to
the grid through a 70 km, 35/220 kV transformer. The detailed
parameters of the PMSG and associated cables are provided
in Appendix D.

B. WT Clustering Options

The WTs are clustered using the time series of clustering
indicators under wind speed variations and fault disturbance.
From Fig. 4, the optimal number of clusters is identified as
k = 3 and k = 4 according to the AIC and BIC criterion,
respectively. These values provide the lowest criterion value
(AIC/BIC score) which is a trade-off between accuracy and
simplicity (fewer clusters). To optimise performance, k = 4 is
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obtained as the optimal value using ITA. This means whole
WF can be represented by 4 clusters of aggregated WTs.

Fig. 4. Optimum number of cluster options.

The clustering outcomes obtained using the GMM algorithm
are illustrated in Fig. 5, which compares the results with the
classical time spot based clustering approach using 4s as the
reference instant during wind speed disturbance. The proposed
method produces a clearly distinct clustering structure. In
contrast, time spot clustering differs (e.g., WT no: 4, 62, 63
in cluster 4) because it captures turbine behaviour at a single
time instant (4s here) and assumes the operating characteristics
remain unchanged over time, which leads to inconsistent
grouping under dynamic conditions. To further validate the
robustness of the proposed approach, a three-phase-to-ground
fault is applied at the PCC from 8s to 8.2s in Fig. 2. The
resulting clustering pattern under this fault disturbance is also
shown in Fig. 5.

Fig. 5. Clustering results under wind speed disturbance, three phase fault and
4s time spot wind speed.

It is observed that the clustering options given for a fault
disturbance and a wind speed disturbance are identical. This
is because both wind disturbances and faults provoke dynamic
responses in wind turbines like fluctuations in power output,
shifts in terminal voltage. Although faults are more abrupt and
severe, the nature of the system’s response shares common
patterns with those caused by wind variations. So, an accurate
clustering options for WTs can be achieved by the proposed
GMM based clustering method across both wind and fault
scenarios.

TABLE II
CLUSTERING PERFORMANCE METRICS COMPARISON

Method Silhouette Intra-cluster variance
k-means 0.42 5.21
Fuzzy c-means 0.45 4.87
GMM–ITA (proposed) 0.61 3.02

In addition, Table II introduces a quantitative clustering
benchmark comparing GMM–ITA, k-means, and fuzzy c-
means, using silhouette score and intra-cluster variance as
described in [32]. The results show that GMM–ITA achieves
the highest silhouette score and lowest intra-cluster variance,
indicating more coherent and better separated clusters and
superior capture of wind turbine dynamic similarity.

C. Eigenvalue Sensitivity Analysis for System Parameters
Selection

As outlined in Section III, Table III presents the eigenval-
ues and corresponding damping ratios from the small signal
stability analysis.

TABLE III
EIGENVALUE SUMMARY WITH DAMPING RATIO AND FREQUENCY

Eigenvalue Value Damping (ζ) Freq. (Hz)
λ1,2 −130.5051 + 498.5243j 0.2532 79.34
λ3 −191.0960 + 0.0000j Non-oscillatory mode
λ4,5 −61.1313 + 1.0502j 0.9999 0.17
λ6 −36.0009 + 0.0000j Non-oscillatory mode
λ7 −0.1362 + 0.0000j Non-oscillatory mode
λ8,9 −0.0620 + 0.0002j 1.0000 0.00
λ10 −0.0740 + 0.0000j Non-oscillatory mode
λ11 −0.0746 + 0.0000j Non-oscillatory mode
λ12 −0.3620 + 0.0000j Non-oscillatory mode
λ13 −0.0277 + 0.0000j Non-oscillatory mode
λ14 −0.0498 + 0.0000j Non-oscillatory mode

The system is stable since all eigenvalues have real negative
part. The eigenvalue analysis shows that eigenvalue λ1,2
are oscillatory with a damping ratio of 0.2532, indicating
decent damping; λ4,5 exhibit high damping (0.9999) and
extremely low frequency; and the remaining eigenvalues are
non-oscillatory.

