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Abstract

Offshore wind energy has developed rapidly in recent years as a crucial component of
renewable energy. However, offshore wind turbines (OWTs) face significant challenges in
operations under complex marine environmental conditions, such as multimodal nonlinear
vibrations, reliable structural monitoring, efficient maintenance, and sustainable long-term
operations. The model-updating-based parameter identification takes advantages of struc-
tural vibration measurements, assisting in structural health monitoring. However, the
traditional methods have not fully accounted for the parameter uncertainties and the need
for real-time state updating, making them insufficient to meet the long-term online moni-
toring requirements for OWTs. This study introduces an innovative structural parameter
identification framework that integrates modal parameter identification with Bayesian re-
cursive updating. The proposed framework enables more efficient updates and uncertainty
quantification of critical physical parameters for OWTs. It combines the covariance-driven
stochastic subspace identification (COV-SSI) method for automatic modal parameter iden-
tification with the unscented Kalman filter (UKF) for parameter estimation. A 10 MW
jacket-type offshore wind turbine was used as a case study. First, the numerical simu-
lations were conducted to generate synthetic measurements for method validation and
demonstration, enabling stepwise updating of the tower material’s elastic modulus across
different sea conditions. A comparison of update speed and the convergence rate with the
traditional time-step-based UKF method demonstrated the superiority of the proposed
sea-condition-based approach in terms of computational efficiency and stability. Finally, the
proposed framework was systematically validated using scaled model experimental data of
a jacket-type OWT with a 4.2% identification error, confirming its engineering applicability.
This research provides reliable technical support for the safety assessment of offshore wind
turbine structures.

Keywords: jacket-type foundation; offshore wind turbine; unscented Kalman filter; parameter
identification

1. Introduction
With continuous advancements in offshore engineering, offshore wind energy offers

notable advantages, such as higher wind speeds and more stable power output, making it
one of the fastest-growing renewable energy sources [1]. However, compared to land-based
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environments, offshore wind turbines operate in harsher environmental conditions. They
are subjected to long-term cyclic vibrating loads from wind, waves, currents, etc. They may
also experience extreme events like typhoons and earthquakes. These complex multimodal
nonlinear vibrations could further lead to operational risks. Consequently, the opera-
tional safety of offshore wind turbines has attracted considerable attention from industries
and academics.

Digital twin technology holds great potential in the field of marine structural health
monitoring and risk assessment. High-fidelity and accurate numerical models play a crucial
role in assessing the safety of OWTs. Sensing the changes in critical structural parameters
and updating them correctly in time is important for the digital twin system [2]. The
structural dynamic system identification methods can effectively obtain the key parameters
for structural condition assessments. The commonly used system identification methods in
structural health monitoring include modal parameter identification and physics-based
model updating methods. The modal parameters (including natural frequency, damping
ratio, and mode shapes) effectively reflect the dynamic characteristics of structures. Their
accurate identification provides essential data for structural damage detection and condition
assessment [3]. Operational modal analysis (OMA) is a widely applied category of modal
parameter identification methods for OWTs that requires only output data and does not
need the input conditions to be known [4–7]. It usually analyzes the structural vibration
signals to identify the modal parameters, which play a crucial role in health monitoring
and damage identification during the operation and maintenance of structures. However,
the OMA techniques have certain limitations. The loads on OWTs are strongly coupled
with the physical properties of the structure, and the operating states are more complex [8].
Consequently, the modal parameters alone cannot fully assess the structural safety. In
addition to the modal parameters, changes in the parameters, such as stiffness and mass,
also affect the distribution of the strain field in the structure [9]. These parameters play a
key role in damage and fatigue assessments. The parameter identification method based
on finite element model updating allows for the precise identification of key physical
parameters by iteratively updating unknown parameters through an inverse process [10].

Model updating typically employs deterministic optimization strategies, aiming to
minimize the deviation between the predicted and the measured responses. However,
this kind of updating process is not able to quantify parameter uncertainty and struggles
to obtain global optima. For OWTs, physical parameters such as soil stiffness, corrosion,
marine biofouling, hub mass, and nacelle stiffness exhibit significant uncertainties. They
consequently affect numerical modeling in terms of pile stiffness, soil stiffness, added mass,
drag, and connection stiffness [6]. Most physics-based parameter identification methods
based on model updating are founded on linear assumptions. However, OWTs often exhibit
significant nonlinearity and uncertainty when operating in complex marine environments.
The traditional deterministic methods struggle to handle such issues effectively. On the
other hand, the Bayesian statistical inference methods, by integrating prior knowledge
(such as engineering experience or historical data) with field monitoring data, establish
posterior probability distributions for parameters [11]. Applying the Bayesian theory to
model parameter updating also helps quantify parameter uncertainty, thus improving the
rationality of identification [12].

