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ABSTRACT 

Population-based structural health monitoring (PBSHM), aims to share information be- 
tween members of a population. An offshore wind (OW) farm could be considered as a 
population of nominally-identical wind-turbine structures. However, benign variations 
exist among members, such as geometry, sea-bed conditions and temperature differ- 
ences. These factors could influence structural properties and therefore the dynamic 
response, making it more difficult to detect structural problems via traditional SHM 
techniques. 

This paper explores the use of a hierarchical Bayesian model to infer expected soil 
stiffness distributions at both population and local levels, as a basis to perform anomaly 
detection, in the form of scour, for new and existing turbines. To do this, observations of 
natural frequency will be generated as though they are from a small population of wind 
turbines. Differences between individual observations will be introduced by postulating 
distributions over the soil stiffness and measurement noise, as well as reducing soil depth 
(to represent scour), in the case of anomaly detection. 

INTRODUCTION 

The design of offshore wind (OW) turbine towers and foundations is driven by fatigue 
and extreme loading concerns [1]. To minimise fatigue damage, the resonance frequen- 
cies of the dynamic structure must be avoided, to prevent amplification of the response 
to external forcing [2]. These forces predominantly come in the form of wind and wave 
loading in the natural environment, and forces from the rotation of the blades, at both 
the rotational speed (1P) and three times the rotational speed (3P). Excitation from the 
1P frequency is associated with mass imbalance in the blades; with the 3P frequency it 
is associated with the blade-passing frequency of the tower, causing a shadow effect [3]. 
Typically, the first natural frequencies of the structures are designed to lie between the 
1P and 3P frequencies, as a compromise between steering clear of environmental load- 
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ing, and the cost of additional structural material for stiffness [4]. Careful consideration
must therefore come in the design stage of wind-turbine foundations, to avoid resonance
frequencies coinciding with the frequencies of the sources of excitation.

An OW farm could be considered as a homogeneous population of wind-turbine
structures. However, from the point of view of their dynamic response, variations exist
between members of the population; this includes possible variations in the soil profile
across the wind farm, influencing the effective stiffness of the foundation support. Fur-
thermore, perhaps more benign environmental variations also exist, such as in temper-
ature, wave and wind conditions or physical geometry from manufacturing tolerances.
According to a study by Sørum et al. [5], dynamic response uncertainties related to wind
conditions dominate in the tower top, while uncertainties in the wave and soil models
dominate in the tower base and monopile. Given the relatively-narrow frequency band
in which the first natural frequency should lie, minimising uncertainty in the modelling
of dynamic response is important to reduce the likelihood of fatigue damage in opera-
tion. Furthermore, from the point of view of performing SHM, any uncertainties that
do remain in the expected dynamic response may make identification of damage that in-
fluences the structural properties more challenging. For example, a significant problem
in the operation of wind farms is the scouring of sediment around monopile founda-
tions at the interface between seawater and sea bed; this in effect reduces the embedded
depth of the monopile, which, in turn, reduces the stiffness of the support [6, 7]. As a
consequence, the dynamic response of the entire structure is affected. However, if the
reduction in natural frequency is within the expected variance in the dynamic response
of an individual structure, it may go undetected.

This work adopts a hierarchical Bayesian modelling approach (recently used in the
application of PBSHM [8, 9]), to develop population and individual turbine-level dis-
tributions for the natural frequency of the first bending mode of the structures, which
share a level of information between each other. Observations of the natural frequencies
are generated via a finite element model of the structure, using soil stiffnesses from pre-
defined distributions as inputs. Approximations of these stiffness distributions are then
recovered using the observations of natural frequency within the hierarchical model, and
are used as a basis for anomaly detection for new natural frequency measurements.

FE MODEL CONSTRUCTION

A finite element (FE) model was constructed to model the dynamic response of a wind-
turbine structure, with geometry and material properties based on the widely studied
NREL 5MW reference turbine [10]. Timoshenko beam elements [11] were used in a
tubular construction for the monopile and tower, with a lumped mass placed at the top
to represent the mass of the nacelle, rotor and blades. For simplicity, the transition piece
was not modelled (normally used to mate the monopile to the tower), with the cross-
sections of the monopile and tower joined and effectively modelled as a single beam.

A Winkler foundation was adopted to model the soil structure interaction (SSI), using
a series of springs to resist lateral movement (known as p-y springs), and a spring at the
base of the foundation to resist axial movement (known as a q-z spring) [12]. This
method was chosen, as the concept of scour can be intuitively modelled by removing



springs near the surface of the soil, and reducing the effective depth of the remaining
springs. It is also relatively simple to implement, and is the currently-used method by the
OW industry, in the DNV-OS-J101 standard for the design of OW turbine structures [13].
Figure 1 shows the setup of the FE model, and how it relates to the environment in which
it operates.

