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Abstract. This paper proposes a global scour detection framework for monopile foundations across offshore
wind farms (OWFs) using vibration data acquired from a single accelerometer mounted on the turbine tower.
The proposed framework is designed to address the real-world complexity and heterogeneity of offshore wind
systems operating under diverse environmental, geotechnical, and structural conditions across multiple sites. To
validate the framework, numerically generated acceleration data are obtained for various offshore wind turbines
(OWTs) distributed across multiple OWFs using an integrated OpenFAST-bespoke soil–structure interaction
(SSI) model. The generated dataset accounts for a wide array of operating conditions, including varying sea
states, soil properties, turbine structural characteristics, and site-specific scour scenarios. For each OWT, ac-
celeration responses are simulated using foundation stiffness values derived from the SSI model, reflecting the
dynamic behaviour variations corresponding to site conditions, turbine characteristics and scour state. A multi-
source-domain generalization (DG) strategy is then employed, in which a model is trained using a combined
dataset containing one representative turbine per farm (referred to as source turbines) and subsequently evaluated
on the remaining previously unseen turbines (referred to as target turbines) across geographically disparate wind
farms. The results demonstrate that the proposed framework accurately identifies scour states across multiple tar-
get turbines without target-domain data during training, outperforming single-source and non-DG approaches.
Model performance is strongly influenced by source-turbine selection, while increasing the number of source
turbines improves prediction accuracy, particularly for early-stage scour. Furthermore, vibration measurements
collected near the tower base substantially improve scour detection performance. The DG methods maintain high
accuracy for intermediate and deep scour depths but struggle to detect shallow scour of 1 m.

1 Introduction

Monopile foundations support the majority of installed off-
shore wind turbines (OWTs); however, they are vulnerable to
several issues, including corrosion, fatigue, boat collisions,
and scour (Wang et al., 2018). Scour, in particular, occurs
due to soil erosion around the foundation caused by wave–
current interactions (Duan et al., 2025). It can have severe
effects on the structural and dynamic behaviour of monopile
foundations, leading to excessive lateral pile-head displace-
ment (Mostafa, 2012) and increased bending moments (Lin
et al., 2016). Additionally, scour causes a notable reduction

in the natural frequency (Niu et al., 2023; Prendergast et al.,
2015) and changes in the tower’s mode shapes (Niu et al.,
2023). Many studies have investigated scour detection us-
ing vibration-based methods (Dai et al., 2021; Malekjafar-
ian et al., 2026; Niu et al., 2023; Prendergast et al., 2018;
Weijtjens et al., 2017). These works primarily examined dy-
namic response characteristics, such as natural frequencies,
mode shapes, and damping ratios, and investigated their us-
age as indicators for scour occurrence. A common finding is
that the low probability of detecting shallow scour depths us-
ing frequency measurements arises from the difficulty in dis-
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tinguishing minor frequency shifts caused by shallow scour
from those induced by environmental conditions (Abdelhak
et al., 2025). At moderate scour depths, the reduction in the
first natural frequency is relatively small, with a 2.2 % de-
crease reported at 1.5D scour for monopile-supported NREL
5 MW OWTs, compared with 3.6 % for the second natu-
ral frequency (Rezaei et al., 2018). The reduction is more
pronounced in loose sand than in dense sand (Menéndez-
Vicente et al., 2023; Prendergast et al., 2015). In heteroge-
neous, layered soils, natural frequencies may remain simi-
lar to those in homogeneous soils; however, the removal of
stiff layers can further reduce foundation stiffness and, con-
sequently, the natural frequency (Niu et al., 2022). In addi-
tion to changes in the natural frequencies, scour erosion can
modify the mode shapes of a monopile-supported OWT by
reducing the effective soil–structure stiffness. In this context,
Jawalageri et al. (2022) investigated this effect using an inte-
grated OpenFAST–SESAM numerical model incorporating
Winkler-type p–y springs and identified the first two mode
shapes from acceleration responses at nine locations along
the tower using frequency domain decomposition (FDD).
Their results showed progressive changes in the lateral dis-
placement distributions of both the first- and second-mode
shapes with increasing scour depth for different soil densi-
ties. Generally, the second mode is more sensitive to scour
than the first mode, particularly in medium-density and dense
sand, which indicates that scour can change mode shapes in
addition to shifting natural frequencies.

Recent developments in structural health monitoring
(SHM) and machine learning (ML), particularly data-driven
approaches, show strong potential to improve scour detec-
tion methods. In this context, several studies have applied
data-driven approaches for scour detection, yielding promis-
ing results. For example, Jawalageri et al. (2024) proposed
a data-driven approach using a Naïve Bayes model, trained
on labelled acceleration data, to classify scour depths around
monopile foundations supporting an NREL 5 MW OWT. Ex-
tending beyond acceleration data, Jeong et al. (2020) pro-
posed a data fusion approach, which combined both acceler-
ation and angular velocity responses to predict scour occur-
rence. Similarly, Jatoliya et al. (2024) applied various ML
models to predict scour hole depths, while Lu et al. (2024)
integrated scour physics and video processing techniques to
improve scour detection capabilities. In addition, Najafzadeh
et al. (2025) proposed ML approaches to estimate the sever-
ity of scour damage in protected monopile foundations. By
evaluating five ML algorithms – random forest (RF), sup-
port vector machine (SVM), extreme gradient boosting (XG-
Boost), adaptive boosting (AdaBoost), and categorical boost-
ing (CatBoost) – they demonstrated that ML techniques can
effectively assess damage severity in scour protection sys-
tems. Despite their success in detecting scour around sin-
gle turbines, these approaches primarily rely on supervised
learning models, which require access to labelled data – a
process that is expensive and time-consuming. Abdelhak et

al. (2025) addressed this limitation by developing an unsu-
pervised ML framework based on a one-class support vector
machine (OCSVM). By training on healthy-state accelera-
tion data, the detection of scour around OWTs is conducted
without requiring labelled scour data. Their results demon-
strated strong potential to identify scour around monopile
foundations under varying environmental conditions with-
out access to scour-damage labels. Models trained on larger,
more diverse datasets that incorporate environmental vari-
ability outperformed those developed under limited condi-
tions. Despite these advances, previous studies have mainly
focused on scour detection for individual turbines under site-
specific conditions, requiring a separate model for each tur-
bine. Additionally, these approaches rely on multiple data
sensors distributed along the tower, which increases instal-
lation costs and requires comprehensive monitoring systems.

Traditional machine learning (TML) techniques used for
scour detection are typically developed and evaluated us-
ing datasets collected from the same OWT, where the train-
ing and testing data are obtained from a single turbine with
specific structural and environmental characteristics. How-
ever, applying these models to datasets from other turbines
results in a significant performance drop, driven by shifts
in the underlying data distribution (Teng et al., 2022). This
limitation restricts practical applicability, as offshore wind
farms (OWFs) comprise multiple turbines with diverse site-
specific conditions and scour scenarios. These variations in-
troduce significant distributional shifts between representa-
tive turbine domains, thereby increasing the complexity of
large-scale scour detection across OWFs. A transfer learning
framework developed by Abdelhak et al. (2026a) trained on
a source turbine located at a specific offshore site was able
to predict the scour state at target turbines installed at dif-
ferent offshore sites with varying environmental conditions.
In addition, a scour-detection-based domain adaptation (DA)
approach, proposed by Abdelhak et al. (2026b), shows strong
potential for scour detection at the farm level. Primarily, DA
addresses domain shift by aligning the distributions of the
source- and target-turbine data. Despite being trained exclu-
sively on numerically generated healthy-state acceleration
data from a single turbine, the geodesic flow kernel (GFK)
technique demonstrates high accuracy in predicting the foun-
dation status (healthy or scoured) of multiple turbines across
a hypothetical OWF. However, this technique requires access
to the target turbine during the training process, necessitat-
ing the installation of a data acquisition system on both the
source and target turbines. While practical for a single OWF
when the target data are included in training, its applicability
across multiple farms is limited when such acceleration data
are unavailable. Consequently, data access during model de-
velopment remains a critical challenge for the practical appli-
cation of DA-based scour detection methods at the inter-farm
level. This challenge is particularly pronounced in OWTs,
where acquiring labelled scour data is inherently difficult. In
addition, scour develops gradually over time, while underwa-
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ter inspections are expensive, infrequently scheduled, and de-
pendent on the availability of specialized inspection vessels
and professional divers. Despite the availability of accelera-
tion measurements from source or target turbines, the acqui-
sition of representative labelled datasets remains costly and
impractical under many operational conditions, since obtain-
ing reliable damage labels requires direct knowledge of the
structural condition of the OWT, which typically can only be
established through physical inspection of the turbine. Con-
sequently, only a limited number of turbines are expected
to possess reliable labelled datasets, whereas the majority of
the turbine fleet is likely to remain unlabelled. Furthermore,
modern OWFs frequently comprise turbines operating under
various structural configurations and site-specific environ-
mental and geotechnical conditions, resulting in significant
variations in the dynamic characteristics between individual
turbines. Differences in water depth, soil properties, foun-
dation characteristics, and environmental loading can further
alter the structural dynamic response, thereby constraining
the generalization capability of conventional data-driven ML
models trained on data from a single turbine or site.