Bayesian model updating can be divided into two approaches: batch processing and
recursive processing. In the batch processing mode, the system integrates all available
monitoring data to establish a likelihood function, from which the posterior distribution
of parameters is derived [13–18]. The Bayesian batch processing methods have made
significant achievements in the field of monopile offshore wind turbines. For instance,
Xu et al. [19] proposed a novel Bayesian updating framework integrating the Transition
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Markov Chain Monte Carlo. A function based on measured natural frequency and damping
ratio was established to update the soil-structure stiffness and damping for offshore wind
turbines, hereby quantifying the uncertainty and providing a significant engineering value
to Bayesian model updating. Moynihan et al. [20] applied the Bayesian updating methods
to successfully invert the posterior probability distribution of soil-structure stiffness using
field-measured data for a 6 MW monopile offshore wind turbine. The uncertainty quan-
tification for the key parameters was realized, providing a reference for the application of
probabilistic assessment methods in offshore wind turbine health monitoring.

Compared to the batch processing methods, the recursive Bayesian methods have
the advantage of real-time processing. These methods dynamically update the state by
integrating the latest measurements and generating a series of posterior distributions at
different time steps. The common recursive Bayesian methods include Kalman filtering
(KF) and its extended methods for nonlinear systems, such as particle filtering (PF) [21,22],
extended Kalman filtering (EKF) [23,24], and unscented Kalman filtering (UKF) [25–27].

Significant progress has also been made in the synchronous identification of structural
physical parameters and unknown loads. Song et al. [26] proposed an adaptive Kalman
filtering method that simultaneously updates noise variance and model parameters, ef-
fectively alleviating the impact of modeling errors on parameter identification accuracy.
To better address the damage identification problem of strongly nonlinear structures,
Li et al. [28] developed a novel constrained UKF method achieving the synchronous identi-
fication of parameters and unknown seismic excitations for a three-story, three-span steel
frame and a three-span continuous reinforced concrete bridge structure. Song et al. [29]
proposed a joint physical parameter-input load estimation technique based on a windowed
UKF method, which was applied to real offshore platform engineering practices. Later,
Song et al. [30] introduced the windowing approach into the EKF method, using sparse
measurements to estimate the physical parameters and dynamic input loads of offshore
wind turbines. This offered essential technical support for the development of a digital
twin system for offshore wind turbines. While the overlapping window approach enhances
the accuracy of parameter identification, it simultaneously introduces data redundancy,
thereby increasing the computational complexity. Compared to EKF, UKF demonstrates a
superior performance in highly nonlinear scenarios with good convergence stability and
high accuracy, eliminating the need for Jacobian matrix computation.

The traditional time-step-based Bayesian updating methods suffer from high compu-
tational complexity and slow convergence. This leads to challenges in parameter identifica-
tion, accounting for coupling effects on marine structures. This severely limits the method’s
application in engineering. Compared to each time step, the dynamics of marine structures
in a short period, defined as a sea condition (i.e., typically 10 min for wind and 0.5–3 h for
waves), are stationary. The statistical presentation of dynamic responses is stable. Updating
based on those short-term statistics within each sea condition could potentially require
less computational effort. Han et al. [31] proposed a UKF-based ship seakeeping model
parameter identification method using the observed response characteristics of a vessel un-
der multiple sea states. Online updating and uncertainty quantification of key seakeeping
parameters were achieved, significantly improving the computational efficiency.

Compared with monopile-supported OWTs, the jacket-type OWTs become a more
cost-effective solution towards deeper and farther waters [32]. However, these bring chal-
lenges in terms of online monitoring and efficient operation. In addition, the structural
complexity of the foundation could potentially lead to challenges in model updating. This
study presents a sea-condition-based parameter identification method for jacket-type OWTs
based on UKF. It uses the structural vibration signals to extract the modal parameters and
further identify the physical parameters as the observation space. Using a 10 MW jacket-
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type OWT as a case study, the method is validated by numerical simulations and scaled
model test data. This study overcomes the limitations of the conventional time-step-based
Bayesian recursive updating methods in terms of computational efficiency and engineer-
ing applicability, providing a novel technical pathway for offshore wind turbine digital
twin systems.

The remainder of this paper is organized as follows: Section 2 introduces the theory of
the proposed improved UKF for structural parameter identification. Section 3 describes
the numerical model of the jacket-type offshore wind turbine. Section 4 analyzes the
identification results under different operating conditions and discusses the influence of
operating conditions on these results. Section 5 presents further validation based on the
experimental data from scaled model tests. Finally, the conclusions are drawn in Section 6.

2. Methodology Description
The core idea of the sea-condition-based parameter identification method is to use

the unscented transformation (UT) to propagate and update the state space based on
prior knowledge and observations according to nonlinear relationships between the state
and observation spaces. It selects a set of sample points to approximate the distribution
of the state. By using a deterministic sampling strategy (sigma point sampling), UKF
accurately captures the mean and covariance of the random variables after nonlinear
transformations, avoiding the higher-order truncation errors that arise from the traditional
Taylor expansion linearization. This approach provides a more accurate and stable solution
to nonlinear problems. This method primarily involves three steps: sigma point sampling,
state propagation, and measurement update. The flowchart of the proposed method is
shown in Figure 1. Details of the method are described in the following subsections.

Figure 1. A flowchart of the proposed sea-condition-based parameter identification method.