Fig. 6. Eigenvalue sensitivities to control parameters.

Fig. 6 presents a logarithmic scale heatmap illustrating
the sensitivity of system eigenvalues to individual control
parameters and highlighting values greater than 1. The results
show that system dynamics are not uniformly affected by the
control variables. Particularly, the dominant oscillatory mode
(λ4,5, λ11) exhibit high sensitivity to (Kpr, Kpg , Kpdc

and
Kis) with peak values of 40.6, 38.2, and 27.3, 15.1 respec-
tively, identifying them as the dominant control parameters.
In contrast, Kir displays a moderate but distributed influence
across multiple modes (λ8,9, λ10, λ12), indicating its role in
overall system damping. The remaining control parameters
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show consistently low sensitivity (e.g., KiPLL, Kiv) and are
therefore fixed at nominal values. By selecting only those
parameters with high sensitivity, the optimisation process is
directed toward variables that significantly influence system
dynamics. This approach is further discussed in the following
subsection.

Fig. 7. Parameter evolution (normalised) for cluster 4.

Fig. 8. Convergence curve of PSO and MOGD.

D. Optimum Parameters Identification by Proposed Method

The proposed multi-objective parameter identification algo-
rithm successfully determines the key parameter value of four
aggregated wind clusters under both wind speed variations and
fault disturbances, as summarised in Table IV.

TABLE IV
OPTIMUM PARAMETERS IDENTIFIED FOR FOUR TURBINE CLUSTERS

Parameters Cluster
1 2 3 4

Prated 1.500000 1.500002 1.499998 1.499999
H 1.500001 0.900000 0.850000 1.000000
Kpr 0.849758 0.877602 0.859196 0.849993
Kir 0.010000 0.010000 0.010000 0.010000
Kpg 7.730000 8.629999 9.230000 7.430001
Kig 0.199000 0.198993 0.197885 0.200000
Kps 0.934771 0.938193 1.179865 1.200000
Kis 0.003000 0.004000 0.005000 0.005000
Kpp 35.600000 42.700002 49.800000 44.340001
Kip 0.007009 0.006899 0.006862 0.006902
Kpdc 13.540000 15.230000 17.210000 13.450001
Kidc 1.100004 2.130001 1.250000 1.250005

Fig. 7 shows that during the optimisation process, the Kpr ,
Kpdc and Kis parameters experience the most significant
changes (cluster 4), suggesting they have a strong influence
on the overall system behavior and were adjusted considerably
to match the desired response. Similarly for Cluster 1: Kpdc,

TABLE V
COMPARISON OF EVALUATION INDEXES OF DIFFERENT MODELS ACROSS

UNKNOWN DISTURBANCES

Disturbance Evaluation
index

Multi-
machine

Reduced
order Proposed Detailed

Wind speed MSEP 1.01e–3 0.0049 2.14e–5 –
MSEQ 1.89e–3 2.35e–2 1.02e–6 –

FA MSEP 2.62e–2 0.008 2.93e–4 –
MSEQ 4.67e–4 0.0034 9.99e–7 –

FB MSEP 4.29e–4 1.44e–3 3.27e–7 –
MSEQ 2.12e–3 0.0089 4.38e–5 –

FC MSEP 5.64e–2 1.34e–2 4.32e–4 –
MSEQ 6.32e–3 0.0017 5.15e–5 –

Kis; Cluster 2: Kpdc, Kir; Cluster 3: Kpr , Kpg , Kis. This
aligns with the eigenvalue-sensitivity analysis, which flagged
these parameters as the most influential.

To justify the choice, a convergence comparison between
the proposed MOGD algorithm and PSO, in terms of MSE is
presented in Fig. 8. Owing to the high computational cost of
EMT level simulations, PSO is inefficient in this framework,
whereas the proposed MOGD converges rapidly within 10
iterations. In contrast, PSO requires nearly 40 iterations to
achieve even inferior MSE level.

