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Engineering, ETH Zürich, Stefano-Franscini-Platz 5, 8093, Zürich, Switzerland
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Abstract. The rapid growth of the wind industry has resulted in larger wind turbines with
modal properties that lie in the lower frequency range, rendering accurate fatigue assessment
increasingly important. However, high uncertainty associated with the support conditions and
foundation properties can pose challenges in the condition assessment and fatigue life estimation.
One approach to improve these estimates is to use structural monitoring data (e.g. from sensors
mounted on the towers) to update the foundation parameters of offshore wind turbine models.
However, the low identifiability of the parameters to be estimated can lead to divergent estimates
across different frameworks, which, combined with uncertainty in foundation properties, can
compromise remaining useful life estimates. In this work, a Bayesian model updating framework
is applied to update the foundation parameters of an offshore wind turbine, and its results are
compared against a deterministic framework in a numerical example. The advantages of the
Bayesian framework over the deterministic framework are discussed in detail and the importance
of accurately accounting for uncertainties as part of the model updating process is highlighted.

1. Introduction
The accurate assessment of fatigue life for offshore wind turbines (OWT) often relies on
numerical models. However, due to the large uncertainties associated with foundation properties,
significant discrepancies may occur between measured and model predicted quantities of interest
[1]. To address this, a common strategy is to use in-situ sensor data (such as accelerometers
and/or strain gauges) to measure the dynamic response of turbine structures. By applying
operational modal analysis (OMA) techniques [2] on ambient vibration data (usually whilst
parked, but also during operation [3]), the modal parameters of the structure can be estimated.
These can then be compared to the model-estimated modal parameters to calibrate any uncertain
parameters. This process is commonly referred to as model updating.

Much of the work related to model updating of large scale infrastructure can be categorised
as either deterministic [4–7] or Bayesian [8–12]. The deterministic framework aims to find
the optimal set of model parameters that minimise the discrepancy between model outputs and
measurements. Beck and Katafygiotis [8] then developed a Bayesian framework that accounts for
the uncertainties present when model updating. The Bayesian framework forms a probabilistic
model for the uncertain parameters to obtain theMaxima a Posteriori (MAP) estimates, i.e., the
estimates updated using the data, and their associated uncertainty. This offers the advantage
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of evaluating the identifiability of the parameters and assessing the robustness of the model
predictions [4].

Both frameworks have been successfully applied to large scale infrastructure such as bridges
[10] and buildings [11, 12]. However, the application of these methods for identifying offshore
wind turbine foundation properties has received relatively less attention. A deterministic
framework has been applied to update the parameters of an OWT jacket foundation in [5]
and for monopile foundations in [6, 7]. In [6], the challenges that are unique to the OWT-
monopile structure are addressed and the potential for identifying the foundation parameters
is demonstrated successfully in a numerical case study. Building upon the contribution in [6],
this paper aims to identify the monopile foundation parameters within a Bayesian framework,
with the purpose of comparing and demonstrating the advantages of a stochastic approach over
deterministic model updating. The paper is structured as follows: a review of the deterministic
and Bayesian model updating frameworks is presented in Section 2, followed by a description of
the numerical wind turbine model in Section 3. The model is utilized in a numerical case study
of a 15 MW OWT to update parameters of the monopile foundation. The generation of synthetic
data is discussed in Section 4.1 before the results from the deterministic and Bayesian model
updating frameworks are compared in Section 4.2. Finally, conclusions are drawn in Section 5.

2. Model updating framework
2.1. Operational modal analysis
The measured data usually consist of the response due to ambient vibration, recorded using
accelerometers or strain gauges. However, OMA techniques [2] are often employed to identify
the modal parameters (frequencies and mode shapes) from the measured response. A widely
used OMA method is the covariance-driven Stochastic Subspace Identification algorithm, SSI-
cov [13]. The algorithm starts by constructing a covariance data matrix from the time history
response. Linear algebra techniques are then applied to this data matrix to estimate the state
matrix Âd and output matrix Ĉ, for a discrete linear time invariant system:

xk+1 = Âdxk +wk & yk = Ĉxk + vk, (1)

where yk and xk are the measurement and state vectors at time step k, respectively. wk and vk

are the process and measurement noise, which are unknown but assumed to have a zero-mean
discrete white noise structure. The notationˆ is used to represent an identified parameter and
distinguish it from model-estimated parameters defined later. Once Âd has been estimated, it

is then converted to its continuous form through: Âc = log
(
Âd

)
/dt, where dt is the sampling

time step and log denotes the matrix logarithm. The modal parameters can then be extracted
from an eigenvalue analysis on the state space matrix Âc:

ÂcΨ̂ = Ψ̂Λ̂, (2)

where Λ̂ is the diagonal eigenvalue matrix and Ψ̂ is the eigenvector matrix.
The diagonal terms in Λ̂ contain the eigenvalues λ̂i, from which the ith natural frequency in

Hz f̂i can be calculated:

f̂i =
|λ̂i|
2π

, (3)

Ψ̂ contains the corresponding eigenvectors, which can be combined with Ĉ to yield the mode
shape matrix Φ̂ in the sensor basis:

Φ̂ = ĈΨ̂. (4)
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2.2. Deterministic model updating
The deterministic approach to formulating such a framework consists of an objective function
J(θ), which evaluates discrepancies between the model predictions and the measured data. Once
OMA has been carried out on the vibration data, the objective function can be defined based
on the modal parameters. A commonly used metric to compare two mode shapes, ϕ1 and ϕ2, is
the modal assurance criterion (MAC) [14], which is also known as the cosine similarity metric:

MAC(ϕ1,ϕ2) =
|ϕ1ϕ

∗
2|2

ϕ1ϕ
∗
1ϕ2ϕ

∗
2

, (5)

where (·)∗ indicates the (complex conjugate) transpose of a vector. The MAC takes a value
between zero and one, where a MAC of one indicates that two vectors are colinear and a MAC
of zero indicates that two vectors are orthogonal.

In this work, the objective function is defined as:

J(θ) =

Nm∑
i=1

(
fi(θ)− f̂i

f̂i

)2

+

Nm∑
i=1

(
1−MAC(ϕi(θ), ϕ̂i)

)
, (6)

where fi(θ) and ϕi(θ) are the ith model predicted frequency and mode shape respectively, for

a chosen realization of the parameters θ. f̂i and ϕ̂i are the ith identified frequency and mode
shape. Nm is the total number of modes identified from the data.

The updated parameter estimates θopt are those which minimise the objective function J(θ):

θopt = argmin
θ

J(θ). (7)

2.3. Bayesian Model Updating
Beck and Katafygiotis [8] were among the first to use a Bayesian model updating framework
for civil structures. This probabilistic framework utilises prior information and updates it as
new data become available, resulting in a posterior distribution for the uncertain parameters.
Equation 8 presents this mathematically, where θ is a set of uncertain model parameters from
the joint model class, M, and d̂ is the measured data.

p(θ|d̂,M) =
p(d̂|θ,M)p(θ|M)

p(d̂|M)
. (8)

In Equation 8, p(θ|d̂,M) is the posterior distribution, p(d̂|θ,M) is the likelihood, p(θ|M) is

the prior distribution and p(d̂|M) is the evidence.

For a fixed model class and given data set, p(d̂|M) is independent of θ and can be considered
as a constant which ensures that the posterior probability density function (PDF) integrates to
one.
p(θ|M) takes into account any previously acquired knowledge about the uncertain parameters

θ, before measurements have been observed. The prior is often chosen based on expertise or
engineering judgement. Common approaches for selecting p(θ|M) include the use of the principle
of Maximum Entropy [12] or conjugate priors [15].

p(d̂|θ,M) is used to determine how well the measured data agree with the model predictions
and can be considered as the Bayesian counterpart to the deterministic objective function. To
formulate p(d̂|θ,M), a probabilistic model must be assumed to represent the prediction error
between the model outputs and the measurements. Similarly to the deterministic objective
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function, the prediction error can defined in terms of the modal data. In this work, the following
prediction error vector was considered: η = {ηf ;ηϕ} ∈ RNm(No+1).

ηf = f(θ)− f̂ ∈ RNm & ηϕ = ϕ(θ)− ϕ̂ ∈ RNmNo .

Nm is the number of modes and No is the number of mode shape components.
The probabilistic model for the prediction error is commonly assumed to be a Gaussian

distribution with zero mean so that the likelihood function can be defined as:

p(d̂|θ,M) ∝ det(Σ)−1/2 exp(−1

2
ηTΣη). (9)

In this work, it is assumed thatΣ = ΣG+ΣD, whereΣG andΣD are the model and measurement
covariance matrices, respectively. Furthermore, all frequencies and mode shape components are
assumed to be uncorrelated so that that Σ is a diagonal matrix. Although this formulation
accounts for both measurement and modelling uncertainties, it can be viewed as a limitation of
the framework to group them together. This is because only the total error can be identified,
making it difficult to differentiate between the two types of uncertainty [12].