2.1. Sigma Point Sampling

In the proposed method, the state space (X, P) is first established. X is the state vector,
including the key uncertain structural parameters to be updated. P is the state covariance
matrix, representing the uncertainties of the state. The elastic modulus (E) reflects the
structural stiffness variation to some extent, potentially indicating the level of structural
damage [33]. Therefore, the elastic modulus of the tower was considered as the state Xn−1

after the (n − 1)-th update, with uncertainty of Pn−1.
It is assumed that the state space (i.e., structural parameters) remains approximately

unchanged for each sea condition defined by a combination of a stationary sea state
(described by the significant wave height, Hs, peak period, Tp, direction, etc.) and the
wind profile (described by the mean wind speed, the spatial profile function, intensity, etc.).
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Therefore, the sigma points, xn,i, (i = 0, 1, 2, . . . , 2N) to be used at the n-th update are
calculated based on the (n − 1)-th updated state as follows:

xn,0 = Xn−1 (1)

xn,i =

{
Xn−1 +

√
[(N + λ)Pn−1]i, i = 1, 2, . . . , N

Xn−1 −
√
[(N + λ)Pn−1]i−N, i = N + 1, . . . , 2N

(2)

xn = [xn,0,xn,1, . . . ,xn,2N] (3)

where N is the dimension of the system state vector.
√
[(N + λ)Pn−1]i represents the i-th

column (or row) of the square root of the matrix (N + λ)Pn−1. The dimension of xn is
N × (2N + 1). The coefficient λ is computed by:

λ = α2(N + κ)− N α ∈ [0, 1] (4)

where α is the scaling factor, and κ represents the scaling parameter, which is typically set
to 3 − N or 0.

The weights corresponding to the sigma points are independent of the update step
which can be computed by:

γm
0 =

λ

λ+ N
(5)

γc
0 =

λ

λ+ N
+ 1 − α2 + β (6)

γc
i = γm

i =
λ

2λ+ N
, i = 1, 2, . . . , 2N (7)

where γm is the weight factor used for the state mean computation, while γc is the weight
factor used for the state covariance matrix computation. The subscription i indicates
the i-th sigma point. β was introduced by Julier to incorporate higher-order statistical
information into the UKF [34]. For the Gaussian-distributed variables, β is set to 2. It is
recommended to ensure that the covariance matrix remains semi-positive definite [35].
All weight factors γc

i must be non-negative, and the following conditions must hold:

(1) κ > −N, (2) α >
√

N
4(N+κ)

, where α is typically a small value.

2.2. State Propagation

The state (Xn−1, Pn−1) is propagated by assuming that the key structural parameters
remain approximately unchanged from the (n − 1)-th to the n-th sea condition, i.e.,

X̂n = Xn−1 + Wn (8)

where n represents the index for different sea conditions, X̂n represents the possible value
of the state vector after state propagation at the n-th sea condition. Wn ∼ N(0, Qn) is the
process noise, assumed to follow Gaussian white noise distributions, representing state
uncertainty among different sea conditions. Qn is the process noise covariance at the n-th
sea condition.

Therefore, the propagated state at the n-th sea condition can be calculated by:

X−
n = Xn−1 (9)

P−
n = Pn−1 + Qn (10)

where (X−
n , P−

n ) is the predicted state after propagation at the n-th sea condition.
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2.3. Measurement Update

At the stage of measurement update, the observation space Z should be established.
The parameters considered in Z should be highly relevant to the state space X, i.e.,

Z = h(X) + V (11)

where V ∼ N(0, R) is the observation noise, following a Gaussian white noise distribution,
R is the measurement uncertainty covariance. h(·) represents the function between Z and
X, which can be nonlinear.

At the n-th update, the residuals between the predicted modal parameters (based on
xn and the corresponding coupled simulation results) and the estimated modal parameters
(based on the measured acceleration records gj,n(t)

measure) are considered to form the
predicted observation space. The aim of the update is to make such residuals approach 0.
gj,n(t) represents the acceleration records at location j along the turbine tower, j = 1, 2, . . . , J.
The modal parameters of OWTs, including the natural frequency fn and mode shape Φn,
are computed based on gj,n(t), j = 1, 2, . . . , J, according to the covariance-driven stochastic
subspace identification (COV-SSI) method [36].

In detail, the predicted modal parameters are calculated for each sigma point xn,i.
First, the coupled dynamic simulation of OWTs (e.g., by OpenFAST [37]) should be con-
ducted according to xn,i and the operational status. The tower accelerations at J locations
are extracted, followed by a modal parameter identification according to COV-SSI, in

order to obtain the predicted modal parameters for xn,i, denoted as f
l
n,i and Φ

l
n,i, where

l ∈ {1, 2, . . .} represents the order of the structural mode. It is worth mentioning that
the modal parameters could be considered less dependent on the environmental condi-
tions [36]. Therefore, the predicted values of the modal parameters are considered to be
only influenced by the operational condition (normal operation or shutdown) and the
uncertainty of the key structural parameters.

