
Wind Energ. Sci., 10, 2889–2901, 2025
https://doi.org/10.5194/wes-10-2889-2025
© Author(s) 2025. This work is distributed under
the Creative Commons Attribution 4.0 License.

Population-based structural health monitoring:
homogeneous offshore wind model development

Innes Murdo Black1, Moritz Werther Häckell2, and Athanasios Kolios1

1Department of Naval Architecture, Ocean and Marine Engineering, University of Strathclyde,
16 Richmond St, Glasgow, G1 1XQ, Scotland

2Ramboll, Jürgen-Töpfer-Straße 48, 22763 Hamburg, Germany

Correspondence: Innes Murdo Black (innes.black@vattenfall.com)

Received: 4 October 2022 – Discussion started: 10 October 2022
Revised: 30 June 2023 – Accepted: 13 July 2023 – Published: 8 December 2025

Abstract. Population-based structural health monitoring (PBSHM) involves transferring knowledge from one
structure to a different structure so that predictions about the structural health of each of the members of the
population can be inferred. One of the most important aspects of PBSHM involves using the information on the
source domain structure and the target domain structure to create an effective classifier. Domain adaptation is a
subcategory of transfer learning that can create a general classifier using both the source and the target domain
structures to create an enhanced overall classifier of the entire population. This paper presents a novel domain
adaptation model for PBSHM in offshore wind.

1 Introduction

Moving beyond detecting damage on a single structure to
diagnosing damage in an entire population raises the issue
of acquiring data relating to each of the structures. One of
the main concerns with this is the large cost associated with
obtaining the information necessary to determine any dam-
age to the structures. Population-based structural health mon-
itoring (PBSHM) seeks to reduce this cost by developing
methods that share the information between the structures.
The concept of PBSHM is introduced in Bull et al. (2021),
Gosliga et al. (2021), and Gardner et al. (2021). If the pop-
ulation of the structures is homogeneous, where the struc-
tures are nominally identical, then it may be possible to es-
tablish a general model that is common across all structures.
Conversely, even if the models are heterogeneous, dissimi-
lar structures, it may be possible to transfer select types of
damage across the structures. The most promising technol-
ogy that will allow for this transfer of information is found
in the machine learning discipline of transfer learning.

The standard of similarity between the structures is indica-
tive of the level of knowledge transfer between the structures.
This can be achieved through quantifying how the structures

are similar and where the similarities lie. This determines
what type of machine learning approach is necessary. For this
study, the geometry, topology, operation, and material of the
offshore structures are the same. The main observation from
this is that the population is of a strong homogeneous nature.
Within a strongly homogeneous population, all the structures
have the same material, geometry, and topology (this refers
to the components for all the parts in the structure). This im-
plies that all the structures are the same model and are made
in the wind farm. The variation within the wind farm is due
to the operational state, the location of the wind turbine, and
manufacturing defects.

The five references provided focus on the area of renew-
able energy and the challenges in and solutions of imple-
menting transfer learning. Y. Li et al. (2021b) propose a
strategy to tackle small datasets using parameter-based trans-
fer learning. The authors suggest a new model based on
transfer learning for wind turbine diagnosis with small-scale
data. The model can take the operational information from
other wind turbines into account. Chen et al. (2021) pro-
pose a framework using unsupervised TrAdaBoost learning
on SCADA (supervisory control and data acquisition) data
for WT (wind turbine) fault diagnosis. The main observation
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is that TrAdaBoost shows its superior performance in deal-
ing with data imbalance and different distributions. Gardner
et al. (2022) focus on the application of machine learning al-
gorithms for structural health monitoring and highlight the
importance of domain adaptation in improving the perfor-
mance of these algorithms. The authors propose a hybrid
machine learning model that shows improved performance
in several populations of experimental and numerical struc-
tures. Schröder et al. (2022) introduce a transfer-learning-
based approach to include physics into data-driven normal
behaviour monitoring models. An artificial neural network
with an auto-encoder is used in this study to examine 1 month
of raw SCADA data. Jamil et al. (2022) propose a control
strategy for deep transfer learning for fault detection on ro-
tating machinery. The paper applies integrated signal pro-
cessing to vibration signals. The main observation is that the
performance is significantly improved by reducing negative
transfer, and less data are required using this technique in-
stead of standard deep learning.

The motivation for this study is to provide a solution for
low-cost monitoring, where only a few wind turbine gener-
ators (WTGs) are instrumented with sensors as opposed to
the entire fleet. A low-cost monitoring strategy for offshore
wind can provide numerous benefits to wind farm develop-
ers and operators. Implementing a cost-effective monitoring
system can reduce the overall cost of monitoring and in-
crease the reliability of the wind farm. The real-time data
provided by a low-cost monitoring system can also aid in
the early detection of performance issues and prompt mainte-
nance, resulting in reduced downtime and improved mainte-
nance practices. The monitoring data can also be used to bet-
ter understand the wind resource and its variability, leading
to improved wind farm design and operation. Furthermore,
real-time monitoring can provide early warning of potential
safety issues, improving safety for workers and maintenance
personnel on offshore wind farms. The consequence of a low-
cost monitoring strategy is that assumptions will have to be
made on structures that are not instrumented, so the low-cost
technique is developed based on a general classifier as ap-
posed to individual models for a monitoring strategy that has
the entire wind farm instrumented.