E. Performance Evaluation of Proposed Model

To assess the robustness of the proposed WF aggregated
model, we analysed its ability to represent dynamic responses
under various unknown disturbance conditions. The specific
characteristics of these disturbances are outlined below:

1) A gusty wind disturbance is introduced between t = 8s
and t = 16s. The wind speed profile rises from its initial value
of 12 m/s to maximum at 21 m/s before returning to steady
operation.

2) For the fault disturbance, the faults are: three-phase short
circuit fault (FA), double line to ground fault (FB), single
line to ground fault (FC), which occurs at the PCC at 8s and
recovers at 8.2s.

The performance of the proposed dynamic equivalent model
is evaluated by calculating the mean square error (MSE) for
the active and reactive power at the PCC, as MSE provides a
robust measure for error evaluation. The formula used for this
calculation is given by:

MSEP/Q =
1

T

T∑
t=1

(
X(t)− X̂(t)

)2
(36)

Here, T is the total simulation time. X(t) and X̂(t) are the
values of active or reactive power from the proposed model
and the detailed model, respectively, at any given time t.

Fig. 9 and Fig. 10 compare the dynamic responses of the
multi-machine, reduced order, and the proposed aggregated
model with the detailed model to demonstrate the effectiveness
of the proposed method. The results indicate that the proposed
model exhibits nearly identical transient responses to the
detailed model, maintaining similar oscillation frequencies,
damping characteristics, and steady-state convergence. The
observed oscillations in figures arise from interactions between
system inertia and dominant converter control parameters
and are mitigated through the proposed MOGD-based tuning,
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(a) (b)
Fig. 9. Dynamic responses (a) active power under wind speed disturbance, (b) reactive power under wind speed disturbance.

(a) (b)

(c) (d)

Fig. 10. Dynamic responses (a) active power under FA (b) reactive power under FA (c) active power under FB (d) reactive power under FB.

resulting in improved transient stability. Furthermore, the
proposed method outperforms the multi-machine and reduced-
order models by yielding the lowest MSE values for both ac-
tive and reactive power (Table V), thereby accurately capturing
wind turbine dynamics and nonlinear behaviour under wind
and fault disturbances.

F. Applicability Test with HVDC system

To evaluate the model’s applicability, the wind farm com-
posed of 40 PMSGS is connected to Bus 1 through two
offshore transmission lines, where its voltage is stepped up
from 35 kV to 220 kV via transformer T1. The aggregated
power is then transferred through a ± 320 kV VSC-HVDC
link and stepped up the voltage to connect with the onshore
side. The complete system layout is illustrated in Fig. 11.
The detailed HVDC modelling methodology is based on [33]
and corresponding parameters are given in Appendix D. To
assess the effectiveness of the proposed aggregated model, two
representative operating conditions are investigated: a severe
disturbance by a voltage sag at bus 2, and a weakly damped
condition produced by disconnecting the line at bus 1.

1) Voltage Sag test: Under normal operation, a three-phase
voltage dip to 0.3 p.u. is imposed at bus 2 at t = 6.4s
for a duration of 0.1s, and the resulting active and reactive
power responses from both the detailed wind farm and the
aggregated model are compared with those obtained using the

Fig. 11. PMSG based wind farm with HVDC transmission.

reduced-order method, as shown in Fig. 12. The aggregation
process reduces the model size from 560 (14 states per
turbine) states to only 34, yielding a substantial improvement
in computational efficiency. The proposed model significantly
reduces simulation time; a 4-second simulation, which took
1013.2s with the detailed model, is completed in only 24.13s.
Crucially, this speed increase does not sacrifice accuracy, as
demonstrated by low MSE values of 0.0025 (active power) and
0.0019 (reactive power). The proposed method successfully
retains the dominant multi-time-scale dynamics of the wind
farm as verified in Fig. 12.