The measured tower accelerations gj,n(t)
true for the n-th sea condition during the wind

turbine’s operation are applied to COV-SSI to estimate the modal parameters (
∼
f

l

n and
∼
Φ

l

n,
l ∈ {1, 2, . . .}) accordingly, which are named as the measured modal parameters. The
relative error y−n,i between the measured and predicted modal parameters based on xn,i

(i = 0, 1, 2, . . . , 2N), is further calculated using the following equations:

el
fn,i

=

∣∣∣∣ f
l
n,i −

∼
f

l

n

∣∣∣∣
∼
f

l

n

(12)

el
Φn,i

= 1 − MACl
n,i (13)

MACl
n,i =

∣∣∣∣Φl
n,i

T
·
∼
Φ

l

n

∣∣∣∣2∣∣∣∣Φl
n,i

T
·Φl

n,i

∣∣∣∣×
∣∣∣∣∣∼Φl

n

T

·
∼
Φ

l

n

∣∣∣∣∣
(14)

y−n,i = [
L

∑
l

µ1el
fn,i

+ µ2el
Φn,i

L
] (15)

where el
fn,i

and el
Φn,i

represent the relative errors between the measured and predicted
values of the l-th order natural frequency and mode shape under the n-th sea condition for
xn,i, respectively. L represents the total number of mode parameters, MAC is the modal

https://doi.org/10.3390/vibration9020027

https://doi.org/10.3390/vibration9020027


Vibration 2026, 9, 27 7 of 21

assurance criterion, representing the similarity between the measured l-th order mode
shape and the predicted one according to xn,i under the n-th sea condition, on a scale from
0 to 1. µ1 and µ2 are the weights for combining the relative errors of the natural frequency
and the mode shape, which are set to be 5/6 and 1/6, respectively [20]. The residual y−n
represents the error of modal parameters between predicted and measured, which becomes
a vector with a length of 1. Such residual preferably approaches 0, i.e., Zn = 0.

The predicted measurement mean for the n-th sea condition, considering all sigma
points, is calculated as follows:

Ẑn =
2N

∑
i=0

γm
i y

−
n,i (16)

The covariance matrix of the predicted measurement value for the n-th sea condition
is calculated as:

PZZ,n =
2N

∑
i=0

γc
i (y

−
n,i − Ẑn)(y

−
n,i − Ẑn)

T + Rn (17)

where Rn denotes the measurement noise and the uncertainty in the measurement function,
which may be related to the measurement sensors and sea conditions. The cross-covariance
matrix between the state and the observation spaces for the n-th sea condition is calculated
as follows:

PXZ,n =
2N

∑
i=0

γc
i (xn,i − X−

n )(y
−
n,i − Ẑn)

T (18)

The Kalman gain matrix is calculated by:

Kn = PXZ,nP−1
ZZ,n (19)

The mean and covariance of the state for the n-th sea condition are then updated using
the observations and the Kalman gain matrix as follows:

Xn = X−
n + Kn(Z n − Ẑn) (20)

Pn = P−
n + KnPZZ,nKT

n (21)

The above describes a complete cycle for recursively updating the unknown key
structural parameters X and their uncertainty about the OWT in operation. It is noted
that the state space might not be constant throughout the whole project life over a period
of decades. This method could continuously update the state space based on the new
measurements and thus captures such value variation in the state space due to long-term
effects such as aging. The proposed parameter update method for OWTs is based solely on
the output measurement data and the coupled numerical model based on prior knowledge.
The method first uses the COV-SSI method to extract the modal parameters of the struc-
ture from the measured data. Then, based on the UKF recursive Bayesian framework, it
achieves more efficient updates of the physical parameters under the operational state of
the structure. Compared to the traditional time-step-based UKF parameter update process,
this study could make the update less computationally expensive, leading to potential
real-time updating and making it more suitable for engineering applications.

3. Case Study Description
3.1. Numerical Model of the Jacket OWT

A fully coupled numerical model of a jacket-type OWT was developed using FAST
v8 [37], enabling simulation of the turbine’s dynamic response under realistic operating con-
ditions. The wind turbine system is based on the DTU 10 MW reference model developed
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by the Technical University of Denmark [38]. The design of the tower and jacket support
structure is based on previous studies [39]. The preliminary structural parameters are
summarized in Table 1. The preliminary properties of the jacket-type OWT are illustrated
in Figure 2. Accelerometers were assumed to be installed at five locations noted as locations
A1–A5.

Table 1. The preliminary properties of the jacket-type OWT.

Dimensions/Properties Values

Hub mass 105,520 kg
Wind turbine mass 446,036 kg
Three blades mass 125,196 kg

Tower height 85.48 m
Tower top diameter and thickness 5.5 m, 0.02 m
Tower base diameter and thickness 7.57 m, 0.034 m

Rotor and hub diameter 178.30 m, 5.60 m
Jacket height 91.15 m

Cut-in, rated, cut-out wind speed 4.0 m/s, 11.4 m/s, 25.0 m/s
Cut-in, rated rotor speed 6.0 rpm, 9.0 rpm
Elastic modulus of steel 210 GPa
Shear modulus of steel 80.8 GPa

Density of steel 8500 kg/m3

Poisson’s ratio of steel 0.3

Figure 2. An illustration of the studied jacket-type OWT.