The SSI-cov algorithm has been extended in [13] to estimate the uncertainty associated

with the identified frequencies and mode shapes: Cov
(
f̂i

)
and Cov

(
ϕ̂i

)
. In this work, these

covariances were utilised to define the diagonal terms of ΣD.
ΣG is defined by a set of parameters θG, which are updated alongside the structural

parameters θM , so that the set of probabilistic model parameters to be updated becomes
θ = {θM ;θG}. The standard deviation for the ith frequency and mode shape is assumed

to be proportional to the ith identified frequency f̂i and mode shape ϕ̂i:

σf,i = σf f̂i & σϕ,i = σϕ∥ϕ̂i∥ (10)

where σf and σϕ are unknown dimensionless parameters to be updated. The model frequency
and mode shape variances, σ2f,i and σ

2
ϕ,i, are then set to the corresponding diagonal entries in

ΣG. In order to keep the number of updating parameters to a minimum, σf and σϕ are assumed
to be equal (i.e., σ = σf = σϕ).

Evaluating p(θ|d̂,M) typically involves solving complex high-dimensional integrals.
Therefore, a common approach to compute the posterior is to use sampling methods, such
as Markov Chain Monte Carlo (MCMC) methods, nested sampling, or Transitional MCMC
(TMCMC) [16,17].

Mode shape normalisation
It is shown in [6], that when the normalisation scheme presented by Fillod [18], termed complex
normalisation, is applied to a damped mode shape (whether proportionally or non-proportionally
damped), the result is a good approximation of the corresponding undamped mode shape.
Therefore, in this work, complex normalisation (Equation 11) is applied to compare the mode
shapes:

ϕ̄
C
= Re

(
ϕd

ϕd,i

)
, (11)

where ϕ̄
C
is the complex normalised mode shape, which approximates the damped mode shape

ϕd. The index, i, corresponds to the mode shape component that maximises |ϕd,i|.

3. Simscape wind turbine model
In this section, an overview of the OWT model is described. The coupled hydro-aero-elastic
model was developed in Matlab/Simulink and is based on the IEA Wind 15-MW reference
turbine [19] with a monopile foundation. In Section 4 this model is used for both synthetic data
generation and for updating the foundation parameters of a parked OWT.
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3.1. Tower, monopile and blade modelling
The tower and monopile are modelled using ten uniform cylindrical Euler-Bernoulli beam
elements each. Figure 1 shows the main dimensions of the wind turbine model. Both the
monopile and tower are made from steel with elastic modulus and Poisson’s ratio equal to
210GPa and 0.3 respectively. The monopile extends from ground level to 15m above the mean
water level with density 7850 kg/m3. The tower then sits on top of the monopile and extends
to 145m above the mean water level with density 8500 kg/m3. The diameter and wall thickness
distributions can be found in the reference document [19].

The blades are also modelled using beam elements. Due to their complex shape, the
flexible beam elements are defined by reduced order mass and stiffness matrices. Based on
the blade mass, stiffness and inertia distributions defined in [19], Euler-Bernoulli beam theory
was used to assemble the full stiffness and mass matrices for each blade element. Craig-Bampton
reduction [20] was then applied to obtain the reduced order mass and stiffness matrices with
two modes retained per element. Each blade had a total of six reduced order elements.

Figure 1. Overview of 15MW
offshore wind turbine with tower
accelerometers.

Figure 2. Coupled springs
foundation representation.
vg and ψg are the ground
level displacement and rota-
tion, respectively.

3.2. Foundation modelling
The foundation is modelled using a linear elastic coupled spring foundation, which consists of
translational k11, rotational k22 and cross-coupling k12 springs, as shown in Figure 2.

In Section 4, the three coupled spring stiffness constants are considered as uncertain model
parameters and are updated within the frameworks described in Section 2. However, to generate
synthetic data for a numerical case study, the following baseline stiffness matrix K0 was defined:

K0 =

[
0.098 0.678
0.678 8.238

]
× 1011 N/m. (12)

3.3. Calculation of the model estimated modal parameters
To calculate the modal parameters, the Simulink model is linearised about a steady-state
operating point to generate a continuous-time state-space model:

ẋ = A|op x+ B|op u, & y = C|op x+ D|op u, (13)

where x is the state vector, u is the input vector, y is the output vector, and ˙ indicates a
time derivative. The matrices A|op , B|op , C|op ,D|op , represent the state, input-state, output
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and feed-through matrices, respectively. The subscript op indicates that these matrices are
evaluated with respect to a specific operating point. Once A|op and C|op have been obtained,
the model-estimated modal parameters can be calculated using Eqs. 2-4.

