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Abstract: This study presents a reduced-order modeling framework for offshore wind turbine
blade dynamics using the Eigensystem Realization Algorithm with Observer Kalman Filter
Identification (ERA-OKID) approach. A compact state-space model is constructed from a
single input-output dataset, enabling efficient linear system identification without repeated
calibration across wind conditions. The blade dynamics are represented using three dominant
modes, two flapwise and one edgewise, capturing key structural responses under aerodynamic
loading. Subspace methods and modal reduction are employed to approximate distributed forces
through a weighted modal summation, resulting in a control-oriented model suitable for real-
time estimation, fatigue analysis, and model predictive control. Validation on a 15 MW offshore
turbine demonstrates accurate reproduction of blade tip dynamics across various wind speeds,
including turbulence intensities, with good agreement in time and frequency domains. By
combining data-driven identification with physics-informed modeling, the framework offers a
scalable, low-data-demand solution that bridges high-fidelity simulation and control-oriented
implementation, making it valuable for wind turbine monitoring, control, and performance

optimization.
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1. INTRODUCTION

With global climate change rapidly increasing, the urgency
to transition from fossil fuels to sustainable energy sources
has never been more critical. Wind energy, especially off-
shore wind power, is at the forefront of this transformation,
offering a powerful combination of high energy yield and
minimal environmental impact Strielkowski et al. (2016);
Esteban et al. (2011). The drive towards deploying larger
offshore wind turbines, capable of generating substantial
power, introduces significant engineering and operational
complexities. Addressing these complexities requires in-
novative modeling, advanced engineering solutions, and
sophisticated control techniques to ensure that turbines
perform reliably, efficiently, and sustainably in challenging
marine environments Veers et al. (2023); Sarkar et al.
(2020); Das et al. (2019); Fitzgerald and Sarkar (2024).

Data-driven models have emerged as essential tools for
representing turbine blade dynamics and adapting to vary-
ing wind conditions Nejadkhaki et al. (2018); Baisthakur
and Fitzgerald (2024b). Unlike traditional methods focus-
ing primarily on steady-state performance, modern data-
driven approaches prioritize dynamic adaptability and
real-time applications such as fatigue analysis McAuliffe
et al. (2024); Kong et al. (2023); Nielsen et al. (2021), reli-
ability assessments Baisthakur et al. (2024), and condition
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monitoring Fitzgerald and Basu (2017); Kong et al. (2020);
Wang et al. (2020). These models effectively capture com-
plex dynamics, supporting efficient large-scale simulations
and predictive maintenance strategies.

System identification methods have evolved significantly
from single-input single-output (SISO) systems to sophis-
ticated multi-input multi-output (MIMO) frameworks,
suitable for complex systems like wind turbines Zhang
et al. (2018); Cezayirli and Ciliz (2008). Although machine
learning (ML) methods offer flexible modeling capabili-
ties, they often demand extensive training data and lack
transparent representation of underlying physics Stetco
et al. (2019). Conversely, state-space models offer a struc-
tured, mathematically rigorous alternative, directly re-
flecting physical dynamics and requiring minimal recali-
bration Palmeri (2010). Linear system identification pri-
marily includes the prediction error approach, optimizing
model fit to observed data Liu et al. (2019), and subspace-
based techniques derived from Ho and Kalman’s system
realization methods Ho and K&lmén (1966); Oymak and
Ozay (2021). While these methods are robust, they strug-
gle with high-dimensionality and noise typically encoun-
tered in offshore wind applications.

To address these challenges, this study utilizes the Eigen-
system Realization Algorithm (ERA) integrated with Ob-
server Kalman Filter Identification (OKID). ERA alone is
robust primarily for impulse-response data, whereas OKID
enhances ERA by approximating impulse responses effec-
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tively from various data types. The combined ERA-OKID
framework thus offers systematic, adaptive identification
of turbine blade dynamics from limited input-output data,
ensuring stability under varying operational conditions.
The developed ERA-OKID model captures three critical
degrees of freedom per turbine blade—two flapwise and
one edgewise—to represent essential vibration modes and
aerodynamic interactions influenced by pitch adjustments.
This state-space approach provides a concise yet com-
prehensive representation of turbine dynamics, facilitating
real-time adaptability, predictive maintenance, and robust
control applications without frequent recalibration.