For the developed model, the rotor–nacelle assembly (RNA), consisting of the blades,
nacelle, hub, and drivetrain, was modeled in the ElastoDyn module. The blades include the
first two flapwise modes and the first edgewise mode, while the nacelle has two degrees
of freedom (yaw and pitch). The first and second flapwise mode damping ratios were
set to 3.0% and 8.4%, respectively, while the first edgewise mode damping ratio was set
to 3.0%. The tower was modeled as a variable cross-section beam element, considering
the first two as fore–aft (FA) and side-to-side (SS) modes, each with a damping ratio of
1% [40]. FA refers to the fore–aft direction, i.e., in line with the wind direction under the
operational conditions. SS refers to the side-to-side direction, which is perpendicular to
the FA direction. The first two orders of the blade and tower mode shapes were computed
using BModes (v3.00) [41] and imported into ElastoDyn (v1.01).
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The jacket substructure and transition piece were modeled in SubDyn (v1.01) based on
the linear finite element beam theory. SubDyn applies the Craig–Bampton (C–B) method to
reduce the degrees of freedom, with the retained internal modes assigned a damping ratio
of 1%. The OWT was assumed to be rigidly fixed to the seabed.

The aerodynamic loads on the blades and tower are computed in AeroDyn (v14.04)
using the blade element momentum (BEM) method [42], while the hydrodynamic loads
on the foundation were calculated in HydroDyn (v2.03) using the Morison equation,
accounting for both inertia and drag forces [43].

The turbulent wind fields were generated in TurbSim (v2.00) [43,44], following the
IEC Kaimal spectrum model (Class B). Figure 3 presents a 3D visualization of the simulated
turbulence, illustrating its random statistical characteristics. The simulation duration was
set to be 1000 s, with a mean wind speed of 11.4 m/s and a turbulence intensity of 17.32%,
among a horizontal width of 200 m, at the hub height of 119 m. The simulated wind
field was fed into the InflowWind module of FAST, with the wind direction aligned to the
turbine’s FA axis.

Figure 3. (a) The 3D turbulent wind map at a turbulence level of 17.32% simulated by Turbsim, and
(b) a schematic diagram of the discrete wind field of the OWT.

3.2. Initial Model Analysis

This study applies the proposed structural parameter identification method to the
described numerical model of a 10 MW jacket-type offshore wind turbine. Many previous
studies have taken the elastic modulus of materials as a primary damage identification
parameter [30,45]. As a critical parameter, the elastic modulus directly influences both
stiffness and dynamic response. The prior assumption for the elastic modulus is set to
180 GPa, whereas the actual value was considered to be 210 GPa. During identification,
the model frequencies and mode shapes estimated by COV-SSI corresponding to each
sea condition were used for creating measurement space as shown in Equations (12)–(15).
The observation space was constructed using the relative error between the predicted and
measured modal parameters.

A sensitivity analysis of the structural fundamental frequency was performed, as
shown in Figure 4. The results reveal a strong positive correlation between the elastic
modulus and the fundamental frequency. As the elastic modulus increases, the fundamental
frequency rises correspondingly. Therefore, the first FA natural frequency and mode shape
were used to build the measurement space, i.e., L = 1. For variations in the elastic modulus
in the range of 180–400 GPa, the corresponding fundamental frequency changes from
0.20 Hz to 0.34 Hz, covering the baseline model’s first-order natural frequency. This
correlation indicates that, when the elastic modulus is unknown, its true value can be
effectively inferred from the measured modal parameters.

https://doi.org/10.3390/vibration9020027
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Figure 4. The sensitivity between the first-order natural frequency and the elastic modulus of
the tower.

Free-decay simulations further show that the FA-direction fundamental frequency dif-
fers between parked and operational conditions, being 0.285 Hz and 0.292 Hz, respectively.
Based on this, the tower’s unknown elastic modulus is identified separately for parked
and operational cases. Nine reliable modal parameter estimates, obtained from COV-SSI
under various sea conditions, are randomly selected as measurement inputs. Since COV-SSI
identifies the modal parameters using only output measurements, the actual sea conditions
information is not emphasized in this section.

4. Numerical Validation
4.1. Results by the Sea-Condition-Based UKF Method

The results of the structural parameter identification using the sea-condition-based
UKF method are presented and discussed in this section. The observed and predicted
measurement values of the structure under different sea conditions during the parked
condition are shown in Figure 5. The updates of the tower’s elastic modulus and its
uncertainty are shown in Figure 6. The predicted values represent the updated elastic
modulus after observations from each sea condition. The gray area (±2σ) represents the
corresponding 95% confidence interval, where σ is the standard deviation of the variable.
The update process gradually refines the elastic modulus and uncertainty of the structure
through the observed values under sea conditions 1–9.

Figure 5. The values of y−n,i under parked conditions for each sea condition.
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Figure 6. The update results of the tower’s elastic modulus (E) under parked conditions.