This work focuses on the case of strong homogeneous
transfer, with four different machine learning models un-
der consideration. Three models employ supervised domain
adaptation techniques, a subcategory of the transfer learning
branch, and the last model uses ensemble learning. Transfer
learning is an approach with the purpose of improving the
performance of the learner by transferring between different
domains. Domain adaptation assumes that there are labelled
data in the source domain that can be utilised to aid in the
regression of the target domain by mapping the two domains
into a common latent space on which the data distributions
are coincident. There are assumptions of domain adaptation,
where the input and output feature dimensions are consistent
in the source and target domain. This means that structure

one must have the same features as structure two in the wind
farm. The former method of using an ensemble technique
aims to improve the final prediction by grouping the views
from the regression models and reaching a consensus.

2 Background

PBSHM involves mapping data and labels from different
structures within the population so that a general classifier
can be inferred across the entire population. As a result, as-
set management can potentially be performed digitally for
any individual in the population. This section intends to de-
fine applicable forms of PBSHM.

For PBSHM it is pertinent to define the contextual dif-
ference between homogeneous and heterogeneous popula-
tions. This syntax is borrowed from graph theory where the
names clearly explain how structures can be represented by
attributes. To determine whether two systems are similar
enough for knowledge transfer, it is unpracticable to consider
every property or dimension of the structure; for example,
comparing the geometric similarity of two structures using
3D, finite-element (FE), or computer-aided design (CAD)
models of the structure directly would be computationally
inefficient. For this study’s desired goal, it is more efficient
to consider only the properties and dimensions that have a
significant effect on the transferability of knowledge.

Differences within the population occur for a magnitude
of reasons, and structures are deemed different due to various
properties. This can lead to groups of heterogeneous popula-
tions. The aspects of homogeneity are visualised in Fig. 1.
This approach will highlight the four main sources of differ-
ences within a structure, namely geometry, topology, mate-
rial, and operation:

– Geometry links to the shape and size of the structure
within the population.

– Topology depicts the construction, connection, and lo-
cation of the components in the structure.

– Material relates to the different material classes and
specific materials with the associated properties for the
structure in the population.

– Operation refers to the different states the operator can
curtail the asset to.

Adapting the definitions from graph theory for PBSHM,
where a topologically homogeneous population is defined as
a group of structures where the geometry σm and the ma-
terial σm properties for the nodes and edges of the associ-
ated graph can be taken from the base distribution p(σm), the
probability mass of the distribution p(σm) defines the small
differences between the individuals within the population. A
strong homogeneous population would have a unimodal dis-
tribution with low dispersion for the geometrical, topologi-
cal, and material properties. With the strictest, perfect form
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Figure 1. Categories of heterogeneous populations within the PB-
SHM framework. In the centre, all four categories are alike to a suf-
ficient degree, indicating that a homogeneous population exists. It is
noted that all four attributes can influence each other separately to
create independent heterogeneous populations. Adapted from Gard-
ner et al. (2021).

of homogeneous composition, the underlying distribution of
the population is identical. The latter is uncommon, but this
assumption can be made if you want to apply conventional
machine learning (ML) methods trained on one structure to
another structure. Applying these conventions to the popula-
tion and categorising the individuals within the populations
help to determine the difficulty of transferability.

Notable differences in the observable data may occur
outside the structural properties of the individuals within
the population beyond the categories previously discussed.
These differences relate to how the data acquisition and any
processing to obtain the features are conducted. A classic ex-
ample of this would be sensor placement. This will lead to
differences in the distribution of the data even though it is
placed in the “same” position. Manufacturing and installa-
tion differences will also contribute to small variations in the
homogeneity of the data distribution.

3 Transfer learning

Transfer learning technologies offer several opportunities
for dealing with scenarios where the population forms do-
mains, and distributions are different for each member when
training and evaluating the model (Pan and Yang, 2010).
Unlike multi-task learning, where the objective is to learn
multiple tasks across different domains (Zhang and Yang,
2018), transfer learning utilises knowledge from the source
to improve predictions on the target task, in our case using
the damage-equivalent moments (DEMs) from two separate
WTGs to create an improved general model. This type of
learning is what makes PBSHM achievable. Even when per-
forming in the homogeneous population scenario, variations
in the structure, such as location, will lead to differences in
the data distributions. Learners trained on one structure will
not apply their training to another structure in the population.
Formal definitions of transfer learning and transfer learning

technologies are discussed in this section, with an entire sub-
section dedicated to domain adaptation.

3.1 Definitions

Domain. A domainD = (χ,p(X)) is an object made up
of a feature space χ and a marginal probability distri-
bution p(X) over feature data X = xNi=1, which are a
bounded sample from χ . These are the SCADA data for
one structure in the context of this report.

Task. T = (ϒ,f (·)), the DEM for one structure, is an
object made up of a label space ϒ and predictive func-
tion f (·)(p(x|Y )) in probabilistic terms and can be in-
ferred from training data X = xNx=i,y=i , with Xi =

∑
χ

and yi =
∑
ϒ , noting that both χ and ϒ are distribu-

tions, not individual observations, which are made up
of finite sample sets X and Y . In the case of source
domain datasets Ds = (χi,s,yi,s)N with xi,s =

∑
χs and

yi,s =
∑
ϒs, and, similarly for the target domain, Dt =

(χi,t,yi,t)N with xi,t =
∑
χt and yi,t =

∑
ϒt (Pan and

Yang, 2010). Given these artefacts, one can theoretically
conduct transfer learning.