To address this challenge, this study proposes a multi-
source-domain generalization (DG)-based scour detection
framework that learns domain-invariant feature representa-
tions consistent across multiple OWFs. This is conducted
by transferring the knowledge from a limited number of la-
belled turbines to previously unseen target turbines without
requiring additional target-domain labels. The generalizabil-
ity of scour detection across multiple wind farms is achieved
through a global scour detection framework based on multi-
source DG techniques, trained on a combined dataset con-
taining one source turbine per wind farm and designed to
detect scour in the remaining, previously unseen target tur-
bines across these farms. The proposed approach relies on
vibration measurements acquired from a single accelerom-
eter installed on an OWT tower, with power spectral den-
sity (PSD) features derived from the measured acceleration
signals serving as the input to the ML model. The proposed
framework is implemented using a domain-adversarial neu-
ral network (DANN) technique, trained on data from a single
reference turbine per farm, assumed to represent the early life
stage, and including labelled healthy and early-stage scour
states with 1 m scour depth. Despite relying on lightly instru-
mented source turbines, the framework demonstrates the ca-
pability to detect multiple scour levels across geographically
varying OWFs. In addition, a comprehensive comparison is
conducted between the proposed multi-source DG model, a
baseline model without domain generalization, and a model
trained using data from a single-source turbine to enable a
systematic evaluation of the performance and the generaliza-
tion capability of the proposed approach. Additionally, the
study investigates the sensitivity of model performance to the
location of sensor data along the tower and the volume of
source data, specifically the number of source turbines. The
effectiveness of alternative DG methods, such as causal dis-

entanglement domain generalization (CCDG), is furthermore
evaluated to further validate the proposed methodology.

2 Methodology

2.1 Proposed framework

This study proposes a generalized scour detection frame-
work at the inter-wind-farm scale. In this framework, a model
trained on labelled data from individual source turbines –
each located at a specific OWF (e.g. Farm 1, Farm 2, and
Farm 3) – is used to identify the scour state of previously
unseen target turbines installed across these farms without
requiring scour labels. An overview of the proposed method-
ology is briefly described in Fig. 1, where source turbines are
indicated by red boxes and target turbines by green boxes.
The source turbines are assumed to provide early-life accel-
eration data with healthy and shallow-scour state labels. For
each source turbine, acceleration data are numerically gener-
ated using an integrated OpenFAST soil–structure interaction
(SSI) model developed in MATLAB. The simulated tower
acceleration responses are transformed into PSD representa-
tions, which characterize the distribution of vibration energy
across the frequency spectrum and capture changes in the
turbine dynamic behaviour caused by scour. The extracted
PSD features are subsequently normalized and organized
into batches to facilitate latent feature learning and serve as
the input for model training. The proposed framework com-
bines supervised deep learning with domain generalization to
learn scour-related representations from labelled source tur-
bines and transfer this knowledge to previously unseen target
turbines without requiring target-domain data during train-
ing. More details on the DG methods being used are provided
in Sect. 2.3 and 2.4, with the DANN and CCDG methods se-
lected for model development. Their methodologies and net-
work architectures are described in Sect. 2.2 and 2.3, respec-
tively. The trained models are first evaluated on unseen target
turbines to assess their ability to accurately predict scour con-
ditions under unseen operating scenarios. To further enhance
the models’ generalization capability across multiple wind
farms, various training and testing protocols, outlined in
Sect. 2.5, are incorporated. The proposed framework is val-
idated using a training dataset generated numerically, which
accounts for variations in turbine structural properties, envi-
ronmental conditions, soil characteristics, and scour-induced
foundation degradation. Details of data generation, includ-
ing foundation specifications, environmental and operational
conditions, the integrated OpenFAST–SSI model, and scour
implementation, are provided in Sect. 3.1, 3.2, and 3.3. Data
preprocessing and distribution shifts between turbines across
different OWFs are described in Sect. 3.4 and 3.5. The pro-
posed methodology’s effectiveness is further evaluated by
comparing single-source and multi-source-turbine training
with a non-DG baseline, assessing the sensitivity to sensor
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location along the tower, and investigating the influence of
the number of source turbines and the choice of DG model.

2.2 Domain generalization

DG can be implemented through several approaches, in-
cluding adversarial training, metric learning, meta-learning,
and integrated learning techniques, all aimed at extracting
domain-invariant features across different operating condi-
tions (Dayal et al., 2023). In the context of fault diagnosis
in engineering systems, DG provides strong potential for ro-
bust damage detection (Cao et al., 2025). Accordingly, sev-
eral studies applied DG models to transfer the fault knowl-
edge from multiple source domains to unseen target domains.
For instance, Li et al. (2020) proposed a domain generaliza-
tion method based on adversarial training for fault diagno-
sis in rotating machinery, while Jia et al. (2023) developed
a causality-based approach that decomposes fault features to
achieve a more reliable domain-generalized diagnosis.

For a detailed description of the DG model for scour de-
tection at the OWF level, the source turbines can be repre-
sented as Ds =

{
Ds,1,Ds,2, . . .,Ds,m

}
, where m is the num-

ber of the source turbines (or domains). Each source-turbine
dataset is defined as Ds,m =

{(
xi,m,yi,m

)}Nm
i=1, where Nm is

the number of labelled samples, xi,m ∈X denotes the feature
vector, and yi,m ∈ Y demonstrates the corresponding class la-
bel. Similarly, a target-turbine dataset can be defined asDt ={(
xj,t

)}Nt
j=1, where Nt is the number of samples in the target

turbine. In this study, while the source turbines have labelled
datasets, the target labels yt are assumed to be unavailable
during training. Each farm includes an individual reference
turbine, characterized by unique site-specific conditions.
Consequently, both marginal and conditional distributions
vary across domains such that P

(
Xs,1

)
6= P

(
Xs,2

)
6= . . . 6=

P (Xt), and P
(
Ys,1|Xs,1

)
6= P

(
Ys,2|Xs,2

)
6= . . . 6= P (Yt|Xt),

where P (Xs) denotes the marginal distribution of the source
features, and P (Ys|Xs) represents their conditional distri-
bution. For each source turbine, the feature space Xs and
label space Ys are defined, forming the joint distribution
P (Xs,Ys). Thus, the generalized joint distribution is defined
as P (Xm,Ym). In this study, the source turbines include two
class labels (healthy and scoured), with the source dataset
containing 1440 samples, divided equally between the two
classes. Given datasets from m source turbines, the objective
of domain generalization is to learn a predictive function that
minimizes the generalization error in unseen target turbines.