Based on the initial model proposed in Section 3.2, the relative error between the prior
value of the elastic modulus and the true value was 14.3% in sea condition 0. The initial
state had a high level of uncertainty, with the initial uncertainty σ set at 24.5 GPa. As shown
in Figure 6, the updated elastic modulus rapidly increased with changes in sea conditions.
It reached a converged state (210.7 GPa) in sea condition 1. It gradually approached 210 GPa
as the number of sea conditions increased. Additionally, the uncertainty in the parameter
estimations decreased steadily and eventually stabilized. Furthermore, during this process,
the value of y−n,i for sea condition 1 was −4.17%. After updating with one sea condition,
it approached 0. As more sea conditions were observed, the value of y−n,i was gradually
consistent with the actual measurement, i.e., 0.

Figure 7 shows a comparison between the predicted and actual structural modal pa-
rameters for each sea condition. Also, the initial structural fundamental frequency deviated
significantly from the true value. After the update process, the predicted fundamental
frequency approached the true value and gradually converged. Meanwhile, the MAC
value for the mode shapes remained close to 1 for each sea condition. It indicated that the
mode shape is not sensitive to the overall stiffness of the tower, compared to the funda-
mental frequency. Therefore, it is reasonable to assign weights to the errors in fundamental
frequencies and mode shapes within Equation (15).

  
(a) Updated first-order frequency (b) Updated MAC (Modal Assurance Criterion) 

Figure 7. The comparison between the predicted and measured values of the structural modal
parameters under parked conditions: (a) the fundamental frequency and (b) MAC.
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The verification results demonstrated that the improved UKF method enables the
fast and accurate identification of the elastic modulus of the wind turbine tower under
parked conditions.

Figures 8 and 9, respectively, show the values of y−n,i under different sea conditions, and
the updated results of the wind turbine tower’s elastic modulus under operating conditions.
During the update process, the initial values for the elastic modulus and its uncertainty
(standard deviation) were assumed to be 180 GPa and 24.5 GPa, respectively. The figures
demonstrated that the estimated elastic modulus converged rapidly as sea conditions
changed. At sea condition 2, the estimated elastic modulus was already close to the true
value. As the number of observed sea conditions increased further, the elastic modulus
eventually converged to 209.2 GPa. It caused a relative error of only 0.38% compared to
the theoretical value. At the same time, the uncertainty of the parameter decreased from
24.5 GPa to 1 GPa. During this process, the values of y−n,i gradually approach the actual
measured values.

Figure 8. The values of y−n,i in the update under operating conditions for each sea condition.

Figure 9. The update results of the tower’s elastic modulus (E) under operating conditions.

By comparing the validation results under both the parked and operational states,
it is evident that the improved UKF method demonstrates excellent convergence in the
identification of key physical parameters. This method can quickly estimate the true values
of the structure within a limited number of iterations. It can also achieve high accuracy
(with a relative error of less than 0.5%) and significantly reduce fluctuations. The results
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show a clear advantage in numerical stability. Therefore, this method is of great value for a
real-time status update and evaluation in OWT structural health monitoring applications.

4.2. Structural Parameter Identification Using the Time-Step-Based UKF Method

The traditional time-step-based updating methods typically use the structural response
time histories (such as acceleration and displacement) to establish the observation space for
updating the unknown parameters of the structure [28,46]. This section attempts to update
the tower’s elastic modulus based on the tower’s acceleration response time history. It used
acceleration responses measured at three positions on the tower: #A2, #A4, and #A5, as
shown in Figure 2. The response sampling frequency was 20 Hz, and the time segment was
from 50 s to 60 s.

Three load conditions (LCs) were considered, i.e., the parked condition (LC1: Hs = 2.5 m,
Tp = 6.5 s), the rated wind speed with unstable blade operation condition (LC2: Hs = 2.5 m,
Tp = 6.5 s, wind speed = 11.4 m/s), and the high wind speed with stable blade operation
condition (LC3: Hs = 2.5 m, Tp = 6.5 s, wind speed = 15.0 m/s). The time-step-based
updating method updates the structural parameters at each time step. The true elastic
modulus of the tower was 210 GPa. Moreover, the initial tower material elastic modulus
was considered to be 180 GPa. The time-step-based UKF updating method demonstrated
good convergence under all three typical conditions. The updated results for LC1 are
shown in Figure 10 as an example. In LC1, the identification result converged to the true
value after approximately 300 time steps.

Figure 10. The parameter identification based on the time-step response for LC1.

Compared to the time-step-based structural parameter identification method, the
sea-condition-based method has an evident advantage in convergence speed and stability.
Under the parked condition, the elastic modulus began to update to approach the true value
(210 GPa) after only about 15 s. It required approximately 300 time steps to reach a stable
state. In contrast, the sea-condition-based updating method can converge to the true value
much faster (e.g., under the parked condition, it converged after just one sea condition).