Transfer learning. For transfer learning there must be
a given source domain Ds with an associated task Ts
and a target domain Dt with a task Tt. The objective
is to improve the target predictive function ft(·) in Tt
by utilising the knowledge from the source, assuming
Ds 6=Dt and/or Ts 6= Tt (Zhang and Yang, 2018).

Homogeneous transfer. Homogeneous transfer learn-
ing assumes that Ds =Dt and Ts = Tt, meaning the at-
tributes are the same. A subcategory of homogeneous
transfer is strong homogeneous transfer, where the do-
main and task are similar; hence Ds ∼=Dt and Ts ∼= Tt.

Heterogeneous transfer. Heterogeneous transfer learn-
ing is when the domain, feature, and task space are non-
identical; hence Ds 6=Dt, Ts 6= Tt, and xs 6= xt, respec-
tively. It can also assume that ys 6= yt.

Domain adaptation. Domain adaptation is relevant
when the inference for the target domain Dt, task Tt,
and target predictive function ft(·) is improved given
the source domainDs and task Ts, assuming xs = xt and
ys = yt but p(xs) 6= p(xt).

To contextualise these definitions in the form of PBSHM for
wind turbines, homogeneous transfer learning is a situation
where both the source space and the target space are the
same. This is a situation where the context is the problem be-
tween similar assets. This could be where the wind turbines
are the same but have different distributions due to sensor
placement and location, to name a few. Hence Ds ∼=Dt and
Ts ∼= Tt. Heterogeneous transfer learning is applied when the
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features are dissimilar. An example in the wind turbine indus-
try would be when using data from two different wind turbine
designs, e.g. a monopile foundation and a jacket structure.
In this case, the features and tasks will be dissimilar; hence
Ds 6=Dt and Ts 6= Tt.

3.2 Transfer learning technologies

There is a continually growing variety of transfer learning
technologies. This section aims to briefly describe transfer
learning, but the focus is on fundamental differences in the
approaches of a subcategory called domain adaptation where
parameter-, instance-, and feature-based approaches are de-
scribed. See Friedjungová and Jiřina (2018) for a more com-
prehensive discussion on transfer learning.

Starting with a typical approach of deep learning and ar-
tificial neural networks, transfer learning technologies have
been developed using fine-tuning. This methodology seeks to
learn based on the parameter weights during a particular set
of layers in the artificial neural network. The artificial neural
network is trained on the domain Ds , and some of the layers
are fixed. The remaining unfixed layers are trained using the
target domain Dt. Examples of this are conducted in Black
et al. (2022), Gao and Mosalam (2018), and Dorafshan et al.
(2018).

Another approach to transfer learning is knowledge
graphs, where the aim is to find objects that define specific
entities and their interrelationships. This has been partic-
ularly successful in search engines incorporating semantic
searches. Currently, knowledge graphs have been integrated
as training data for machine learning models (Hamaguchi
et al., 2018; Nickel et al., 2016).

Like knowledge graphs, the ontologies’ goal is to give rep-
resentations of entities that describe all the interdependencies
and interactions. Ontologies are useful for outlining knowl-
edge about specific domains. Most importantly, ontologies
are helpful for explaining concepts and sharing information.
If a new project is undertaken, ontologies can be reused or
transferred to help identify more efficient processes. In the
context of PBSHM, an ontology is knowing what types of
techniques and methods are the most appropriate for one sys-
tem to another. Ontologies have been explored in multiple in-
dustries, including structural health monitoring (SHM) (R. Li
et al., 2021; Tsialiamanis et al., 2021; Anderlik et al., 2010).

3.3 Domain adaptation

Domain adaptation is a subclass of transfer learning with the
aim to transfer the feature space between the source and tar-
get domains, based on the assumption that the marginal dis-
tributions of p(xs) 6= p(xt) are not the same. This type of
technique is primarily used in homogeneous transfer learn-
ing where the source domain and target domain are simi-
lar. There are three main approaches to domain adaptation,
namely parameter, feature, and instance based.

Parameter-based domain adaptation involves transferring
the parameters of a model trained on the source domain Ds
and fine-tuning them to develop an equivalent model for the
task domain Dt.

Feature-based domain adaptation techniques are designed
taking into account the research of common features that
have similar attributes concerning the source Ts and target Tt
task. A new feature, often called the encoded feature space,
is built with a projecting application, which aims to correct
the difference between the source p(xs) and target p(xt) dis-
tributions. The task is then considered to be in an encoded
space.

For instance-based domain adaptation, the general princi-
ple is to redistribute the labelled training data to correct the
differences between the source p(xs) and target p(xt) distri-
butions. This re-weighting consists of multiplying the indi-
vidual loss of each training instance by a positive weight.
The re-weighted training instances are then used directly to
learn the task.

3.4 Negative transfer

One of the major drawbacks when performing transfer learn-
ing between WTGs is if the information is incorrectly de-
tailed from one domain to another, as this can reduce the
performance of the general learner when compared to the
learning from the target domain alone. This phenomenon is
known as negative transfer and is the most prominent when
the source, Ds, and the target, Dt, domains are the most dis-
similar, e.g. heterogeneous. The fundamental idea of transfer
learning is that there must be some shared information across
domains. This may be hard to contextualise when data are
unlabelled or the tasks are dissimilar.

Negative transfer raises an important question: when is it
right to transfer knowledge? This motivates the reasoning be-
hind developing a measure of similarity of structures. The
case study provides information on the heterogeneity of the
data used in this work. This study reinforces our understand-
ing of the data and helps mitigate the issue of negative trans-
fer as we become aware of where differences in the distribu-
tions lie.