In this initial approach, a linear spring stiffness was used that did not vary with soil
depth for simplicity and to demonstrate the methodology. To model the influence of
seawater on the dynamic response of the overall structure, an added-mass technique was
used as in [14]; this arises from the submerged body being able to impart acceleration
to the surrounding fluid [15]. Additional components on the steel tower were also ac-
counted for, such as bolts and flanges, by modelling the density of the steel tower as
8500 kg/m3 - as in NREL’s 5MW reference turbine [10].

To give confidence in the FE model results and to be comparable to a known struc-
ture, the bending-mode natural frequencies of the tower and nacelle section, fixed at the
base (i.e. not including the SSI), were first compared against the NREL 5MW reference
turbine [10] and were found to be consistent. Secondly, including the monopile and
Winkler foundation model, the soil stiffness was then tuned to be similar to the bending-
mode natural frequencies determined in Zuo et al. [14].

HIERARCHICAL BAYESIAN MODEL

The explanation here follows the description provided by Bull et al. [8]. Consider struc-
tural data, recorded from a population of K similar wind turbines in comparable soil

Figure 1. FE model construction in relation to the offshore environment.



conditions. The population data can be denoted,

{xk,yk}Kk=1 =
{
{xik, yik}Nk

i=1

}K

k=1
(1)

where yk is a target response vector for inputs xk and {xik, yik} are the ith pair of ob-
servations for turbine k. There are Nk observations for each turbine and thus ΣK

k=1Nk

observations in total.
Models that include both shared parameters learnt at the population level (often re-

ferred to as fixed effects), and random effects which vary between groups/subfleets (K),
are known as partially-pooled hierarchical models. In contrast, a no-pooling approach is
where each sub-fleet has an independent model, whereby no statistical strength is shared
between domains. In the OW setting, whilst some older wind turbines may have a rich
history of data, newer wind turbines may not, and so independent models may lead to
unreliable predictions. On the other end of the spectrum, a complete-pooling approach
considers all population data from a single source [9]; this may lead to poor generalisa-
tion, particularly when there are significant differences between individual or groups of
wind turbines (wind farms). Hierarchical (partial-pooling) models represent a middle-
ground which can be used to learn separate models for each group while encouraging
task parameters to be correlated.

In this work, the hierarchical model was used to learn a global distribution over the
turbine soil stiffnesses and assumed the soil stiffness associated with each foundation
was a sample from this shared global distribution; these values were used as inputs to
a predetermined polynomial function, that mapped foundation soil stiffness to the natu-
ral frequency of the first bending mode. The polynomial function is a surrogate for the
mapping of the FE foundation model from which it was fitted for efficiency of compu-
tation during the sampling; this was performed using the Monte Carlo Markov Chain
(MCMC) method, via the no U-turn (NUTS) implementation of Hamiltonian Monte
Carlo (HMC) [16].

The following explanation describes the setup of the model. The likelihood for the
model is, {

{ωik}Nk

i=1

}K

k=1
∼Normal

(
f(exp(sk)), γ2

)
(2)

where ωik is the first natural frequency of the ith observation and the kth turbine, f the
polynomial function approximating the FE model, and γ representing natural frequency
measurement error. Following the Bayesian methodology, one can set prior distributions
over the stiffnesses, sk, for each turbine:

{sk}Kk=1∼Normal

(
ln

(
µs

2√
µs

2 + σs
2

)
, ln

(
1 +

σs
2

µs
2

))
(3)

µs ∼ Normal
(
µµ, σ

2
µ

)
(4)

σs ∼ HalfCauchy (0, βσ) (5)

Note that the mean and standard deviation in equation (3) and the exponent in equation
(2) are formulated in this way to avoid negative stiffnesses being possible, whilst main-
taining intuitive understanding of the individual parameters. Equation (4) shows that the



prior expectation of the population-level stiffness is also normally distributed, with mean
µµ and standard deviation σµ. Equation (5) shows that the prior standard deviation σs of
the population-level stiffness is HalfCauchy distributed with scale parameter βσ,

γ∼HalfCauchy (0, βγ) (6)

Finally, the standard deviation of ωik, γ, is HalfCauchy distributed, with scale pa-
rameter βγ . Gelman et al. [17] recommends the use of HalfCauchy distributions for pop-
ulation variances, as their heavy tails bring a robustness against outliers to the model, as
well as efficiency during the inference and sampling process. A graphical model depict-
ing the hierarchical structure can be seen in Figure 2. Latent and observed variables are
depicted as unshaded and shaded circled nodes respectively, with the plates indicating
multiple instances of their containing nodes. The uncircled parameters are the constants
used in the prior distributions.