2) Weak grid test: This section examines the performance
of the proposed aggregated model under weak grid conditions
through small-signal stability analysis. The system short circuit
ratio (SCR) is intentionally reduced by disconnecting one
transmission line at the wind farm PCC, after which the
corresponding active power response is presented in Fig. 13(a)
and shows clear oscillatory characteristics. Fourier analysis
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Fig. 12. Comparison in time domain under voltage sag.

of the signal between 4.3s and 4.7s identifies two major
spectral components at 68.31 Hz and 154.95 Hz as shown
in 13(b). To further analyse these dynamics, the aggregated
wind farm and the HVDC system are linearised to 4.8s to
derive the state space model, from which the system poles are
obtained and displayed in Fig. 14. The results indicate that
the lower frequency mode of 67.1 Hz is well damped (real
part −20), while the higher frequency mode of 155.7 Hz is
unstable (real part 8), consistent with observations from the
time and frequency domain responses. Moreover, the reduced
order model successfully reproduces the dominant oscillatory
behavior observed in the full order system, confirming that the
proposed aggregation approach accurately represents the wind
farm’s small signal dynamics.

(a)

(b)

Fig. 13. (a) Wind farm active power (b) corresponding Fourier spectrum.

Fig. 14. Comparison of pole distributions for aggregated and detailed wind
farm models.

G. Grid Compliance Assessment of Proposed Aggregated
Model

This subsection compares performance of the detailed and
aggregated model under GCO141 modelling requirement by
UK ESO. GCO141 mandates that the enhanced model must
demonstrate high fidelity with pre-event (3% error) and post-
event (3% error) phases, while also capturing transient behav-
ior within a ±10% envelope and exhibiting similar trends.

1) Voltage control validation: As per UK grid code
ECP.A.3.7.4 [34], the model must simulate a ±2% voltage ref-
erence step at the controller responsible for voltage control at
the point of connection. This test must demonstrate compliance
with the dynamic response requirements of ECC.A.7.2.3 [19].

Upon experiencing a 2% voltage rise at 0.5s as shown in
Fig. 15, the system increases its reactive power absorption
by 0.004 p.u. Conversely, when subjected to a 2% voltage
reduction, the WF decreases its reactive power absorption
by 0.003 p.u. The aggregated model exhibits a steady-state
voltage deviation of only 0.2%, well within the ±3% limit.
Reactive power initiation occurs within 100 ms, providing a
substantial margin below the 200 ms requirement.

2) Fault Ride Through Validation: To demonstrate com-
pliance with the UK grid code fault ride-through (FRT)
requirements, the generating unit must withstand a range of
fault events without disconnection from the system. As part
of the GCO141 testing process, specific fault ride-through
scenarios are simulated, as defined by the FRT voltage-against-
time curve in grid code ECC.6.3.15 [19], [34]. The tests are
follow:

• A three phase balanced fault, double-phase-to-ground
fault and single-phase-to-ground fault at the point of
connection lasting 140 ms.

• A balanced 80% voltage dip lasting 2.5s.
Once the fault is cleared, the voltage at the point of

connection should return to near pre-fault levels within a few
hundred milliseconds. In addition, the active power output of
the generator must recover to at least 90% of its pre-fault value
within 500 ms after the voltage restoration. All these cases are
verified in Fig. 16, applying faults at 0.5s and clear at 0.64s.
This demonstrates the aggregated model achieves a recovery
of 94% within 450 ms, satisfying the requirement by providing
a 4% power margin and 50 ms timing margin against GCO141
threshold criteria.

3) RoCoF Requirement: According to the UK grid code
ECC.6.3.7/DRSC 5.1, generating units must be capable of
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a) b)
Fig. 15. Dynamic responses (a) active power under wind speed disturbance, (b) reactive power under wind speed disturbance.

a) b)

c) d)

Fig. 16. Dynamic responses of the aggregated model according to GCO141 for FRT requirement at PCC (a) active power (b) PCC voltage (c) frequency (d)
extended voltage dip test.

withstanding RoCoF values up to at least ±1 Hz/s measured
over a 500 ms rolling average window at the connection point,
without tripping. For each fault type shown in the Fig. 16(c),
RoCoF using the standard 500 ms measurement window is
calculated (0.5-1 s). The RoCoF are −0.74 Hz/s,−0.26 Hz/s
and −0.1 Hz/s for three phase fault, double line to ground
fault and single line to ground fault respectively, which lies
within the ±1 Hz/s grid code limits.