4 Methodology

This study uses data from the Wikinger wind farm, where
there is only a select number of operational wind turbines that
have CMS (condition-monitoring system) with strain gauges
installed; to be specific, 4 out of 64. This section aims to
develop a variety of models that can perform PBSHM us-
ing the structures of two structures as the source and target
in the pursuit of a general classifier for the entire farm. The
population form is the DEM on the foundation of the struc-
ture, which can be used to determine the fatigue life. This
section starts with how the SHM data are gathered, what the
population form is for this study, and what the definition of
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the population is. This is then used to detail the individual
models, including how the data are pre-processed, the model
development, and the error metrics used.

4.1 The data

The measurement data used as input for the low-cost moni-
toring technique comprise two different frequencies of data:
25 Hz CMS data and SCADA data at 10 min averages.
The next subsection describes the process of determining
the damage-equivalent moments (DEMs). The WTGs avail-
able for this study are equipped and unequipped with strain
gauges (SGs). The three positions with SGs are wind turbines
(WTs) 1, 2, and 3.

SCADA systems are provided on all WTGs, and, de-
pending on the feature, the resolution varies. This encom-
passes meteorological information at the hub height, such
as wind speed, wind direction, temperature, and pressure.
The SCADA data also cover the operational signals, such as
power production, the pitch angle of the individual blades,
and the rotor rotational speed.

To increase the value of a low-cost monitoring pro-
gramme, transferring knowledge that is unavailable in other
wind turbines can provide insight into and confidence in
other assets. If one can infer knowledge accurately on an-
other WT, then one can save money by installing strain
gauges on a fraction of the WTGs. Based on this principle,
the population form is the DEM where only four WTGs have
the CMS strain gauges installed.

There is a considerable number of model and feature
spaces that can be applied to represent a population form.
For a wind turbine, the form could range from wind turbine
power curves to frequency responses. But, in this case, the
form is fatigue-damage-equivalent moments for the jacket
support structure. The entire population in this study has the
same geometry and material, with small deviations in topol-
ogy due to the location.

4.1.1 Fatigue-damage-equivalent moments

The condition-monitoring system calculates the forces from
the strain gauges installed on the foundation. From these
forces, the damage-equivalent loads are produced. The two-
phase operation is as follows:
Phase 1 – calculation of forces from strain.

1. Run dynamic ROSA (Ramboll Offshore Structural
Analysis) simulation (Ramboll, 2018).

2. Extract stress at selected element via Fatima.

3. Calculate strain using Hooke’s law.

4. Calculate forces with internal functionality.

5. Compare forces with extracted forces.

Phase 2 – calculation of DEM from forces.

Figure 2. Normalised damage-equivalent moment boxplot of the
two orthogonal directions for all three of the wind turbines.

1. Gather the applicable force location from the sensor lo-
cation.

2. Calculate the cyclical forces at that sensor.

3. Apply the ASTM E1049-85 rainflow-cycle-counting al-
gorithm (ASTM, 2017).

4. Apply a scale factor to force accumulation.

5. Sum the damage accumulation over the cycles to calcu-
late the DEM.

4.1.2 Homogeneous population

A homogeneous population in the context of offshore wind
is one where the task distributions are similar for all WTGs,
which, depending on the features selected, may have sim-
ilar feature spaces. This makes homogeneous populations
ideal candidates for domain adaptation methods and for
demonstrating the effectiveness of transfer learning for PB-
SHM. This section presents a homogeneous population of
three wind turbines located in the Wikinger wind farm. All
the structures are of the same design and capacity; hence,
they have the same material and geometry. The damage-
equivalent load histogram is presented in Fig. 2.

The three structures can be considered to be a homoge-
neous population, as they are structurally similar in their rep-
resentation, and the material and geometry parameters can be
described by a unimodal distribution with low deviation. The
SHM problem presented here is due to small deviations in
the DEM which arise from the location and the operational
context of the individual wind turbines within the wind farm.
Figure 3 displays two-dimensional heat maps of the DEM
amplitudes for various operational features of the three wind
turbines.

Small deviations in the overall distributions are high-
lighted in Fig. 2. One of the contributors to these results is the
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Figure 3. This series of figures highlights the operational and environmental effects on the population of the wind farm. This includes the
power, blade position, wind speed, rotor speed, and temperature against the fatigue-damage-equivalent moments in direction 1.

location, as the entire wind farm has deviations in the water
depth. The design of the individual WTs does not require the
topology and geometry to be altered for single locations but
rather in design clusters spanning a range of water depths.
One consistency is the height of the transition piece. It needs
to be at a constant height across the population, meaning that
there are variations in the length of the foundation which in-
fluence the dynamics. Another aspect is the operation and
metrological differences. Figure 3 displays a heat map of
these features for each of the WTs, which are influenced by
the location and the degree of turbulence intensity based on
the direction of the wind. Navigating these deviations in the
distribution is the aim of the general model development.

The Fréchet number is a numerical method of determining
the similarity of a population form for a given domain in a
metric space. The Fréchet distance is a popular measure of

similarity between the two domains and is calculated by

1= ‖µs−µt‖
2
2+ Tr

(
|6s+6t− 2(6s ·6t)1/2

)
, (1)

where µs and µt are the mean along the source and target
along the first axis, respectively, and 6s and 6t are the co-
variance matrices of the source and target domain datasets,
respectively. This considers the location and the ordering of
the points along the points of both domains. For homoge-
neous populations, the value of the Fréchet distance will be 0,
for strong homogeneous distributions the value will be small,
and for heterogeneous populations the value will be large.
The value is dependent on the length of the instances in the
domain and the magnitude of the values.