2.3 Domain-adversarial neural network (DANN)

DANN mainly incorporates an adversarial training strat-
egy based on a domain discriminator to encourage indis-
tinguishability between features extracted from different do-
mains (Ju et al., 2025). Although DANN is commonly used
for domain adaptation, this study adapted it for domain gen-
eralization by training the model to extract domain-invariant

features. In this framework, the adversarial training process
simultaneously optimizes two objectives: a feature extractor,
which trains to generate domain-invariant features that en-
able accurate classification of scour states, and a domain dis-
criminator, which attempts to identify the source domain for
each sample. Figure 2 demonstrates the architecture of the
DANN technique, consisting of three main components, as
described by Ganin and Lempitsky (2015): a feature extrac-
tor network, a task-specific classifier, and a domain discrim-
inator. It employs a multi-class domain discriminator that
learns to distinguish between source domains based on the
feature representations. Meanwhile, the feature extractor is
optimized to both support the task-specific classifier and si-
multaneously confuse the domain discriminator, thereby en-
couraging the model to learn domain-invariant features. This
adversarial interaction is employed through the gradient re-
versal layer (GRL), which reverses the gradient during back-
propagation to the feature extractor. Therefore, the discrim-
inator becomes less effective at determining the source do-
main of a given sample, while the extractor learns domain-
invariant features that are valuable for scour classification.

The DANN model is designed to learn class-
discriminative features and domain-invariant representations
through joint adversarial training. Table 1 illustrates the ar-
chitecture of the feature extractor and classifier. The feature
extractor is implemented as a one-dimensional convolutional
neural network (1D-CNN) that takes PSD features as input
and comprises four convolutional layers, each followed
by a max-pooling layer. Following the final convolutional
block, the extracted feature signals are flattened to produce a
256-dimensional latent feature vector for each sample. These
latent representations are then fed into two parallel branches:
a label classifier and a domain classifier. The label classifier
consists of a fully connected layer that maps the latent
features to the two output classes (healthy and scoured) and
is optimized using the cross-entropy classification loss to
maximize discrimination between scour states in the source
domains. In parallel, the adversarial domain classifier uses
latent features to predict the source-turbine order (1, 2, or
3). A GRL is implemented between the feature extractor
and the domain classifier to enable adversarial training.
During optimization, the domain classifier minimizes the
domain classification loss, whereas the GRL reverses the
corresponding gradients before propagating them to the fea-
ture extractor. This encourages the feature extractor to learn
latent representations that are simultaneously discriminative
for scour detection and invariant to domain-specific char-
acteristics, thereby improving generalization to previously
unseen target turbines.

2.4 Conditional contrastive domain generalization
(CCDG)

To assess the effectiveness of the proposed methodology and
its sensitivity to the choice of DG model, conditional con-
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Figure 1. Conceptual schematic of the proposed multi-farm scour detection framework.

Figure 2. Architecture of the DANN method for DG.

trastive domain generalization (CCDG) is employed along-
side DANN. CCDG is a contrastive learning-based approach
that aims to improve generalization across domains by incor-
porating domain information into the learned feature repre-
sentations (Ragab et al., 2022). Similar to DANN, CCDG
reduces the influence of domain-specific variations on the
learned representations, thereby improving generalization to
unseen domains. However, unlike conventional feature align-
ment approaches, CCDG incorporates a contrastive learning
objective to enhance the extraction of domain-invariant in-
formation in the latent feature space. In this study, CCDG is

employed as a benchmark DG method to further evaluate the
robustness of the proposed framework under varying source-
and target-turbine conditions. CCDG enhances the class-
level feature alignment by maximizing the mutual informa-
tion between samples belonging to the same class across dif-
ferent domains while minimizing the mutual information be-
tween samples from different classes (Ragab et al., 2022).
This enables the model to preserve discriminative features
associated with scour conditions while reducing sensitivity to
domain-related variations. The CCDG model is trained using
a composite objective function consisting of a classification
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Table 1. Architecture of feature extractor and classifier.

Module Layer type Kernel number Kernel size Stride Activation Normalization

Feature extractor (CNN)

Convolution 16 64× 1 1 ReLU Batch normalization
Max-pooling – 2× 1 2 – –
Convolution 32 16× 1 1 ReLU Batch normalization
Max-pooling – 2× 1 2 – –
Convolution 64 5× 1 1 ReLU Batch normalization
Max-pooling – 2× 1 2 – –
Convolution 64 5× 1 1 ReLU Batch normalization
Max-pooling – 2× 1 2 – –

Classifier Fully connected – Class number (2) – Softmax –

loss and a contrastive loss. The classification loss ensures ac-
curate identification of scour states, whereas the contrastive
loss encourages domain-invariant feature learning by reduc-
ing the distance between same-class samples and increasing
the separation between different-class samples in the latent
feature space.

2.5 Training and evaluation protocols

Scour primarily affects the dynamic behaviour of OWTs by
changing the foundation stiffness as the seabed soil around
the monopile is removed. In time-domain representations,
the acceleration signals show negligible impact from scour
due to their low-frequency bandwidth. However, changes in
the dynamic performance of OWTs due to scour are more
pronounced in the frequency domain, making frequency-
domain features more suitable for scour detection (Abdelhak
et al., 2026b; Prendergast et al., 2016). Accordingly, the loga-
rithmic PSD of acceleration signals is used as input to the DG
model, with the analysis limited to the 0–8 Hz range, where
the signal contains substantial energy. Since the proposed
framework relies on acceleration measurements up to 8 Hz,
sensor and data acquisition quality, particularly frequency
response and signal-to-noise ratio, are important for practi-
cal deployment. Previous work by Abdelhak et al. (2026a)
showed that measurement noise has a limited effect on the
identified first four natural frequencies located within 0–
8 Hz, while the transfer learning model successfully detected
scour with noise levels of up to 5 % of the original signal
root mean square (RMS). These findings indicate that scour-
induced changes remain identifiable under moderate mea-
surement noise. Nevertheless, reliable acceleration measure-
ments across the 0–8 Hz frequency range should be ensured
and further validated using field measurements.

In this study, multiple training protocols (similar to tasks
in the results section) are designed to evaluate the robust-
ness of the proposed approach across varying acceleration-
data-availability scenarios, including training on representa-
tive source turbines located at offshore sites with shallow,
intermediate, and deep water depths, with low, medium, and

high soil densities within each OWF. In Protocol 1, the model
is trained using labelled healthy and scoured data from repre-
sentative source turbines located at shallow-water sites with
low soil density (i.e. Turbine 1 from each OWF). Protocol
2 employs source turbines located at sites with intermediate
water level and medium soil density (i.e. Turbine 6 across
different farms). In Protocol 3, the source turbines are se-
lected from the deepest water sites, characterized by the high-
est soil density. In addition to these protocols, which use
source turbines with consistent site characteristics across all
wind farms, an additional protocol is proposed to investi-
gate scenarios in which the source turbines are selected from
varying water depths. Moreover, an extended training proto-
col is introduced to reduce domain mismatch through incor-
porating data from six representative turbines spanning both
shallow- and intermediate-water-depth conditions. This pro-
tocol also employs a target normalization scheme, in which
each target-turbine dataset is normalized with respect to the
closest reference-source turbine to further improve cross-
domain generalization. Across different training protocols,
a consistent evaluation is applied, where the trained model
is systematically evaluated on the remaining previously un-
seen target turbines within the wind farms, regardless of their
location or relative distance from the source turbines. Im-
portantly, each target turbine has unique site specifications
and is subjected to different levels of scour, ranging from
shallow scour depths (S = 1–3 m, S/D ≈ 0.5), intermediate
scour depths (S = 4–6,m, S/D ≈ 1.0), and deep scour depths
(S = 7–9 m, S/D ≈ 1.5), where S represents the scour depth,
while D represents the monopile diameter. The scour depth
is represented as a fraction of the monopile diameter to en-
able better interpretation of the results and account for vari-
ations in turbine and foundation dimensions among different
wind farms. Notably, the scour in this study is mainly char-
acterized by scour depth, given its significant impact on the
system’s dynamic characteristics, while other scour hole pa-
rameters, such as width and slope, are neglected due to their
minor impact. A simple accuracy metric, defined as the ratio
of correctly predicted samples to the total number of target
samples, is used to evaluate the model. For example, 50 %
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Table 2. NREL 5 MW OWT properties (Jonkman et al., 2009).