This paper’s main contributions are the tailored applica-
tion of the ERA-OKID method to offshore wind turbine
blades, providing an efficient, accurate, and computation-
ally economical framework for dynamic modeling and con-
trol under varying wind conditions. Although ERA-OKID
is an established technique, this work uniquely applies it to
reliably capture complex blade dynamics based on minimal
data, highlighting its suitability for practical offshore wind
applications.

2. REDUCED-ORDER STATE-SPACE MODELING
OF THE IEA-15MW TURBINE

This work employs the IEA-15MW reference wind tur-
bine Gaertner et al. (2020), a direct-drive IEC Class 1B
system with a 240 m rotor diameter and 150 m hub height.
The governing equilibrium equation for a holonomic sys-
tem is:

Qact + Qinert =0 (1)

where Q.. and Qjnert are the generalized active and
inertial forces, respectively. These are constructed us-
ing partial velocities and accelerations of system compo-
nents. Each blade is modeled with three dominant vibra-
tion modes—two flapwise and one edgewise—using modal
reduction. The modal characteristics are derived using
BModes Bir (2005), and the dynamics are captured by:

M(q7 t)q+ f(qv q, t) =0 (2)

Here, q represents the modal coordinates, M the mass ma-
trix, and f includes both external and restoring forces. To
formulate the dynamics, Kane’s method Kane and Levin-
son (1985) is used due to its computational efficiency and
suitability for multi-body systems. The detailed derivation
of the governing equations of motion for this numeri-
cal model can be found in Sarkar and Fitzgerald (2021)
and its application in the surrogate modeling domain
are detailed in previous works Baisthakur and Fitzgerald
(2024b,a, 2025). In this work, these nonlinear dynamics
are linearized into a state-space model to facilitate control
design.

We employ the ERA-OKID algorithm to identify a
reduced-order state-space representation directly from
input-output data. By integrating prior physical knowl-
edge such as structural flexibility and aerodynamic in-
teractions, the approach yields a compact model suitable
for applications like Model Predictive Control (MPC). In
addition to control, the model is computationally efficient,

enabling use in fatigue analysis, reliability assessment, and
real-time simulation tasks.

2.1 Observer/Kalman Filter Identification (OKID)

To estimate a reduced-order model from input-output
data, we adopt the Observer/Kalman Filter Identification
(OKID) approach, a well-established method for dynamic
system identification Alenany et al. (2019). OKID first
estimates the Markov parameters of an associated observer
using linear regression, and subsequently reconstructs the
underlying system’s impulse response. The Eigensystem
Realization Algorithm (ERA) is then used to derive a
minimal-order discrete-time state-space representation.

Consider a discrete linear time-invariant (LTI) system in
the form:
Xgt1 = Ax; + Buyg, (3)
yvir = Cxi + Dug,
where x;, € R" is the state vector, uy € R™ the input, and
yi € RP the output.

Assuming xg = 0, the output sequence can be compactly
written as:

y = Hu, (4)
where H contains the Markov parameters CA’B and u
is a Toeplitz matrix constructed from past inputs. Due to
ill-conditioning in practice, this relation is truncated to a
finite window 7T such that CA‘B ~ 0 for i > T

y ~ Hi. (5)

However, this truncation can be numerically unstable
for lightly damped systems. To improve robustness, an
observer is introduced:

Xk+1 = (A + LC)x;, + (B + LD)uy — Ly

% ~ (6)
= Ax;, + Bz,

where z; = [u; ,y/]" combines input and output, and L
is the observer gain. The dynamics of this auxiliary system

are then used to estimate a sequence of observer Markov
parameters.

The corresponding input-output relationship becomes:
y ~ HZ, (7)

where Z is constructed from sequences of z; and H com-
prises observer-based Markov terms. These are obtained
via least-squares estimation.

Recovering System-Level Markov Parameters  Let the
observer Markov sequence be denoted by:
o
H,
H=| Hi |, (8)
Hy o
where each block ﬁk is split as:
~ H(U)-
Hk = k )
H](cy)_

with superscripts indicating contributions from input and
output, respectively.
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The actual system Markov parameters Gy are recursively
reconstructed as:

k—1
Gr=H{" +Y HYG,_;_, + HD. (9)
j=0

Likewise, the observer gain dynamics can be retrieved via:
k—1

chL) _ _Héy) + Z H;-y)GfgL_)j_p
=0

where GéL) = CA*L. Once the sequence {G,(CL)} is known,
L is estimated by solving:

L=(0T0) 0T, (11)

where O = [CT,(CA)T,...]T is the system observability
matrix.