By applying this to the DEM for each of the wind turbines,
the results in Table 1 indicate that the population form is ho-
mogeneous with values close to 0. This is a numerical rep-
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Table 1. Fréchet distance for all three wind turbines.

Fréchet distance

WT 1 0.00
WT 2 13.48 0.00
WT 3 14.48 14.92 0.00

Table 2. Statistical values of both DEMs for all three wind turbines.

DEM 1 DEM 2

WT 1 WT 2 WT 3 WT 1 WT 2 WT 3

Mean 0.1382 0.1503 0.1193 0.1233 0.1092 0.1049
SD 0.0634 0.0576 0.0629 0.0588 0.0623 0.0623
Min 0.0015 0.0015 0.0015 0.0017 0.0015 0.0017
Max 0.8158 0.6304 0.9024 0.6669 0.8286 0.6494

resentation, and it is limited in the scope of interpretation on
the homogeneity. This is a technique that mathematically re-
inforces the decision after observation of the data. Neverthe-
less, in the following section, the location is the main source
of heterogeneity for this population form, and breaking this
down into more detail will provide greater insight into the
small deviations in heterogeneity observed in Table 1.

To contextualise this, some statistical measures have been
calculated based on the normalised DEM, and these are rep-
resented in Table 2. This includes the mean, standard devia-
tion (SD), and minimum and maximum of the DEM in both
orthogonal directions. There is an almost identical nature to
the three WTGs; WT 2 does have higher and lower maxi-
mums and minimums, but both the mean and the standard
deviations are identical to four significant figures.

4.2 Models

An artificial neural network (ANN) is an optimal base model
suited for stochastic problems to estimate the DEM with-
out direct measurement. Sensors often cannot be placed on
the sub-structure, and SCADA data are usually gathered
in the tower and nacelle; hence, this does not provide di-
rect information on important parameters of the foundation’s
structural behaviour. Therefore, a general model using the
SCADA data to determine the DEM would provide excel-
lent potential in the application on wind turbine foundation
monitoring. This subsection briefly describes an ANN and
the differences that the domain adaptation models make to
the original ANN model.

Three domain adaptation methods are implemented in this
study that all use a base model of an ANN and are altered
based on their specific procedures. However, before these
procedures are explained, the original model is developed us-
ing the data from one wind turbine only. No transfer learning
is carried out to generate this model, only hyperparameter
optimisation using WT 1.

The architecture of an ANN is made up of hidden lay-
ers, where each layer has a density of neurons attached to
it. Techniques such as dropout can be introduced to aid in re-
moving bias within the architecture, increasing weights (w)
to 0 and 1 such that the sum of the weights remains con-
stant. The individual neurons have a synaptic weight asso-
ciated with them, which can be represented as an activa-
tion function. For this type of problem, the rectified linear
unit (RELU) is used. Weights w are associated with each ac-
tivation function, and the entire network is curated using the
Adam optimiser (Kingma and Ba, 2015).

4.2.1 CORrelation ALignment (CORAL)

CORAL (Sun et al., 2015) is a feature-based domain adap-
tation method with the aim of minimising the domain shift
from the source Ds to the target Dt by aligning the second-
order statistics of the source and target distributions. The
method transforms the source features to minimise the Frobe-
nius norm (Lord, 1999) between the correlation matrix, the
input target data, and the transformed input source data. The
transformation is described by the following optimisation:

min
A
‖ATCsA−Ct‖

2
F , (2)

whereA is the feature transformation matrix such thatCs and
Ct are the correlation matrices of the source and target data,
respectively. The solution of this operation can be written in
explicit form, and the feature transformation is computed in
four steps:

Cs = Cov(XS)+ λIP, (3)
Ct = Cov(XT)+ λIP, (4)

Xs =XSCS
−1/2
S , (5)

Xs =XSCS
1/2
T , (6)

where λ is the regularisation parameter.

4.2.2 TwoStageTrAdaBoostR2

The TwoStageTrAdaBoostR2 algorithm is an instance-based
domain adaptation method suited to regression tasks (Par-
doe and Stone, 2010). This method is characterised by the
“reverse boosting” principle where the weights of the source
instances predicted a decrease at each boosting iteration, and
one of the instances increases. The “two-stage” version of the
TrAdaBoostR2 algorithm is where the weights of the source
and target instances are carried out separately (Pardoe and
Stone, 2010). In the first stage, the weights of the source in-
stances are frozen, but the ones of the target instances are
updated according to the classical AdaBoost.R2 (Dai et al.,
2007). In the second stage, the weights of the target instance
are now fixed, whereas the ones of the source are updated
according to TrAdaBoostR2. During each first stage, a cross-
validation score is computed with the labelled target data.
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The cross-validation score is used to determine the most ef-
fective estimator within all boosting iterations. This algo-
rithm performs the following steps:

– Normalise the weights
∑
ws+

∑
wt = 1.

– Fit an AdaBoost.R2 estimator fs( ) on the source, and
target labelled data (xs, ys) and (xt, yt) with the respec-
tive importance initial weights ws and wt. During the
training of AdaBoost.R2, the weights of ws are frozen.