Description Value

Rating 5 MW
Configuration 3 blades
Rotor, hub diameter 126, 3 m
Hub height 90 m
Rated rotor speed 12.1 rpm
Rotor mass 110 000 kg
Nacelle mass 240 000 kg
Tower mass 347 500 kg
Monopile (MP) diameter 6.0 m
MP wall thicknesses 0.060 m (above mudline)
Tower top diameter, wall thickness 3.87, 0.019 m
Tower base diameter, wall thickness 6.0, 0.027 m
Support structure steel density 8500 kg m−3

Steel Young modulus 210 GPa
Steel shear modulus 80.8 GPa

accuracy indicates that the model fails to distinguish between
classes and is biased toward a single state (either all healthy
or all scoured), whereas 100 % accuracy reflects correct pre-
dictions for all samples.

3 Data generation

This study adopts the NREL 5 MW OWT (Jonkman et al.,
2009) as the reference model for data generation. A compre-
hensive overview of the structural parameters is provided in
Table 2.

3.1 Foundation specifications across wind farms

This study uses numerically generated vibration datasets rep-
resenting 3 medium-sized wind farms, each consisting of 11
turbine units. The farms are assumed to be located in sites
with dense, medium-dense, and loose sand and are subse-
quently referred to as Farm 1, Farm 2, and Farm 3, respec-
tively. Each farm has monopile-supported OWTs designed
according to site-specific soil characteristics. Turbines within
each farm are installed in water depths ranging from 20–
25 m, with variations in soil properties to account for lo-
cal soil heterogeneity and its influence on the structural re-
sponse. The monopile dimensions are also adjusted between
turbine locations to fulfil the required safety and design cri-
teria (Arany et al., 2017). The foundation specifications for
Farm 1 are provided in Appendix A (Table A1). Farm 1
comprises monopiles with a consistent diameter of 6 m and
a length of 30 m, with minor variations in wall thickness
to achieve the design requirements. Farm 2, assumed to be
founded in medium-dense sand, is detailed in Table A2. The
pile diameter varies from 6.0 to 6.2 m, while the wall thick-
ness remains constant at 90 mm. An embedment depth of
40 m is adopted according to (Arany et al., 2017). The speci-

fications for Farm 3 are presented in Table A3. This farm uses
varying pile diameters with a constant wall thickness and an
embedment depth of 50 m for all turbines.

3.2 Environmental conditions

Due to variation in installation locations, each wind farm
is assumed to experience distinct environmental conditions,
which aligns with realistic representations of real-world situ-
ations. Each farm is simulated under 12 load cases (LCs) en-
compassing variations in wind speed, wave height, and wave
period. All farms are assumed to be located in the Celtic Sea,
where measured environmental data are available from a sin-
gle buoy (M5, near Wicklow) (Huang and Yang, 2021). To
represent farm-specific environmental variability, measure-
ments from different years are assigned to each farm: Farm
1 uses 2022 records, Farm 2 uses 2023 records, and Farm 3
uses 2024 records. To focus on the most frequently occurring
environmental conditions and exclude extreme outliers, the
selected data are restricted to the 5th–95th percentile range.
A linear regression is then performed to establish the rela-
tionship between wind speed and wave height. The selected
wind speed range represents different turbine operating con-
ditions, while the corresponding sea state records provide the
associated wave height and period. Due to the limited avail-
ability of current measurements, the DNV-GL current model
(DNV, 2007) is used to estimate the sea surface current speed
as a function of the wind speed at the 10 m level above the sea
level. It should be noted that the water depth at the buoy loca-
tion may differ from that assumed for the wind farms because
of limited availability of environmental measurements at the
required depths. The environmental conditions for Farms 1–3
are presented in Tables A4–A6, respectively.

3.3 Numerical acceleration data generation

In this study, numerical acceleration signals are generated us-
ing an integrated OpenFAST–SSI model developed in MAT-
LAB. The dynamic response of each OWT is simulated us-
ing the aero-hydro-servo-elastic solver OpenFAST for the
NREL 5 MW reference-turbine model under combined aero-
dynamic and hydrodynamic loading. Turbulent wind fields
are generated using TurbSim based on the IEC Kaimal tur-
bulence model (IECKAI) (Cheynet et al., 2017), as recom-
mended by the IEC 61400-1 standard for simulating atmo-
spheric turbulence acting on wind turbines. A normal tur-
bulence model (NTM) with IEC turbulence class B and a
turbulence intensity of 12 % was adopted to represent typi-
cal offshore operating conditions. The mean wind speed at
the reference height of 90 m was specified based on the de-
fined environmental conditions in Sect. 3.2, while the vertical
wind profile was modelled using the IEC power-law formula-
tion. The resulting stochastic wind field captures the spatial
and temporal fluctuations in atmospheric turbulence across
the rotor plane, providing realistic aerodynamic loading for

https://doi.org/10.5194/wes-11-4205-2026 Wind Energ. Sci., 11, 4205–4235, 2026



4212 M. Abdelhak et al.: Machine learning framework for scour detection across multiple offshore wind farms

the OpenFAST simulations. The OpenFAST Aerodyne mod-
ule included the wake effect using blade element momentum
(BEM) theory. In addition, the JONSWAP spectrum in Open-
FAST represents irregular wave conditions, with the corre-
sponding significant wave height and peak wave period de-
fined according to the environmental conditions considered
for each OWF, as indicated in Sect. 3.2. Aerodynamic loads
are computed using BEM theory (Zhao et al., 2019), whereas
hydrodynamic loads acting on the support structure are eval-
uated using Morison’s equation (Wolfram and Naghipour,
1999). The sea current is incorporated using the normal cur-
rent model. It is important to note that this study does not
take yaw misalignment into account, which enables the anal-
ysis to concentrate only on changes in the dynamic response
occurring due to the scour effect.

A fixed random seed is used across the simulations to
maintain consistent stochastic wind and wave realizations
and thereby isolate the influence of scour on the structural re-
sponse. Each simulation is performed for 3700 s, and the first
100 s are discarded to remove start-up transients associated
with model initialization, resulting in 3600 s of response data
for subsequent analysis. The simulation implemented a time
step of 0.001 s, while the response outputs at every 0.01 s.
The relatively long simulation duration is selected to improve
the statistical convergence of the response features used for
scour detection. While this controlled approach facilitates a
direct comparison between different scour conditions, the use
of a fixed seed does not explicitly account for variability be-
tween independent stochastic realizations. Using a fixed ran-
dom seed ensures identical turbulent wind realizations are
generated, allowing changes in the structural response to be
attributed solely to the investigated scour conditions rather
than variations in the environmental loading. This assump-
tion is considered appropriate for evaluating the domain gen-
eralization capability of the proposed framework, where the
objective is to capture variations arising from different tur-
bine and foundation characteristics rather than farm-level
aerodynamic interactions. The robustness of the proposed
framework to different random seeds is therefore identified
as an important aspect for further investigation.