4) Impact of modelling fidelity on Critical Clearing Time
(CCT): The calculated CCT is a critical stability index for
system operators. When the WF is represented using detailed
models, the CCT is determined to be 260 ms, whereas it
deteriorates to 230 ms under aggregated modelling, as shown
in Fig. 17. In the aggregated case, inaccuracies in the sim-
ulated power modulation behaviour can significantly affect
the system’s CCT. Moreover, if the CCT exceeds a certain
threshold, the aggregated system loses stability because the
grid residual voltage fails to recover following fault clearing,
while the detailed system is able to preserve stability.

A three-phase fault is first applied at 0.3s and cleared at
0.4s, during which both the detailed and aggregated model
remain stable. A second fault is applied at 0.7s, with clearance
at 0.93s for the aggregated model and 0.96s for the detailed
model. After this event, the detailed model maintains stability,
whereas the aggregated model becomes unstable as shown

in Fig. 17(a). This is caused by the residual voltage of
WF behaves abnormally after fault clearance, followed by a
sharp divergence, clearly indicating occurrence of a instability.
Simultaneously, WFs lose controllability on electrical power
which shown in Fig. 17(c), 17(d). The underestimation of
CCT primarily results from the aggregated model’s inability
to fully capture turbine level nonuniformity during transient
events. This leads to inaccurate power modulation under
fault conditions, typically overestimating the remaining active
power that reduces rotor acceleration and accelerates the
power angle swing. In addition, these power modulation errors
combined with the controlled power source nature of wind
turbine generator, trigger singularity induced instability. The
singularity occurs when the system sensitivity matrix becomes
singular, causing voltage divergence [21].

The discrepancy between detailed and aggregated model
during post fault recovery highlights the need for accurate
modelling when assessing UK grid code compliance. Sim-
plified models can misrepresent dynamic stability, potentially
masking violations of CC.6.1.7, which requires voltage to stay
within ±10% of nominal at transmission levels.

H. Computational Time Enhancement

The computational efficiency of the proposed aggregated
model, in comparison to the detailed model, was assessed



13

a) b)

c) d)

Fig. 17. Instability signified by voltage divergence (a) grid residual voltage (b) frequency at PCC (c) active power and (d) reactive power

based on their respective simulation times. The evaluation
process consists of two main stages: first, identifying optimal
cluster configurations using GMM, and second, performing
parameter identification through an optimisation algorithm.
Both Detailed EMT and aggregated simulations were con-
ducted in MATLAB/Simulink R2023b. The stiff solver ODE8
(Dormand-Prince) was adopted with a fixed time step of 20
µs for the detailed model and an adaptive configuration with
the same maximum step size for the aggregated model. All
simulations were carried out on a Dell Latitude 5440 equipped
with 16 GB of RAM and a 13th Gen Intel® Core™ i7-
1355U processor running at 1.7 GHz on a 64-bit Windows 11
operating system. For consistency, all models were compared
using the same number of wind turbines and identical device
configurations. By reducing the parameter space to only the
dominant parameters, convergence is achieved within 7–10
iterations, with total optimisation times ranging from 0.004s to
0.0021s, as shown in Table VI. The proposed model achieves a
speed-up of over 2100 times faster than the detailed model and
approximately twice as fast as the fastest reduced-order model
available in the literature to date, as reported in Table VII.