(10)
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Fig. 1. Identification of State-Space Models for Wind
Turbine Blades Using ERA-OKID Algorithm

2.2 Reduced-Order Model Identification via ERA

The Eigensystem Realization Algorithm (ERA), proposed
by Juang and Pappa Juang and Pappa (1985), extends the
classical realization framework of Ho and Kalman Ho and
Kéalmén (1966) to derive discrete-time state-space models
from impulse responses. For a discrete LTI system with
impulse input ug = 1, uy = 0 (k > 1), the output sequence
forms the Markov parameters:
H,=D, H,=CA''B

k>1 (12)

A Hankel matrix is constructed using these parameters:
H, H, H,
H, H; H,

Ho = (13)

H, H,i - Haos

Applying singular value decomposition (SVD) to Hy:

Ho = UXV' (14)

The system order n is determined by retaining the top n
singular values. Define:

0,=0,zl? cC,=x/?v]

To compute the discrete-time state matrix, we use the
shifted Hankel matrix Hy:
Ay =312UuH v, 22 (15)

The input and output matrices are taken as the first block
columns/rows of C, and O,

B;,=C,.(;;1:m), C=0,(1:p,:) (16)
The direct transmission matrix is simply:
D =H, (17)

Although ERA performs well for low-damping systems,
its reliance on impulse data limits its applicability in
civil structures, especially under ambient excitations or
operational constraints Peeters and Roeck (1999). This
motivates combining ERA with input-output techniques
like OKID to extend its usability in practical scenarios Oy-
mak and Ozay (2021); Sengar et al. (2021). The complete
workflow—from data acquisition to model identification
and control deployment—is outlined in Fig. 1, showing
the transformation from measured system responses to an
identified state-space model, which can be used towards
model predictive control implementation.
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Fig. 2. Comparison of Original and identified blade tip
deformation of IEA-15MW offshore wind turbine at
turbulent wind condition at 20.2395 m/s

High Fidelity Response
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Fig. 3. Comparison of Original and identified frequency do-
main responses of IEA-15MW offshore wind turbine
at turbulent wind condition at 20.2395 m/s

3. RESULTS AND DISCUSSION

To assess the effectiveness of the ERA-OKID-based state-
space model, we focus on the TEA-15MW offshore wind
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turbine operating at a representative wind speed of
20.2395m/s. The model is identified using input-output
data consisting of (i) aerodynamic modal forces (summed
over 50 blade nodes) as input, and (ii) tip deformation
responses associated with two flapwise and one edgewise
modes as output.

The state-space model is derived at 12.4046m/s and
evaluated directly at 20.2395m/s by normalizing the tip
response using precomputed mean and standard deviation
values: y = pu + oz, where z is the standardized response
and (u, o) are wind-speed-specific statistics.

Fig. 2 shows time-domain comparison between original
blade tip deformation (from high-fidelity simulations) and
the identified model response. The reduced model captures
the overall dynamics well, especially the third mode (y3),
which retains both frequency and phase accuracy. Minor
mismatches in y; and y» amplitudes during transience
indicate sensitivity to unmodeled nonlinearities. In the
frequency domain (Fig. 3), the model reliably reconstructs
the dominant frequencies of all three modes. Small devia-
tions in higher harmonics are observed due to turbulence-
induced nonlinearities and model simplification. These
results confirm that the ERA-OKID framework yields
compact, control-relevant models capable of accurately
capturing the key vibrational features of turbine blades,
even under turbulent wind conditions.

4. CONCLUSION

This work presents a reduced-order modeling framework
for offshore wind turbine blade dynamics using the com-
bined ERA-OKID approach. The method enables data-
driven identification of discrete-time state-space models
from a single input-output dataset, offering a practical
and computationally efficient alternative to high-fidelity
simulations. By leveraging observer-based Markov param-
eter estimation and modal decomposition, the framework
effectively captures the dominant dynamic characteristics
of flexible blades under varying aerodynamic loads.

The developed model was validated using time-domain and
frequency-domain analyses at a representative wind speed
of 20.2395m/s. Results show that the identified state-
space model accurately reproduces the primary vibrational
modes—two flapwise and one edgewise—particularly in
steady-state and oscillatory regimes. While small devi-
ations in transient response and higher harmonic am-
plitudes were observed, the model demonstrates robust
performance across realistic turbulent wind conditions at
the validation wind speed. However, given that the model
is derived from linearized dynamics and validated at a
single operating point, further investigation is necessary
to confirm its robustness across the full operational range
and under highly nonlinear scenarios.
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