– Compute the cross-validation score on (xt, yt).

– Compute the error vectors

es = L (f (Xs) ,ys) , (7)
es = L (f (Xs) ,ys) . (8)

– Normalise the vectors

es = es/maxe∈es∪et , (9)
es = esmaxe∈es∪et . (10)

– Update the source and target weight

ws = wsβ
es
s /Z, (11)

wt = wt/Z, (12)

where Z is the normalising constant, and Bs is chosen so that
the sum of the weights is equal to nt

nt+ns
+

t
N−1

(
1− nt

nt+ns

)
with t being the current boosting iteration number. Bs is lo-
cated with a binary search.

– Return to the first step, and loop until the number of
boosting iterations is reached.

The general model is selected by the best estimator according
to the cross-validation.

4.2.3 RegulartransferANN

RegulartransferANN (Chelba and Acero, 2004) is a
parameter-based domain adaptation method. This assumes
that an effective global estimator can be obtained using la-
dled target data. The aim consists of fitting the neural net-
work on the target data based on the objective function which
is regularised by the Euclidean distance of both the source
and the target parameters:

βt=β1, ... βD‖f (Xt,β)− yt‖
2
+

D∑
i=1

λi‖βi −βSi ||
2, (13)

where the estimation function is f withD network layers. Bt
is related to the target parameters, and βs is the source neural
network parameters:

βs=β‖f (Xs,β)− ys‖
2. (14)

The trade-off parameter is λi , where training is biased to-
wards source or target domains depending on the associated
weighting.

4.3 Pre-processing

The task of training models for predictions that involve
multiple different data streams from different structures re-
quires coordination so that effective ML modelling can take
place. Several issues arose when working with different data
streams in ML. This section discusses the process of deal-
ing with these issues by using feature, selection, projection,
and data cleaning. The first barrier that prevents effective ML
modelling in this problem is that sensors tend to break, just
like most industrial components. This meant identifying a
suitable time frame, where the maximum period of opera-
tional uptime should be met. The optimal period was between
2 October 2018 and 2 July 2019 (9 months). Secondly, syn-
chronising the CMS data to the SCADA data had to be con-
ducted, and matching the instances of 10 min intervals was
the next step.

After synchronising the data-matching instances for all
WTs, the next stage was to perform data cleaning. This pro-
cedure involved implementing previous value imputation in
the place of missing values and NaNs. At this point, there
were 0 missing values and over 300 features. The next step
was to reduce this to suit the needs of the ML task.

For the feature selection process, the inputs were taken
from the SCADA data since these are provided on all WTGs.
The final features comprised hand-picked features and sta-
tistically relevant features. The outputs were the DEMs in
the two orthogonal directions from the CMS systems’ strain
gauge rings. Now that both the input and the output data
have been established, the feature projection is implemented
where the features are normalised from 0–1.

Lastly, the datasets were split into training and test data
to a ratio of 80 % to 20 %, respectively. The source domain
was WT 1, and the target domain was WT 2 using 80 % of
the datasets for the domain adaptation model. Testing was
conducted using the subsequent 20 % of both the source and
the domain datasets and the entirety of WT 3. In summary,
SCADA data features were used as inputs, with WT 1 as the
source domain and WT 2 as the target domain, where the
general model makes estimations on the DEM in the two or-
thogonal directions. Testing takes the remaining 20 % of the
source and target domains and the entire dataset of WT 3 to
validate the results using the same input and output features
for all WTGs.

4.4 Model development

The method implemented involves three stages. Stage one in-
volved defining the most suitable ANN and source domain,
and this became the basis for all the subsequent experiments
as the architecture is mimicked. Stage two entailed hyper-
parameter tuning the remaining experiments using the same
architecture from the ANN and application of the three do-
main adaptation algorithms. Stage three investigated the op-
timal model further by altering the source and domain data.
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Figure 4. An artificial neural network architecture with 2 hidden
layers with a density of 64 and 32, a batch size of 1, and a dropout
ratio of 0.2.

To establish a standardised process for all the experiments,
the pre-processing procedure was applied to all three WTGs,
as this provides a standard platform for model development
and increases the performance of the model. This also pro-
vides a consistent feature for training and testing, since all
three WTG domains consist of the same input SCADA fea-
tures and output DEMs based on CMS data. To train all the
domain adaptation models, the source domain dataset and
features are made up of the data from WT 1 and the target
domain dataset of features from WT 2. WT 3 is not used in
any of the training and is only used for validating the model.

In stage one, an optimal model was produced by conduct-
ing an exhaustive search iterating the number of hidden lay-
ers, the density of neurons on each layer, the ratio of dropout,
batch size, and the degree of convolution. The final form of
the ANN is displayed in Fig. 4.

In stage two, the experiments were set up to firstly inves-
tigate the performance of each of the techniques and sec-
ondly to establish what the most suitable method would
be to carry forward for further testing. Techniques from all
the main approaches of domain adaptation are implemented,
which include parameter-, feature-, and instance-based meth-
ods; these are RegularTransferNN (Chelba and Acero, 2004),
CORAL (Sun et al., 2015), and TwoStageTrAdaBoostR2
(Pardoe and Stone, 2010), respectively. In each instance, the
model is tuned using its distinct hyperparameters for each of
the methodologies.