As OpenFAST assumes a rigid foundation and does not
explicitly model SSI, a bespoke SSI model is developed
in MATLAB and incorporated in OpenFAST by generat-
ing equivalent stiffness for zero-dimensional (0D) ground
springs. The monopile foundation is represented using a
modified Winkler formulation approach (Prendergast and
Gavin, 2016), comprising distributed nonlinear lateral p–y
springs together with rotational (m− θ ) and pile-tip springs
to capture the flexibility of the pile–soil system (Tott-Buswell
et al., 2024). The nonlinear soil resistance is derived from
cone penetration test (CPT)-based geotechnical properties
using a modified p–y approach, while the rotational re-
sistance accounts for shaft-friction mobilization generated
during pile rotation (Byrne et al., 2015). The nonlinear
load–displacement and moment–rotation responses are first

evaluated in MATLAB under the mudline loading obtained
from an equivalent rigid-foundation OpenFAST simulation.
Equivalent lateral and rotational secant stiffnesses are then
calculated and implemented in OpenFAST as 0D ground
springs at the mudline. Consequently, although the under-
lying soil model is nonlinear, it is incorporated into Open-
FAST through equivalent secant stiffness coefficients imple-
mented as 0D ground springs at the mudline, resulting in a
computationally efficient decoupled representation of foun-
dation flexibility. To simulate the scoured conditions, the soil
layer equivalent to the scour depth is removed, and the stiff-
ness of the soil springs located within the scoured region is
assigned to zero, effectively reducing the pile embedment
and updating the foundation stiffness matrix. For simplicity,
the springs below the scour depth are assumed to remain un-
affected, as no established methodology currently exists to
quantify the influence of reduced overburden on multi-spring
soil–pile interaction at depth, and this is beyond the scope of
this paper. The updated equivalent stiffness matrix is then im-
plemented in OpenFAST to simulate the dynamic response of
the turbine under each scour condition. In this study, scour
is characterized by scour depth, which represents the pri-
mary parameter influencing the loss of foundation stiffness
and the resulting changes in turbine dynamic response. This
study covers nine scour states, each represented by a spe-
cific scour depth, with scour depths ranging from 1 m to 9 m
(corresponding to S = 1, 2, . . . , 9 m, with S/D = 0.167 : 1.5)
considered. The decoupled sub-structuring approach imple-
mented herein has previously been validated against mono-
tonic pile pushover experiments (Tott-Buswell et al., 2024)
and has been successfully applied in previous OpenFAST-
based scour modelling studies (Abdelhak et al., 2025, 2026a,
b).

It should be noted that the variations in soil–structure in-
teraction behaviour arising from different soil properties and
scour depths are represented through corresponding modi-
fications of the foundation stiffness. In this study, simplified
homogeneous soil profiles are adopted to isolate the influence
of global soil stiffness on the dynamic response of OWTs
and to evaluate the proposed framework under controlled
geotechnical conditions. Although layered soil stratification
can influence scour development and foundation dynamics,
its effect on modal characteristics is generally smaller than
that resulting from substantial changes in overall soil stiff-
ness (e.g. dense versus loose sand) (Zefzouf et al., 2025).
Therefore, the proposed framework is expected to remain
effective under layered soil conditions, although its perfor-
mance may be influenced by the degree of soil heterogeneity
and layer configuration and therefore requires further inves-
tigation. Two sensor locations are considered to generate the
acceleration signals within the considered farms: Sensor 1,
located at the tower base, 10 m above sea level, and Sensor 2,
located at the tower top. Figure 3 presents representative ex-
amples of the generated acceleration signals for the healthy
and 9 m scour conditions, obtained from Sensors 1 and 2. The
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numerical model accounts for the structural damping; how-
ever, other types of damping, such as hydrodynamic damp-
ing associated with the submerged components, are not con-
sidered. A damping ratio of 1 % is adopted for the first and
second tower fore–aft and side–side modes in the numerical
simulations.

Accelerometers are commonly installed on modern OWTs
for structural health and condition monitoring purposes.
Therefore, the motivation for the proposed reference-turbine
approach is not the unavailability of acceleration measure-
ments, but the limited availability of suitable and accessible
labelled data from the target turbine, particularly for differ-
ent scour conditions. In practice, measurements associated
with known scour levels are difficult to obtain because scour
development is site-specific, and continuous ground-truth in-
formation is rarely available. In contrast, data from healthy or
reference turbines can be more readily collected to establish
baseline dynamic characteristics. The proposed framework
therefore investigates the potential to exploit data from ref-
erence turbines and transfer the learned scour-related char-
acteristics to other turbines, reducing the dependence on ex-
tensive labelled data from the target turbine. To assess this
approach under realistic conditions, the numerical model de-
scribed above is used to generate datasets that incorporate the
variability expected between turbines and offshore sites.

The numerical model described above is used to gener-
ate the training and testing datasets under variations in op-
erational and site conditions, thereby representing a range
of realistic OWT operating scenarios. Variations in water
depth, soil properties, turbine characteristics, environmen-
tal conditions, and scour depth are incorporated to cap-
ture the heterogeneous conditions encountered across OWFs.
Their interaction with SSI and turbine dynamic character-
istics exposes the ML model to a broad range of dynamic
responses associated with different turbine and foundation
configurations. Accordingly, the scenarios and tasks defined
in Sect. 2.5 are used to train, evaluate, and validate the ca-
pability of the proposed framework to detect scour across
multiple OWF environments and operating conditions. Al-
though the dynamic characteristics of OWTs are influenced
by various factors – including environmental variability; SSI
conditions; and other degradation mechanisms, such as cor-
rosion, marine growth, settlement, and grout deterioration –
this study focuses exclusively on scour-induced changes re-
sulting from reductions in foundation stiffness and modifi-
cations to boundary conditions. Accordingly, the proposed
framework is intended to detect scour-related variations in
the turbine’s bending modal characteristics rather than serve
as a universal diagnostic tool for all degradation mechanisms.
Other operational uncertainties, including controller effects,
rotor imbalance, sensor installation errors, and measurement
noise, are not explicitly considered in the present numerical
framework. In addition to these modelling assumptions, the
operating regime considered in the simulations also affects

the dynamic response and the associated excitation charac-
teristics.

The simulations primarily represent above-rated operating
conditions, under which the rotor speed is maintained close
to the rated value by the turbine controller. Therefore, the 3P
excitation frequency remains relatively consistent among the
investigated turbines. However, the proposed scour detection
framework does not rely on rotor harmonic components as
the primary indicator of scour; instead, it exploits changes in
the global dynamic response of the OWT system associated
with variations in SSI performance and foundation stiffness.
Above-rated operation represents an important condition for
OWT monitoring, as turbines frequently operate under these
conditions during their service life. Nevertheless, extending
the dataset to incorporate below-rated and transient operat-
ing conditions, where rotor speed and aerodynamic excita-
tion vary significantly, represents an important direction for
future research to evaluate the robustness and applicability of
the proposed framework.

3.4 Data preprocessing

The acceleration data generated from the integrated
OpenFAST–SSI model have 3600 s per sensor and are sam-
pled at 100 Hz, resulting in 360 000 time instants. Further
division of acceleration signals into fixed-width windows of
6000 time instants was conducted, resulting in 60 windows
per LC and a total of 720 data windows per turbine across
the 12 LCs for each scour state. The PSD of acceleration
signals at each window is estimated using Welch’s method
(Jwo et al., 2021), with a Hamming window of 1000 points
and 50 % overlap. The resulting PSDs are first converted
to a logarithmic scale and then trimmed to the first 80 fre-
quency bins to capture the low-frequency range where scour
has the most pronounced effect. The extracted PSD features
are subsequently normalized using the minimum and max-
imum values of the healthy state of the source turbine and
employed to train the DG model. The selected frequency
range of 0–8 Hz captures the dominant structural responses
of the turbine, including the first four global bending fre-
quency modes affected by variations in foundation stiffness,
as well as the dynamic response associated with scour de-
velopment within the given wind farms. Although the rotor
excitation frequency 1P is located at a much lower frequency
range, the structural modes within the 0–8 Hz range contain
important information regarding changes in the system dy-
namic behaviour. Therefore, the extracted spectral features
within this frequency range provide physically meaningful
indicators for identifying scour-induced degradation.

Figure 4 presents the t-distributed stochastic neighbour
embedding (t-SNE) visualization (Cieslak et al., 2020) of
the healthy and 2 m scoured state datasets for Turbines T1.6,
T2.6, and T3.6 in reduced dimension. t-SNE is a nonlin-
ear dimensionality reduction technique that projects high-
dimensional data into a low-dimensional space while pre-
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Figure 3. Acceleration response obtained from Sensors 1 and 2 at healthy and 9 m scour states.

serving local similarities between samples. The t-SNE visu-
alization shown in Fig. 4 is performed based on the raw in-
put data without the application of the DG model. Therefore,
the visualization illustrates the distribution of the reduced-
dimensional raw PSD features, not the latent features ex-
tracted from the DG model. The results indicate the chal-
lenge of distinguishing between healthy and scoured states
from the available data, highlighting the system’s complexity
and the difficulty of scour detection at the inter-farm scale.