4. Numerical example: application to a parked 15MW wind turbine
In this section, the two model updating frameworks described in Section 2 are applied to update
the uncertain coupled spring foundation parameters using the model outlined in Section 3. First
the generation of synthetic data is discussed before presenting the results from OMA and model
updating.

4.1. Synthetic data generation and OMA results
Synthetic data was generated with the foundation stiffness set to K0 and the turbine in a parked
configuration, i.e., locked rotor and blades pitched to 90 degrees. A turbulent wind field was
generated using Turbsim [21] and then applied to the Simscape model, defined by a mean wind
speed at hub height equal to 2 m/s and a turbulent intensity of 10%. Additionally, unidirectional
wave loading was applied which was calculated based on a JONSWAP spectrum [22] with
significant wave height, Hs = 3.5m, and peak wave period Tp = 8 s. The wind and waves
were assumed to be aligned and applied in the fore-aft direction (i.e. yaw angle equal to zero).

Simulations were run for 750 seconds with the first 150 seconds discarded to remove any
transient effects, resulting in a ten minute data set. Four bi-axial accelerometers in the fore-aft
(FA) and side-side (SS) directions were used to measure the response along the wind turbine
tower, as shown in Figure 1. Then to replicate the noise that exists in practical sensors, the
acceleration time histories were corrupted by random Gaussian noise with a standard deviation
equal to 3% of the RMS value of each signal.

For a reasonable comparison between the identified and model estimated modal parameters,
the model should be linearised about an operating point that is representative of the conditions
for which the data is recorded. Therefore, the model estimated modal parameters were calculated
about the steady state operating point corresponding to a constant 2m/s wind field in still water.

OMA was carried out on the eight acceleration signals using SSI-cov, to identify the modal
parameters. Table 1 lists the frequencies of the identified modes and compares them with the
corresponding model frequencies evaluated at K0. It can be seen that there is minimal error
between the model estimated and identified frequencies. Table 1 also provides a comparison
between the model and identified mode shapes using the MAC values (Equation 5). From Table
1, all modes apart from 1 and 4 have MAC values close to one, indicating that the mode shapes
have been accurately identified. However, for modes 1 and 4, which correspond to the only side-
side tower modes, the MAC values are much lower, suggesting poor identification of these mode
shapes. This is a practical issue related to applying system identification methods to quasi-
axisymmetric structures, such as OWTs and has been discussed in detail in [6]. It should be
noted that although these mode shapes have been poorly identified, the associated uncertainty
estimated using SSI-cov is higher for these modes than the accurately identified modes. This is
taken into account within in the Bayesian framework but not in the deterministic approach.

4.2. Model updating results
In this section, the results from application of both the deterministic and Bayesian model
updating frameworks are presented. The model from Section 3, is used to estimate the properties
of the coupled spring foundation parameters: θM = {k11; k22; k12}.

The deterministic problem was solved using MATLAB’s fminsearch optimisation algorithm
[23], to minimise the objective function shown in Equation 6. The optimisation algorithm
requires an initial starting point Kinit. In order to explore the impact of the initial search
point, three initial values were considered, defined by a scalar γinit, where Kinit = γinitK0.



XII International Conference on Structural Dynamics
Journal of Physics: Conference Series 2647 (2024) 112008

IOP Publishing
doi:10.1088/1742-6596/2647/11/112008

7

Table 1. Comparison between identified and model modes evaluated at K0. SS refers to a
side-side tower mode and FA refers to a fore-aft tower mode.

Mode

No.

Dominant tower

direction

Model frequency

[Hz]

Identified frequency

[Hz]

Relative frequency

error [%]

MAC

[-]

1 SS 0.1573 0.1567 0.37 0.038

2 FA 0.1587 0.1586 0.11 0.999

3 FA 0.6284 0.6279 0.08 1.000

4 SS 1.0898 1.0890 0.08 0.309

5 FA 1.1064 1.1054 0.09 1.000

6 FA 1.8298 1.8257 0.22 0.988

7 FA 2.5729 2.5854 0.48 0.998

8 FA 3.8598 3.8637 0.10 1.000

9 FA 5.7920 5.7667 0.44 0.999

10 FA 10.2769 10.2588 0.18 1.000

11 FA 12.1961 12.2060 0.08 0.996

The Bayesian posterior distributions were obtained by generating 100 000 samples using the
TMCMC algorithm. The likelihood was defined using Equations 9-10. Uniform priors were
assumed for all updating parameters, where the structural parameters (k11, k22, k12) are
bounded between 0.25 and 4 times their nominal values. The model uncertainty parameter
σ is bounded between 0 and 0.1.