The goal of the experiments is to transfer knowledge be-
tween all three WTGs using a single general model by taking

SCADA data and making inferences on the DEM such that a
low-cost monitoring methodology can be applied to the en-
tire wind farm. The RegularTransferNN is the most accurate
model on all three metrics for this architecture, with input
and output data for WT 1 as the source domain and WT 3 as
the target domain. Further testing was conducted to investi-
gate what the most suitable target and source domains are by
altering them.

4.5 Error assessment

The performance of the regression algorithms is based on
how the general classifier can make predictions on DEM for
all three wind turbines. In this case, common key perfor-
mance indicators, which provide a percentage of the perfor-
mance, are implemented.

The mean absolute error (MAE) is a measure of the errors
between the paired observations. This is the arithmetic aver-
age of the absolute error, where ŷi is the prediction, and yi is
the true value.

MAE=
n∑
i=1

|yi − ŷi |

n
(15)

The coefficient of determination (R2) represents the propor-
tion of the variation from the predicate value to the actual
value, and µ is the arithmetic mean.

R2
=

n∑
i=1

(yi − ŷi)2

n∑
i=1

(yi −µ)2
(16)

Cumulative fatigue prediction error (CFPE) encompasses
the total error for all instances used in the model, where a
conservative result would be a negative percentage value and
an underestimate would have a positive percentage value.
Here m is the power factor, and in this case it is set to 4.

CFPE=

n∑
i=1

(
m
√
yi
m
)
−

n∑
i=1

(
m
√
ŷi
m)

n∑
i=1

(
m
√
yi
m
) (17)

5 Results

The Results section is broken down into three subsections
in the pursuit of an optimal model. Stage one aims to de-
termine the most suitable ANN architecture for traditional
SHM, training on one structure only and then applying the
remaining WTGs to this model for comparison. Stage two
takes the model from stage one and applies it to all three of
the domain adaptation techniques. Stage three alternates the
source and target domain adaptation techniques in pursuit of
the optimal model.
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Table 3. Standard SHM approach to PBSHM, with the test results from the ANN trained on one WTG and tested on the resulting two WTGs.

MAE (%) CFPE (%) R2 (%)

WTG WT 3 WT 2 WT 1 WT 3 WT 2 WT 1 WT 3 WT 2 WT 1

WT3 0.025 0.031 0.029 −16.12 −29.43 −18.71 0.65 0.51 0.54
WT2 0.037 0.030 0.042 −7.37 −22.80 −31.56 0.31 0.45 0.15
WT1 0.034 0.030 0.029 −17.04 −29.06 −21.81 0.42 0.45 0.55

Table 4. Cumulative error for the optimal models during the model
development stage. The test datasets are used to determine the error
for both DEMs.

Accumulative error (%)

Model WT 1 WT 2 WT 3 Avg

Artificial neural network −21.806 −31.558 −18.712 −24.025
CORR −23.400 −34.475 −23.239 −27.038
RegularTransferNN −2.225 −18.216 −5.639 −8.693
TwoStageTrAdaBoostR2 −8.626 −17.240 −4.338 −10.068

Table 5. Mean absolute error for the optimal models during the
model development stage. The test datasets are used to determine
the error for both DEMs.

MAE (%)

Model WT 1 WT 2 WT 3 Avg

Artificial neural network 0.026 0.043 0.030 0.033
CORR 0.037 0.029 0.034 0.034
RegularTransferNN 0.033 0.030 0.031 0.031
TwoStageTrAdaBoostR2 0.034 0.050 0.039 0.041

5.1 Stage one

To demonstrate the applied form of strong homogeneous
populations, three structurally equivalent WTGs are applied
to an ANN using standard SHM techniques. The ANN is
trained on one structure, and then the trained model is ap-
plied to the other WTGs. The data used are the test datasets
during normal operation for all three WTGs. The results are
summarised in Table 3, with all three metrics presented.

The normal operation test using the standard approach
of training on one structure and then applying the resultant
WTGs provides varying degrees of accuracy. All the tests in
this case fall below the threshold for the CFPE of ±10 %.
This is expected as there are small perturbations in label
space due to manufacturing tolerances and location-specific
effects.

5.2 Stage two

One of the main challenges of PBSHM is performing damage
identification on the population with different label spaces
ys 6= yt. However, in this case, the label spaces are strongly

Table 6. R2 score for the optimal models during the model devel-
opment stage. The test datasets are used to determine the error for
both DEMs.

R2 score (%)

Model WT 1 WT 2 WT 3 Avg

Artificial neural network 0.546 0.151 0.538 0.412
CORR 0.637 0.191 0.564 0.464
RegularTransferNN 0.594 0.338 0.553 0.495
TwoStageTrAdaBoostR2 0.431 0.158 0.310 0.300

homogeneous, but we have identified that the general clas-
sifier using the standard approach to SHM does not provide
adequate inferences from Sect. 1. The results of applying the
three domain adaptation techniques using WT 1 as the source
domain and WT 3 as the target domain are displayed in Ta-
bles 4–6.

The goal of the experiments is to transfer knowledge be-
tween all three WTGs using a single general model by tak-
ing SCADA data and making inferences on the DEM such
that a low-cost monitoring methodology can be applied to
the entire wind farm. Tables 4–6 highlight the variation in
the accuracy of the ANN in the three domain adaptation tech-
niques. The RegularTransferNN is the most accurate model
in all three metrics for this architecture, input data, and out-
put data and is the only model that reaches the target CFPE
of ±10 %.