3.5 Similarity study between OWT units across farms

A similarity study is conducted between the source and target
turbines within each farm using the maximum mean discrep-
ancy (MMD) metric (Ghojogh and Ghodsi, 2024). MMD is
a statistical metric primarily used to estimate the difference
between two probability distributions, in this case, the PSD
feature distributions of the source and target turbines. It eval-
uates the domain similarity by comparing their mean embed-
dings in a reproducing kernel Hilbert space (RKHS) (Gho-
jogh et al., 2021). The MMD distances between the healthy-
state data of the reference turbines and the remaining tur-
bines under different scour conditions are presented in Ap-
pendix A. Specifically, Table A7 reports the results for Tur-
bine T1.1 in Farm 1, Table A8 presents the corresponding
results for Turbine T2.1 in Farm 2, and Table A9 provides
the equivalent results for Turbine T3.1 in Farm 3. The results
reflect a significant difference between source- and target-

turbine data within each farm, primarily due to variations in
soil types, water depth, and structural configuration, all of
which alter the system’s dynamic performance. These factors
contribute to considerable overlap between the healthy and
scoured states across turbines within a farm. The intersec-
tion in the turbines’ data distributions across different states
demonstrates the complexity of farm-scale scour detection,
where each turbine is site-specific and affected by changes in
the offshore environment. The MMD distances between Tur-
bine T3.1 and the remaining turbines across all three farms
under healthy conditions are presented in Table A10. The re-
sults indicate that the inter-farm shift is larger than the intra-
farm shift; for example, in Farm 3, the intra-farm shift in-
creases progressively from Turbines T3.1 to T3.11 due to
variations in water depth and localized soil changes. Beyond
these intra-farm shifts, a clear inter-farm shift is observed
even between turbines installed at comparable water depths
(e.g. T3.1, T2.1, and T1.1), demonstrating that differences in
soil characteristics strongly influence the discrepancy in data
distributions. The combined effect of inter-farm and intra-
farm shifts highlights a significant challenge in developing
a fully generalized scour detection model capable of han-
dling variations across environmental and structural condi-
tions. The influence of scour-induced modal characteristic
changes is assessed by investigating the data distribution for
OWT in both healthy and scoured states using the MMD.
The results show that the MMD distance between healthy
and scoured conditions increases with scour depth, reflect-
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Figure 4. t-SNE distribution for raw PSD features for turbines (a) T1.6, (b) T2.6, and (c) T3.6 under 2 m scour depth state.

ing the increasing deviation in the dynamic response caused
by foundation stiffness degradation. In contrast, variations in
soil density between healthy turbines introduce significant
domain shifts, as observed from the increased MMD values
between turbines located at different farms. These shifts be-
come more pronounced when variations in soil conditions
are combined with changes in water depth, further increas-
ing the discrepancy between source- and target-turbine re-
sponses. These results highlight the challenge of scour detec-
tion under realistic offshore conditions. Small scour-induced
frequency shifts may be difficult to distinguish from normal
operational variability and site-to-site differences, whereas
larger domain shifts can result in healthy-state responses
from one turbine or farm overlapping with scoured-state re-
sponses from another. Therefore, effective scour detection re-
quires a DG framework capable of identifying scour-related
dynamic changes while reducing sensitivity to non-damage-
related variations.

To further investigate the physical influence of scour on
the turbine dynamic response, the natural frequencies of
the healthy and scoured foundation conditions are estimated
from the simulated acceleration responses using the FDD
method. Table 3 shows the natural frequencies for the first

four bending modes as well as the rate of variation/reduc-
tion under different scour states (S = 3, 6, and 9 m scour
depth; S/D = 0.5, 1, and 1.5) based on healthy-state mea-
surements. It represents the natural frequencies for differ-
ent turbines, characterized by various water depths and soil
densities (T1, T6, and T11) across different wind farms.
The results demonstrate that increasing scour depth leads to
a reduction in the effective foundation stiffness due to the
progressive loss of soil support, resulting in a decrease in
the tower natural frequencies. The first bending natural fre-
quency shows only a negligible change with increasing scour
severity, whereas the second bending frequency decreases
from 1.422 Hz under healthy conditions to 1.081 Hz at a
scour depth of 9 m, corresponding to a reduction of approxi-
mately 24 %. This frequency shift increases consistently with
scour severity, confirming that scour-induced degradation of
the soil–foundation system directly modifies the global dy-
namic characteristics of the OWT. To further investigate the
extent to which these scour-induced changes vary across
different turbine and site conditions, the effect of increas-
ing scour severity on the dynamic response of multiple tur-
bines across different wind farms is subsequently assessed,
as shown in Table 3. Soil density has a pronounced effect

https://doi.org/10.5194/wes-11-4205-2026 Wind Energ. Sci., 11, 4205–4235, 2026



4216 M. Abdelhak et al.: Machine learning framework for scour detection across multiple offshore wind farms

Figure 5. PSD for turbines (T1.1, T2.1, T3.1) in both healthy and
scoured states in the 0–8 Hz range.

on natural frequencies. When the soil type is varied while
maintaining a constant water depth, the second natural fre-
quency decreases significantly, from 1.422 Hz for T1.1 to
1.244 Hz for T2.1 and 1.148 Hz for T3.1. A similar trend
is observed for higher-order natural frequencies, indicating
that variations in soil density substantially influence the dy-
namic characteristics of the OWT compared to water depth.
At a constant water depth of 20 m, reducing soil density at
Turbines T1.1, T2.1, and T3.1 decreases the lateral founda-
tion stiffness, increasing the flexibility of the soil–foundation
system and consequently reducing the natural frequencies. In
contrast, greater water depths increase the unsupported tower
height and global structural flexibility, with more pronounced
effects observed at higher-order modes.

Figure 5 represents the PSD for turbines (T1.1, T2.1, T3.1)
in both healthy and scoured states in the 0–8 Hz range, with
the frequency ranges corresponding to the first, second, third,
and fourth modes highlighted. As shown, the first-mode nat-
ural frequency exhibits the smallest variation with changes
in scour condition and turbine location. In contrast, higher
modes, particularly the second mode, exhibit greater sensi-
tivity to changes in scour condition, along with additional
variations associated with turbine location. A similar trend is
expected for the third and fourth modes.

4 Results and discussion

In this section, the methodology explained in Sect. 2.1 is
implemented and validated using the datasets generated in
Sect. 3.3. First, the proposed framework is validated through
different training and testing protocols to assess its gener-
alization capability. A sensitivity analysis is then conducted
to investigate the effects of DG versus a conventional super-
vised learning baseline model, as well as using single-source

versus multi-source turbines and the impact of sensor loca-
tions at the source turbines on the framework’s performance.
The sensitivity to the number of source turbines and their
spatial locations within the wind farm is subsequently as-
sessed. Finally, the influence of the selected DG model on
the detection performance is investigated.

4.1 Global scour detection across different farms

For multi-source-domain generalization, the feature sets
from the three source turbines are first combined into a uni-
fied training dataset. Each sample is assigned two labels: a
structural condition label indicating the scour state (healthy
or scoured) and a domain label identifying its source tur-
bine. The three source turbines are assigned distinct domain
labels (1, 2, and 3), and the corresponding feature vectors,
condition labels, and domain labels are concatenated to form
the training dataset. The combined data are then passed to
a data loader, which organizes the samples into batches of
720. Each batch contains data from all three source domains,
thereby providing the model with diverse turbine-specific re-
sponses during training and encouraging the learning of both
scour-discriminative and domain-invariant features. In each
training iteration, the data are processed through the shared
feature extractor to obtain latent representations. These rep-
resentations are subsequently processed by two branches: a
classification branch that predicts the structural condition and
a domain-discrimination branch that identifies the source tur-
bine. For the DANN framework, the training objective com-
prises two complementary components: a classification loss
and a domain classification loss. The classification loss pro-
motes accurate identification of the scour state from the la-
belled source-domain data, while the domain classification
loss encourages the feature extractor to learn representations
that are less dependent on the source domain. Through ad-
versarial training, the feature extractor is optimized to im-
prove scour classification while simultaneously making the
extracted representations increasingly difficult for the do-
main discriminator to distinguish between source domains.
This process suppresses domain-specific characteristics asso-
ciated with differences in turbines, sites, and operating con-
ditions while retaining features relevant to scour detection,
resulting in more discriminative and transferable representa-
tions. The classifier and domain discriminator are optimized
using learning rates of 0.00075 and 0.001, respectively. A
gradually adjusted learning rate is applied during training to
improve optimization stability.