TABLE VI
COMPUTATIONAL TIME BREAKDOWN FOR PARAMETER IDENTIFICATION

Cluster Iterations Total Time (seconds)
Cluster 1 8 0.016
Cluster 2 10 0.006
Cluster 3 10 0.004
Cluster 4 7 0.0021

TABLE VII
COMPARISON OF COMPUTATIONAL TIME FOR 1 S SOLVING WITH

DIFFERENT MODELS

Aggregation types Computational time (seconds)
Proposed model 0.1681
Detailed model 354
Multi-machine model [2] 12.57
Reduced order model [35] 0.306

VI. CONCLUSION

This paper presents a novel dynamic aggregation method-
ology for PMSG-based offshore wind farms, effectively bal-
ancing model accuracy and computational efficiency. By
employing GMM based clustering with ITA, the approach
successfully identifies an optimal set of representative wind
turbine clusters reducing the total from 11 in the detailed
EMT model to just 4. The integration of structured eigenvalue
sensitivity analysis enhances the understanding of critical con-
trol parameters influencing system dynamics. Furthermore, a
refined multi-objective gradient descent optimisation technique
ensures robust parameter tuning across varying wind and fault
scenarios.

Validation against UK GCO141 modelling standards con-
firms the aggregated model’s ability to closely replicate both
dynamic and steady-state behavior of the full EMT model,
while achieving a remarkable 2100 fold reduction in com-
putational burden. In the HVDC-connected case, the proposed
model also preserves key time-domain transients and dominant
frequency-domain modes under large and small disturbance,
proving its applicability beyond AC network studies. However,
aggregated models may incorrectly estimate the CCT due to
instability from residual voltage recovery after fault clearance.
This discrepancy underscores the need for careful interpreta-
tion of aggregation results in stability assessments and grid
code compliance studies.

In addition, the proposed methodology is fully compatible
with long term historical datasets and can be extended to in-
corporate extensive Supervisory Control and Data Acquisition
(SCADA) or PMU records, when such data become available.
Future work will focus on extending the methodology to cap-
ture multi-string behaviour and cable interconnection diversity,
thereby refining fault-induced dynamics to improve the CCT
prediction accuracy of aggregated models.
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APPENDIX

A. Nomenclature
ωr Rotor speed
β Pitch angle
idr, iqr Rotor-side d- and q-axis currents
idg, iqg Grid-side d- and q-axis currents
Vdc DC-link voltage
iint,dr, iint,qr Integral states of rotor side current con-

trollers
iint,dg, iin,tqg Integral states of grid side current con-

trollers
iint,Vdc

Integral state of DC-link voltage controller
iint,ωr

Integral state of rotor speed controller
iint,θ Integral state of pitch controller
idr,ref, iqr,ref References for rotor-side d- and q-axis cur-

rents
idg,ref, iqg,ref References for grid-side d- and q-axis cur-

rents
Vdc,ref Reference DC-link voltage
βref Reference pitch angle
ωr,ref Reference rotor speed
Kpr, Kir PI gains of rotor side current controller
Kpg, Kig PI gains of grid side current controller
Kps, Kis PI gains of speed controller
Kpp, Kip PI gains of pitch controller
Kpdc, Kidc PI gains of DC-link voltage controller
KpPLL, KiPLL PI gains of PLL
Kpv, Kiv PI gains of reactive power controller
Prated Rated power
H Inertia constant

B. PMSG based Single Wind Turbine State Space Modelling

1) Model of drivetrain aerodynamics:

dωr

dt
=

1

J
(Tmech − Tem) (37)

2) Pitch controller dynamics:

dβ

dt
= Kpp (ωref − ωr) +Kip

∫
(ωref − ωr) dt (38)

d

dt

∫
(ωref − ωr) = ωref − ωr (39)

3) Rotor side converter dynamics:

didr
dt

=
1

Ld

[
Kp,dr(idr,ref − idr) +Ki,dr

∫
(idr,ref − idr)dt

−Rridr + ωrLqiqr
]

(40)

diqr
dt

=
1

Lq

[
Kp,qr(iqr,ref − iqr) +Ki,qr

∫
(iqr,ref − iqr)dt

+Rriqr + ωr(Ldidr + λm)
]

(41)

d

dt

∫
(idr,ref − idr) = idr,ref − idr (42)

d

dt

∫
(iqr,ref − iqr) = iqr,ref − iqr (43)