DATASET GENERATION

In this initial approach, the dataset (i.e. observations of the first natural frequency) was
generated in conjunction with the FE model of the wind-turbine foundation. Distribu-
tions were placed over global stiffness expectation and variance, which were used to
sample K local stiffness expectations and variances. For each k, N stiffness realisations
were then drawn, and passed through the FE model to generate natural frequency obser-
vations. Finally, these observations were corrupted by independently sampled Gaussian
noise from a normal distribution, with mean zero and standard deviation equal to 10−4.
The first four of five structures were given 10 observations, whilst the final structure was
given just two, to emulate a new structure with limited data. This created an imbalanced
dataset with a total of 42 observations. Figure 3 shows these observations used in the
analyses, where the red triangles show the fifth (new) structure with limited data.

PRELIMINARY RESULTS AND DISCUSSION

As is typical, due to the high computational demand of the FE model, it was infeasible
to incorporate it directly as the mean function within the probabilistic model. Instead, a
surrogate 5th-order polynomial function was used that closely matched the relationship

ωiksk

µs

σs

µµ

σµ

βσ

γ βγ

i ∈ 1 : N

k ∈ 1 : K

Figure 2. A graphical model representing the hierarchical model with partial pooling.



Figure 3. Generated natural frequency observations for five turbine structures.

between the input soil spring stiffness per unit length, and the natural frequency of the
first bending mode. Specifically, this was fitted to the range of soil spring stiffnesses
between 107 and 5×107 N/m (per unit length), which was deemed a reasonable magni-
tude of range at this stage. The MCMC sampling was then carried out using four chains,
each with 2000 warm-up samples, followed by a further 2000 samples. The warm-up
samples were discarded to diminish the influence of starting values [18]. Density plots
for the further 2000 samples for each chain are shown in Figure 4, representing the in-
ferred distributions of the parameters. The vertical dashed lines mark the true expected
values of the distributions used in generating the data.

It can be seen that the sampling appears to have stabilised with all four chains (shown
by each line style) producing very similar results across all parameters. Given that the
higher level model is learnt with only observations at the bottom level, the modes of
the posterior distributions are relatively close to their expected values. The variance
of soil spring stiffness for the fifth structure (shown in red) is also comparably larger,
as expected, due to fewer data points to learn from. In all cases, the variances of the
distributions are considerably smaller than those in the prior beliefs that were placed on
each parameter. These observations give confidence that the algorithm is working as
expected. On real wind turbine structural data, this could give greater confidence in soil
parameters that could aid in the design process of wind-turbine structures in comparable
ground conditions.

As an example of how the posterior distributions of the stiffness could be used for
anomaly detection, Figure 5 shows the posterior natural frequency for the third structure
in yellow, computed from the stiffness samples of the posterior via the FE model. The
vertical dashed lines represent the averages of five samples including five different levels
of scour in 10 centimetre increments, modelled by reducing the length of the monopile



Figure 4. Density plots showing the posterior samples for each chain, for the learned
parameters. Vertical dashed lines indicate the expected values used in generating the
data. Black lines indicate population-level parameter posteriors while the coloured lines
(for sk) represent each turbine k in 1 : K.

which the springs acted upon. In this case, it can be seen that the scour depths of 30
cm and 40 cm result in natural frequencies in regions of very low posterior density. In a
real scenario, observing frequencies in an equivalent region could give an indication that
there is enough scour present to reduce the natural frequency below the expected range
for the soil conditions. It is important to note, however, that at this stage other sources
of uncertainty, such as wind and wave loading, and more realistic non-linear modelling
of the soil stiffness have not yet been incorporated.

CONCLUDING REMARKS

A hierarchical Bayesian model has been constructed to model the expected first bend-
ing natural frequency of a small population of wind-turbine structures, considering the
uncertainty in soil stiffness. This method shows that a priori beliefs on the uncertainty
in soil stiffness can be updated based on observations of natural frequency, which could
help inform future structural design in areas with comparable soil conditions, or be used
as a basis for more robust anomaly detection. Future work should consider wider sources
of uncertainty for natural frequency measurements. These include modelling the soil
stiffness as non-linear, and increasing the stiffness with depth. The stochastic nature of
wind and wave loading could also be explored, which influences structural deflection,
and therefore stiffness in the non-linear case.



Figure 5. Average natural frequency of five samples for increasing levels of scour depth,
in comparison to the posterior distribution of natural frequency for the third structure.
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