At each iteration, the classification and domain losses are
calculated from the corresponding branches and combined
to update the network parameters according to the DANN
objective. Model performance is monitored throughout the
training process, with classification accuracy evaluated on
the source-domain data at each iteration. Early stopping is
applied to limit overfitting, with training terminated when
the classification accuracy on the source turbines decreases
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Table 3. First four bending mode natural frequencies of healthy and scoured turbines across different farms.

Damage condition Percentage of change

Turbine Mode Healthy 3 m 6 m 9 m 3 m 6 m 9 m
(Hz) (Hz) (Hz) (Hz) (%) (%) (%)

T1.1

1st mode 0.244 0.244 0.244 0.244 0.0 0.0 0.0
2nd mode 1.422 1.337 1.210 1.081 6.0 14.9 24.0
3rd mode 2.909 2.844 2.705 2.611 2.2 7.0 10.2
4th mode 6.595 6.479 6.273 6.116 1.8 4.9 7.3

T1.6

1st mode 0.246 0.246 0.244 0.244 0.0 0.8 0.8
2nd mode 1.399 1.337 1.210 1.131 4.4 13.5 19.2
3rd mode 2.992 2.916 2.781 2.659 2.5 7.1 11.1
4th mode 6.755 6.568 6.411 6.097 2.8 5.1 9.7

T1.11

1st mode 0.244 0.244 0.244 0.244 0.0 0.0 0.0
2nd mode 1.422 1.348 1.210 1.148 5.2 14.9 19.3
3rd mode 3.095 3.019 2.844 2.746 2.5 8.1 11.3
4th mode 6.866 6.758 6.500 6.273 1.6 5.3 8.6

T2.1

1st mode 0.248 0.248 0.244 0.244 0.0 1.6 1.6
2nd mode 1.244 1.210 1.140 1.100 2.7 8.4 11.6
3rd mode 2.792 2.732 2.652 2.568 2.1 5.0 8.0
4th mode 6.416 6.292 6.150 6.039 1.9 4.1 5.9

T2.6

1st mode 0.248 0.248 0.248 0.244 0.0 0.0 1.6
2nd mode 1.228 1.159 1.064 1.100 5.6 13.4 10.4
3rd mode 2.791 2.752 2.650 2.568 1.4 5.1 8.0
4th mode 6.405 6.260 6.098 6.039 2.3 4.8 5.7

T2.11

1st mode 0.244 0.244 0.244 0.244 0.0 0.0 0.0
2nd mode 1.324 1.210 1.164 1.092 8.6 12.1 17.5
3rd mode 2.945 2.881 2.801 2.698 2.2 4.9 8.4
4th mode 6.561 6.518 6.308 6.163 0.7 3.9 6.1

T3.1

1st mode 0.244 0.244 0.244 0.244 0.0 0.0 0.0
2nd mode 1.148 1.099 1.047 0.968 4.3 8.8 15.7
3rd mode 2.661 2.617 2.542 2.450 1.7 4.5 7.9
4th mode 6.212 6.108 6.029 5.972 1.7 2.9 3.9

T3.6

1st mode 0.244 0.244 0.244 0.244 0.0 0.0 0.0
2nd mode 1.210 1.132 1.074 1.011 6.4 11.2 16.4
3rd mode 2.737 2.687 2.642 2.542 1.8 3.5 7.1
4th mode 6.293 6.212 6.044 6.029 1.3 4.0 4.2

T3.11

1st mode 0.248 0.248 0.248 0.235 0.0 0.0 5.2
2nd mode 1.210 1.159 1.098 1.024 4.2 9.3 15.4
3rd mode 2.820 2.790 2.714 2.628 1.1 3.8 6.8
4th mode 6.365 6.283 6.162 6.070 1.3 3.2 4.6

by more than 3 %. In addition, model performance is evalu-
ated and logged on the target-domain data at regular intervals
to monitor the generalization behaviour throughout train-
ing. During the evaluation phase, the unseen target dataset
is normalized using the corresponding reference turbine at
the same farm and employed to assess model accuracy at
the final iteration. The model’s capability for detecting var-
ious scour levels at the remaining previously unseen target
turbines across the given farms is thoroughly assessed. This

study employs multiple training and evaluation protocols, as
described in Sect. 2.5, to assess the performance of the pro-
posed framework across various practical scenarios. Table 4
presents the training protocols/tasks used for model develop-
ment. In Task 1, the model is trained on data from the ref-
erence turbine, located in shallow water with the lowest soil
density within each farm (T1.1, T2.1, and T3.1). Task 2 and
Task 3 extend this by training the model on turbines located
at intermediate water depths with medium soil density (T1.6,
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T2.6, and T3.6) and in deep water with the highest soil den-
sity (T1.11, T2.11, and T3.11), respectively. Additionally,
Task 4 simulates challenging scenarios with mixed-source
turbines installed at varying water depths (T1.1, T2.11, and
T3.6).

Figure 6a–c illustrate the performance of the proposed
model in identifying the scour state at target turbines in
Farms 1, 2, and 3, respectively. The robustness of the pro-
posed framework is assessed by evaluating its capability to
detect the healthy condition, which verifies the model’s ca-
pacity to distinguish normal operating conditions from scour-
induced foundation degradation. The results show that the
proposed DG framework accurately identifies healthy foun-
dation conditions while maintaining reliable prediction per-
formance for the different scour depths across previously un-
seen target turbines. For example, the proposed model ef-
fectively detected the healthy state for all target turbines
across different wind farms when trained using Task 1. In
addition, the results indicate that in Task 1, the model ef-
fectively detects scour states with scour depths (S > 3 m,
with S/D > 0.5) around monopile foundations in Farm 1
and Farm 2. Its performance is reduced at Farm 3, particu-
larly for the deep-water units (T3.8–T3.11). Although per-
formance decreases for shallow scour depths (S = 1–3 m,
with S/D = 0.167–0.5), the model reliably detects inter-
mediate scour (S = 4–6 m, with S/D = 0.67–1.0) and deep
scour levels (S = 7–9 m, with S/D > 1) across the studied
farms. Overall, Task 1 demonstrates high robustness in con-
sistently detecting scour depths across various turbines, re-
gardless of their site-specific conditions. The classification
performance shown in Fig. 6 represents the prediction ac-
curacy for each scour condition and does not imply a direct
linear relationship between scour depth and detection per-
formance. Increasing scour depth leads to greater modifica-
tion of the SSI system and consequently larger changes in
the turbine dynamic response. As scour depth increases, the
foundation stiffness decreases, resulting in a more flexible
support system. Initially, the structural response is dominated
by bending behaviour; however, as scour progresses, the re-
sponse may gradually transition towards a more rigid-body
rotational mode. Consequently, the incremental changes in
the dynamic characteristics become smaller with increasing
scour depth, potentially making the detection of deeper scour
levels more challenging. This trend is also reflected in the
diminishing rate of increase in the natural period (or corre-
sponding reduction in natural frequency) as scour depth con-
tinues to increase.