4) Grid side converter dynamics:
didg
dt

=
1

Lg

[
Kp,dg(idg,ref − idg) +Ki,dg

∫
(idg,ref − idg)dt

+Rgidg − ωgLgiqg + Vgd

]
(44)

diqg
dt

=
1

Lg

[
Kp,qg(iqg,ref − iqg) +Ki,qg

∫
(iqg,ref − iqg)dt

+Rgiqg + ωgLgidg + Vgq

]
(45)

d

dt

∫
(idg,ref − idg) dt = idg,ref − idg (46)

d

dt

∫
(iqg,ref − iqg) dt = iqg,ref − iqg (47)

5) DC-link dynamics:
dVdc

dt
=

idr − idg
Cdc

(48)

d

dt

∫
(Vdc,ref − Vdc) dt = Vdc,ref − Vdc (49)

This all defining the detailed physics of a single aggregated
turbine cluster.

C. Aggregated Wind Farm State-Space Model

For each cluster k = 1, . . . ,K (one PMSG-based equivalent
per cluster), define:

• X(k) ∈ Rnk : state vector (e.g., ωr, β, idr, iqr, idg , iqg,
Vdc and controller integrators).

• U (k) ∈ Rmk : input vector (idr,ref, iqr,ref, idg,ref, iqg,ref,
Vdc,ref, βref, ωr,ref).

• V (k), I(k): terminal voltage and current of the cluster at
its collector node.

Step 1: Per-cluster model

Ẋ(k) = A(k)X(k) +B(k)U (k) + E(k)V (k) (50)

I(k) = C(k)X(k) +D(k)U (k) + F (k)V (k) (51)

Here, system matrices for the cluster are: A(k)(state),
B(k)(input), E(k)(voltage coupling), C(k)(state to current),
D(k)(input to current), F (k)(voltage to current).

Step 2 :Stack all clusters

X =
[
X(1); . . . ;X(K)

]
, U =

[
U (1); . . . ;U (K)

]
,

V =
[
V (1); . . . ;V (K)

]
, I =

[
I(1); . . . ; I(K)

]
Using (50)-(51), the farm-level plant is:

Ẋ = AX +BU + EV (52)
I = CX +DU + FV (53)

Step 3: Collector-network coupling
Let Ycol be the nodal admittance matrix of the collector

system (strings, cables, transformers, PCC model):

I = YcolV (54)
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Step 4: Differential–algebraic form
Combining (53) with (54):

(Ycol − F )V = CX +DU (55)

Together with (53), the farm is a differential-algebraic system

Ẋ = AX +BU + EV (56)
0 = (Ycol − F )V − (CX +DU) (57)

Step 5: Eliminate algebraic voltages
If (Ycol − F ) is nonsingular,

V = (Ycol − F )−1(CX +DU) (58)

Substituting (58) into (56) yields a pure ODE:

Ẋ = AaggX +BaggU (59)

with aggregated matrices

Aagg = A− E(Ycol − F )−1C (60)

Bagg = B − E(Ycol − F )−1D (61)

This (Aagg, Bagg) is the final aggregated wind farm state-space.

D. Parameters of the model

TABLE VIII
SYSTEM PARAMETERS FOR CASE STUDY [5], [35]

System Parameter Value

PMSG

Rated power Prated (MW) 1.5
Stator resistance Rs (p.u.) 0.0272
Stator reactance Ls(p.u.) 0.5131
Inertia constant (s) 1.4393
DC bus voltage (V) 1150
DC capacitor Cbus (F) 0.01
Filter resistance Rg (Ω) 0.03
Filter inductance Lg (H) 0.3

Cable parameters

WT cable resistance (Ω/km) 0.124
WT cable reactance (mH/km) 0.39
MV cable resistance (Ω/km) 0.36
MV cable reactance (mH/km) 0.32
Submarine cable resistance (Ω/km) 0.34
Submarine cable reactance (mH/km) 0.17

VSC–HVDC

Rated AC voltage (kV) 400
HVDC voltage (kV) ±320
DC link capacitor (µF) 500

Filter inductance (H) 0.0032
Filter resistance (Ω) 0.075
DC line resistance (Ω) 0.29
DC line inductance (H) 0.0079
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