CORAL focuses on aligning second-order statistics of the
source and target domains by transforming feature represen-
tations. TwoStageTrAdaBoostR2 adapts the AdaBoost algo-
rithm for domain adaptation by assigning higher weights to
unclassified target domain instances during boosting. Regu-
larTransferNN utilises neural networks for transfer learning,
involving pre-training on a source domain and fine-tuning
on the target domain. CORAL and RegularTransferNN have
higher potentials through the alignment or fine-tuning, while
TransferAdaBoost is specifically tailored to adapt the Ad-
aBoost algorithm. In this particular case, the RegularTrans-
ferNN was best suited to this particular dataset. The fine-
tuning of the trained ANN provided a better general regres-
sion model than the other two. However, this may not always
be the case – it is always dependent on the dataset.
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Table 7. Comparison of the test results from the RegulartransferANN using different source and target datasets.

Training data (source and target)

MAE (%) CFPE (%) R2 (%)

WTG 64/45 45/10 64/10 64/45 45/10 64/10 64/45 45/10 64/10
WT 3 0.031 0.029 0.023 −5.64 −18.02 −20.24 0.55 0.49 0.63
WT 2 0.030 0.029 0.041 −18.22 −25.48 −10.36 0.34 0.57 0.17
WT 1 0.033 0.034 0.025 −2.23 −26.10 −18.58 0.59 0.42 0.69

Average 0.031 0.031 0.030 −8.69 −23.20 −16.39 0.49 0.49 0.50

Figure 5. Error plot showing the predictions from the general model against the actual value for the DEM 1 of all three WTGs.

Figure 6. Error plot showing the predictions from the general model against the actual value for the DEM 2 of all three WTGs.

5.3 Stage three

In the pursuit of an optimal general classifier for the
Wikinger wind farm, the first two stages are set up to de-
termine the optimal choice of model. Stage three investigates
what model data sources are best suited for achieving an av-
erage optimal score in all three metrics. The aim of this is to
determine the sensitivity of the model’s accuracy with the in-
put data. If there is a large difference in the results, this may
contribute to a large degree of variance by the general model
for an entire wind farm.

The selection process for determining the optimal model is
to have the lowest number of CFPEs and the highest R2 and
MAE. A threshold is placed on the CFPE of±10 % since the
purpose of this type of model is to predict the DEM, which
in turn is used to determine the fatigue life estimations of the
structure. A high or low estimation of the accumulation of
DEM is linked to poor fatigue life estimations. Ideally, one
should be conservative in predicting the accumulated DEM
to avoid overestimating the fatigue life of the structure. There

is only one set-up in this entire process that achieves this; un-
fortunately it does not have the highest average R2 or MAE
as seen in Table 7 with the WT 1 and WT 3 source and tar-
get domain set-up. However, this particular set-up achieves
higher results when making inferences on both the source
and the target domain but is less accurate in the inferences
on WT 2. Thus, it does not achieve the desired goal of a gen-
eral classifier, in contrast to the high consistency of the MAE
of around 3 %.

Figures 5 and 6 display the evaluation of the general model
estimations. The hyperparameter λ was altered from 0.1 to
0.99, varying the bias general model training from the source
domain data to the target. The optimal model presented has
a 50/50 split with λ= 0.5. One aspect of the final general
model is the lack of accuracy at high DEM values, where
one sees the highest deviation from the real value, which is
the main contributing factor to the reduced performance of
the CFPE.
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6 Conclusions

Knowledge transfer is an important process in PBSHM.
The benefit of transferring knowledge about structural health
from one structure to another within the population is imper-
ative to the progress of low-cost digitally enabled asset man-
agement for WTGs. It is essential when applying this tech-
nique that a process is conducted to determine which similar-
ities exist within the population so that negative transfer can
be avoided. In this paper two categories of structures have
been discussed: homogeneous and heterogeneous.

Implementing transfer learning in the form of domain
adaptation has been demonstrated to effectively mitigate
problems where both the features and the label spaces are
consistent. This paper has shown that domain adaptation ap-
plies to homogeneous populations where there are small de-
viations in the geometry due to the water depth, manufactur-
ing tolerances, and sensor placement.

CORAL focuses on aligning second-order statistics of the
source and target domains by transforming feature represen-
tations. TwoStageTrAdaBoostR2 adapts the AdaBoost algo-
rithm for domain adaptation by assigning higher weights to
unclassified target domain instances during boosting. Regu-
larTransferNN utilises neural networks for transfer learning,
involving pre-training on a source domain and fine-tuning
on the target domain. CORAL and RegularTransferNN have
higher potentials through alignment or fine-tuning, while
TransferAdaBoost is specifically tailored to adapt the Ad-
aBoost algorithm. In this particular case, RegularTransferNN
proved to be the most suitable for the dataset, as fine-tuning
the pre-trained artificial neural network resulted in superior
predictive performance. It is important to note that the effec-
tiveness of these techniques is highly dependent on the char-
acteristics of the dataset, and the choice of the most suitable
approach may vary accordingly.

If a higher accuracy of the model is required to determine
the remaining fatigue life, the following further optimisation
measures can be taken: (1) separating the general model into
discrete models for operational modes, (2) discrete model de-
velopment based on the wind direction, (3) further studies
on the feature selection and hyperparameter tuning, and (4)
implementation of high-frequency SCADA data for higher-
order statistics. Measures 1 and 2 may lead to developing
specific models and may increase bias within the estimation.
As such, a less accurate but more general model may offer
improved robustness and better capability to capture unfore-
seen events.
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