It is important to acknowledge that the time-step-based updating method has several
limitations in practical engineering applications: (1) it requires prior knowledge of the
load information, and (2) the measurements of structural responses demand precise time
synchronization. These requirements are often difficult to meet in practice. Moreover, the
measurement noise can significantly affect the parameter identification accuracy. Although
existing studies have proposed an improved UKF method for identifying structural param-
eters that are synchronized with the load, these methods are mainly limited to identification
under single load excitation conditions and are typically verified through numerical simu-
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lations or simple frame structure experiments [28]. This limitation makes them difficult to
apply to offshore wind turbine structures, which are subjected to complex loads.

In contrast, the improved sea-condition-based UKF updating method has distinct
advantages. This method relies solely on the output measurement data and does not
have strict requirements for the input load information. The time spent on the one-step
update was recorded. The time-step-based updating method used several minutes to
complete one update corresponding to a time step of 0.05 s. In comparison, the updating
based on the sea-condition-based method was completed in about half an hour. It must be
emphasized that the presented updating speed (i.e., the time spent on one update) should
be treated more qualitatively and relatively because the tested programs, the numerical
modeling, and the applied simulation solver could be subject to essential optimization in
terms of computational efficiency. More importantly, the sea-condition-based updating
demonstrates an excellent convergence rate to the real value in only 1–2 steps, while it
took about 400 steps to converge by the time-step-based method. For the new method,
the updating time spent toward convergence is essentially less than that of the traditional
one. In summary, the new method was demonstrated with excellent stability and efficiency
during the updating process.

5. Validation by Scaled Experiment
This section validates the proposed key parameter identification framework using the

experimental data from a 1:75 scaled model of a jacket-type OWT [39,47]. The aim is to
experimentally verify the effectiveness of the proposed identification method and assess its
applicability in real engineering applications. The results will provide valuable technical
insights for the practical application of digital twin technology in offshore wind energy.

5.1. Experimental Overview

The experimental work was conducted by the research team in earlier stages, and the
scale model was based on the DTU 10 MW benchmark model from the Technical University
of Denmark (DTU) [38].

The supporting structure used a typical jacket foundation design, with the geometric
parameters strictly adhering to real-world marine environmental conditions. The top and
bottom widths of the jacket were 12.00 m and 15.00 m, respectively, and the jacket height
was 70.15 m. The scale factor of the prototype wind turbine was calculated based on the
structural elastic similarity, the aerodynamic similarity, and the hydrodynamic similarity
theory, as shown in Table 2. The final design of the scaled model is shown in Figure 11.

Table 2. The similarity between the test model and the prototype.

Value Dimension Similarity
Relationship Scale Ratio

Length [L] λL 0.013
Density

[
ML−3

]
λρ = 1 1.00

Mass [M] λ3
L 2.4 × 10−6

Velocity
[
LT−1

] √
λL 0.11

Acceleration
[
LT−2

]
λg = 1 1.00

rotor speed
[

1
T

]
λΩ 8.66

Time [T]
√
λL 0.11

Frequency
[

1
T

]
1√
λL

8.66

Force
[
MLT−2

]
λ3

L 2.4 × 10−6
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Figure 11. An illustration of the experimental setup.

Accelerometers were installed at four locations on the device: #A1, #A2, #A3, and #A4.
These sensors recorded the tower’s acceleration in the horizontal downwind direction (FA).
The sampling frequency was established at 512 Hz, and the duration of the acceleration
records was 330 s. This study concentrates on the first two modal frequencies in the FA
direction. It used acceleration data in the FA direction as the input parameter for subsequent
algorithms. To enhance computational efficiency, the signal sampling frequency of 512 Hz
was downsampled to 128 Hz.

During the initial start-up phase of the wind turbine, the structure exhibited instabil-
ity. The acceleration responses were highly fluctuating. To avoid the influence of these
fluctuations on the identification method, only acceleration data from 50 s to 300 s were
used for modal parameter identification. Additionally, a free decay test on the model was
conducted to measure the top acceleration’s free decay curve. The fast Fourier transform
analysis of the decay curve revealed a structural fundamental frequency of 2.87 Hz [47],
which was used as the true reference value for validation.

In this study, six different operating conditions were selected for the experiments.
Each condition was tested twice to ensure the reliability and consistency of the results. The
detailed parameters of the conditions before and after scaling are shown in Tables 3 and 4.
The conditions were defined as follows:
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Table 3. The prototype conditions (pre-scaling).

Case
No. Description Wind Speed

(m/s)
Blade Pitch

(deg)
Rotor Speed

(rpm)
Water Depth

(m)
Wave Height

(m)
Wave Period

(s)

LC1 - - 0.0 0.0

61.0

1.50 9.0

LC2 - - 0.0 0.0 3.00 10.0

LC3 Steady wind and
regular wave 6.0 0.9 6.00 - -

LC4 Steady wind and
regular wave 11.4 0.0 9.60 - -

LC5 Steady wind and
regular wave 6.0 0.9 6.00 1.50 9.0

LC6 Steady wind and
regular wave 11.4 0.0 9.60 3.00 10.0

Table 4. The scaled test conditions (scale factor 1:75).