Deterministic vs Bayesian model updating
Table 2 shows the optimal deterministic estimates θopt, as well as the MAP estimates θMAP from
the Bayesian framework. Associated with each deterministic estimate is the objective function
value J(θopt). Comparing θopt against θMAP reveals that the Bayesian estimates are closer to
the true parameter values than the deterministic results. Figure 3 shows the updated posterior
distribution for the foundation parameters and the model uncertainty parameter σ. The narrow
posterior distributions centered close to the true parameter values indicate the identifiability of
the foundation parameters for this case. Moreover, the joint posterior distributions in Figure
3 allow for the assessment of the parameter correlation. The results show a strong positive
correlation between each of the foundation parameters, as expected. In contrast, it is difficult
to assess the identifiability of the deterministic results since the parameter uncertainty is not
quantified.

To assess the robustness of the deterministic results, the optimisation algorithm was repeated
with various initial values to check for consistent estimates of θopt. Table 2 presents the results
for three different values of γinit, which indicate that depending on γinit, different optimal
parameter estimates are obtained. This implies that the objective function comprises multiple
peaks. By comparing the objective function value at the optimal parameter estimates J(θopt),
the solution using γinit = 1 tends to yield the global minimum, whereas local minima were
obtained otherwise. While the global minimum produces the most accurate (deterministic)
parameter estimates for this example, due to modelling and identification errors, this may not
be the case generally and makes it difficult to trust the deterministic results. On the other
hand, Figure 3 shows that the Bayesian framework results in a posterior distribution with a
single peak. This observation can be attributed to two factors. Firstly, unlike the deterministic
approach that uses the MAC to compare mode shapes in the objective function, the Bayesian
approach compares each mode shape component individually in a vector-based approach and
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Figure 3. Posterior distributions for the foundation parameters (k11, k22, k12) and model
uncertainty parameter (σ). k11, k22 and k12 have been normalised by their true values.

also assumes a Gaussian likelihood function. Secondly, due to the measurement uncertainty in
the Bayesian framework, less weight is assigned to the poorly identified modes, thus reducing
their influence on the results. In contrast, the deterministic approach assigns the same weight
to all modes.

Finally, the Bayesian framework allows for quantification of the joint model uncertainty
through updating the parameter σ. The joint model uncertainty reflects the combined error in
the numerical model and the probabilistic model for the prediction error. In this case, the same
numerical model is used for both synthetic data generation and model updating. Therefore, since
there is no error in the OWT model, σ should only reflect the uncertainty in the probabilistic
model for the prediction error. Table 2 and Figure 3 show that the updated distribution for σ
is extremely low. A low value for σ indicates that the measurement uncertainty is accurately
estimated from SSI-cov and the modelling error is negligible, as expected.

Table 2. Updated deterministic and Bayesian parameter estimates. Deterministic results
corresponding to the global minimum of the objective function J(θopt) are shown in bold.

Deterministic results Bayesian results

γinit [-]
θopt Percentage errors

J(θopt) [-]
θMAP Percentage errors

σ [-]
k11 [%] k22 [%] k12 [%] k11 [%] k22 [%] k12 [%]

0.25 5.91 -47.6 -16.7 2.027

2.83 3.9 5.42 3.24× 10−61 -8.84 11.32 -7.09 1.66

4 222.79 336.52 366.4 1.84

5. Conclusions
This work compares deterministic and Bayesian model updating methods for identifying the
coupled spring foundation parameters of the IEA-15MW reference turbine in a numerical
example. The deterministic objective function in [6] was used and the results were compared to
a Bayesian framework that has been widely applied to bridge and building structures but has not
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yet been applied to identify OWT foundations. Based on the results, the following conclusions
were drawn.

The Bayesian MAP estimates were closer to the true parameter values and more identifiable
than the deterministic estimates. This was attributed to the Bayesian approach comparing
mode shape components, assigning less weight to poorly identified modes, and allowing for
quantification of model uncertainty through the parameter σ.

The posterior probability distributions obtained from the Bayesian framework were used to
assess the identifiability and the correlation of the parameters. In contrast, the identifiability of
the deterministic results was difficult to assess and the significantly different optimal parameter
estimates obtained from varying the initial search point highlights the challenges associated with
the deterministic method.

Overall, the results demonstrate several advantages of the Bayesian framework over the
deterministic approach. The results discussed in this work were based on a numerical case
study which does not consider any modelling bias. Therefore, future research will investigate
the impact of modelling errors on the identifiability of the foundation parameters.
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