Case
No. Description Wind Speed

(m/s)
Blade Pitch

(deg)
Rotor Speed

(rpm)
Water Depth

(m)
Wave Height

(m)
Wave Period

(s)

LC1 - - 0.0 0.0

0.8

0.02 0.9

LC2 - - 0.0 0.0 0.04 1.1

LC3 Steady wind and
regular wave 0.7 0.9 51.96 - -

LC4 Steady wind and
regular wave 1.3 0.0 83.14 - -

LC5 Steady wind and
regular wave 0.7 0.9 51.96 0.02 0.9

LC6 Steady wind and
regular wave 1.3 0.0 83.14 0.04 1.1

LC1 and LC2 described the parked conditions with regular wave action only, capturing
the tower’s response to waves in the absence of wind.

LC3 and LC4 illustrated the operating conditions under steady wind only, showing
the turbine’s behavior under constant wind loading without wave effects.

LC5 and LC6 represented the operating conditions with combined wind and wave action,
reflecting realistic offshore scenarios where both forces act on the structure simultaneously.

5.2. Results of Modal Parameter Identification Using Scaled Model

The input parameters for the COV-SSI method were selected based on the acceleration
response time histories that were recorded under six different operating conditions. In the
modal parameter identification process, the key hyperparameters for the method were set
as follows: the natural frequency threshold between adjacent modes was not to exceed 0.1,
the deviation of MAC was controlled within 0.1, and the damping ratio deviation limit
was set to 50%. The model order was chosen to be within the range of 30–50 to ensure
an accurate identification of the structural modal parameters. The structural fundamental
frequency identification results for the six operating conditions are shown in Figure 12. The
stability plot and clustering results for the LC5 are shown in Figures 13 and 14, respectively.
In the stability plot, continuous stable axes are formed, each corresponding to the peak of
the power spectral density of the acceleration response. The clustering results indicate that
the 3P frequency (2.7 Hz) and the structural fundamental frequency (2.89 Hz) are accurately
identified under LC5, demonstrating a high identification accuracy.
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Figure 12. The results of the identified relevant critical frequencies in the scaled tests.

Figure 13. The stabilization plot of the modal identification under LC5.

 
Figure 14. The clustering results for the stabilization plot of LC5.

5.3. Results of Physical Parameter Identification by Improved UKF Based on Experimental Data

The improved UKF method was validated based on the experimental data. The modal
parameter identification results from LC3-LC6 were used to establish the observation space
for the parameter identification of the test tower’s elastic modulus. The tower was made of
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acrylic (PMMA, polymethyl methacrylate), with a material elastic modulus of 3.85 GPa.
The equivalent elastic modulus of the tower was also 3.85 GPa, and the initial value of
the elastic modulus was set to 3.55 GPa. Due to the limited experimental data, only the
structural operating conditions were selected for the update, resulting in eight iterations of
the tower’s elastic modulus updates. The updates of the elastic modulus and uncertainty
are shown in Figure 15. The update results show that the first two updates deviated from
the true value, which was mainly due to the large modal parameter identification errors
in LC3. However, subsequent updates converged rapidly and ultimately stabilized at
4.02 GPa, with a 4.2% identification error.

Figure 15. The update results of the tower’s elastic modulus for the scaled test.

The experimental validation results indicate that the improved UKF framework
demonstrates good parameter convergence, stable identification accuracy, and strong
robustness to disturbances within a limited number of iterations. The stable identification
errors observed in the final experimental update results are primarily attributed to mod-
eling errors and measurement errors. Modeling errors may arise from simplifications in
assumptions, uncertainties in material properties, and deviations in structural geometric
parameters. Measurement errors, on the other hand, may arise from sensor accuracy, noise
during the data acquisition process, and the influence of environmental factors. In the
future, the value of engineering applications can be further enhanced by introducing more
accurate finite element models, developing targeted noise reduction algorithms, improving
uncertainty quantification methods, and integrating multi-source data.

6. Conclusions
The traditional time-step-based Bayesian updating methods suffer from high com-

putational complexity and slow convergence, particularly when identifying parameters
under the combined wind and wave loads. This study proposes a parameter identification
method that integrates modal parameter identification with Bayesian recursive updating.
A 10 MW jacket-type OWT is used for the method validation, through both numerical
simulations and scaled-model experiments. The proposed sea-condition-based updating
method does not strictly require knowing the input load information. Its feasibility and
efficiency for structural parameter identification are also demonstrated to have significant
engineering values.

The numerical validations indicate that the improved method can rapidly converge to
the true values within a limited number of iterations. It demonstrates excellent stability
and accuracy. The validation with experimental data shows that the relative error in the
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identified elastic modulus of the tower is only 4.2%, proving the robustness of the method
with noisy measurements and numerical modeling errors.

The proposed parameter identification method succeeded in identifying the elastic
modulus of the test tower with a high convergence speed and accuracy. Future work
could be focused on the investigation of method sensitivity to noise and sensor layout,
measurement space design, and conducting in situ verifications. Beyond elastic modulus
identification, the framework could be extended to update other critical parameters. It
must be admitted that the capability of the proposed method in terms of handling more
complicated state spaces has not yet been revealed. A design of multi-dimensional state
and observation spaces and consequent algorithm modification is expected and of interest
to perform in the future.
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