Figure 7a–c illustrate the model’s performance when
trained on Task 2 and evaluated on the remaining target tur-
bines across the given OWFs. As shown, the model achieves
satisfactory performance for detecting the healthy state at tur-
bines located in deeper water depth and with higher soil den-
sity when trained using Task 2. However, the model fails to
detect the healthy state for turbines located in shallower wa-
ter depth and with lower soil density. This demonstrates that

the learned representations are associated with scour-induced
changes in structural dynamics rather than turbine-specific
characteristics arising from differences in foundation prop-
erties, structural configuration, or environmental conditions.
In Task 2, the model exhibits low generalization capability
across wind farm units, with satisfactory accuracy limited to
turbines closely matching the source conditions, particularly
in terms of water depth and soil density. A similar trend is
observed across all three wind farms, where turbines located
at greater water depths than the source turbine are accurately
identified. In contrast, the scour detection performance de-
grades for turbines in shallower water due to the distribu-
tional shift in data caused by differences in water depth and
soil stiffness. These shifts lead to misclassification, with the
model often incorrectly identifying a healthy state as scoured
due to similarities between the source turbines’ healthy state
and the target turbines’ scoured state. Despite its limited per-
formance for shallow-water turbines (T1.1–T1.5, T2.1–T2.5,
and T3.1–T3.5), the model effectively detects scour in deep-
water turbines, achieving accuracies above 90 %.

Figure 8a–c indicate the model accuracy when trained on
Task 3 and evaluated on the remaining turbines across all
three farms. When trained using Task 3, the model demon-
strates satisfactory capability in identifying the healthy state
for turbines operating in deeper water depths and charac-
terized by higher soil densities. However, its performance
deteriorates for turbines located in shallower water depths
and softer soil conditions, where the healthy state is not re-
liably detected. The results show that model performance
is strongly influenced by the source-turbine location within
each farm. Notably, scour detection at Farm 1 yields the most
consistent results compared with Farms 2 and 3. The model
achieves acceptable accuracy for the two turbines closest to
the source (T1.9, T1.10); however, its accuracy drops sharply
for turbines in shallower water, indicating limited general-
ization across target turbines operating under varying condi-
tions. This reduction in accuracy is primarily due to differ-
ences between the invariant features learned during training
and those observed during evaluation. A comparison across
the different training tasks further reveals that using shallow-
water turbines with lower soil stiffness as source domains
consistently outperforms training on intermediate- or deep-
water turbines with higher soil stiffness, indicating the im-
portance of carefully selecting source turbines to maximize
scour detection performance at the wind farm scale.

Figure 9a–c represent the results for the model trained
on Task 4 and assessed across multiple target turbines. As
shown, the model demonstrates strong capability in iden-
tifying the healthy state for Farm 1; however, its perfor-
mance deteriorates when applied to Farms 2 and 3. In these
cases, satisfactory detection is achieved only for turbines lo-
cated in deeper waters, while the accuracy decreases signifi-
cantly for turbines operating in shallower water conditions.
The results demonstrate that models trained on combined
source data achieve higher scour detection accuracy when
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Table 4. Training task specifications used for the model development.

Task Source turbine Target turbine Task description

Task 1 {T1.1, T2.1, T3.1} Corresponding to the
remaining turbines
across the three farms,
including Farm 1
{T1.1–T1.11}, Farm 2
{T2.1–T2.11}, and
Farm 3 {T3.1–T3.11}

Evaluation of cross-farm generalization using shallow-water turbines
with relatively low foundation stiffness as source domains

Task 2 {T1.6, T2.6, T3.6} Evaluation using intermediate-water turbines and
intermediate-foundation-stiffness conditions

Task 3 {T1.11, T2.11, T3.11} Evaluation using deep-water turbines with relatively
high-foundation-stiffness conditions

Task 4 {T1.1, T2.11, T3.6} Evaluation using heterogeneous source turbines representing diverse
foundation and environmental conditions

Figure 6. The proposed model performance when trained on Task 1 and evaluated on target OWTs located at (a) Farm 1, (b) Farm 2, and
(c) Farm 3.
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Figure 7. The proposed model performance when trained on Task 2 and evaluated on target OWTs located at (a) Farm 1, (b) Farm 2, and
(c) Farm 3.

shallow-water turbines with lower soil density are employed
as source domains. In contrast, performance decreases when
intermediate- or deep-water turbines with increased soil den-
sity are selected. This reduction in accuracy is primarily
attributed to the model’s limited capability to identify the
healthy state, which is misclassified as scour due to distri-
butional shifts. Overall, the model reliably detected scour for
turbines installed at greater water depths, particularly those
with higher soil stiffness than the training conditions. Con-
sequently, the proposed framework exhibits improved gener-
alization capability for practical deployment across hetero-
geneous OWFs, where both healthy and scoured foundation
conditions are expected to coexist. Despite its enhanced per-
formance in detecting the healthy state when only healthy
data exist at the unseen turbine, its performance is reduced
sharply for detecting 1–2 m scour depth because the reduced
impact on the dynamic performance leads to small changes
due to scour, which are masked by operational and environ-
mental variation.

To assess the benefit of applying DG strategies to gen-
eralize scour detection at the inter-farm level, a conven-

tional supervised learning baseline model developed using
the empirical risk minimization (ERM) method is also im-
plemented. The ERM model employs the same network ar-
chitecture, training data, and optimization strategy as the
proposed DANN framework, with the only difference be-
ing the absence of the domain-adversarial component. Con-
sequently, the ERM model learns solely by minimizing the
classification loss on the source-domain data without enforc-
ing domain-invariant feature representations. Comparing the
ERM baseline with DANN enables the assessment of the per-
formance improvement obtained due to applying DG, along
with its isolation from the influence of the source-turbine se-
lection. Any performance difference between the ERM base-
line and the DG approaches can be directly attributed to the
ability of DG methods to learn feature representations that
are robust to the distribution shifts between source and tar-
get turbines. The capability of the DANN-based scour de-
tection method is further assessed to mitigate the domain
shift arising from variations in site-specific conditions, tur-
bine characteristics, and environmental conditions across dif-
ferent OWFs. Figures A1–A4 demonstrate the model perfor-
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Figure 8. The proposed model performance when trained on Task 3 and evaluated on target OWTs located at (a) Farm 1, (b) Farm 2, and
(c) Farm 3.

mance for detecting scour using different training and test-
ing tasks (Tasks 1–4) and are presented in Appendix A. The
results show that low to moderate gains in performance are
obtained due to the application of DG. For example, the ap-
plication of DG leads to an enhancement in scour detection
at shallow-water turbines (T1.1, T1.2, T2.1, T2.2, T3.1, and
T3.2) across different wind farms, reaching a 23 % enhance-
ment for detecting 6 m scour at T3.1. Under Task 1 training,
the application of DG shows the highest impact in detecting
scour at Farm 3. Similar improvement is obtained for training
Tasks 3 and 4. Despite enhancing the detectability for shal-
low scour depths at deep Turbines T6–T11 across different
turbines at Task 2, its application induced an adverse effect
at shallow-water turbines. The observed improvement is not
solely attributable to the selection of the source turbines, but
also to the domain-invariant feature learning enabled by the
adversarial training process.

To further evaluate the effectiveness of the proposed DG-
based training strategy, an additional single-source baseline
is considered. In this case, the model is trained exclusively
using data from a single-source turbine, e.g. Turbine T1.1,

which represents the shallowest water depth and lowest foun-
dation stiffness among the investigated OWTs within Farm
1. Figure 10 represents the performance of the single-source
DG model, developed using the PSD features extracted from
the acceleration responses of Turbine T1.1 under healthy and
1 m scour conditions. The model is evaluated for scour-state
detection across multiple target turbines located in Farms
1, 2, and 3. Compared with the proposed DG-based frame-
work using the same unseen target turbines, the single-source
model achieves satisfactory results for detecting the scour
state at the same farm (Farm 1). However, in terms of its
performance in detecting scour at Farm 2, its capability to
detect scour deteriorates significantly at other farms (Farms
2 and 3), failing to detect any scour scenario at any target tur-
bines within these farms. Although the single-source model
achieves satisfactory performance for turbines with similar
dynamic characteristics, its prediction accuracy decreases as
the discrepancy between the source and target turbines in-
creases. In contrast, the DG-based framework consistently
demonstrates improved prediction accuracy and robustness
across the diverse target turbines. These findings indicate
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Figure 9. The proposed model performance when trained on Task 4 and evaluated on target OWTs located at (a) Farm 1, (b) Farm 2, and
(c) Farm 3.

that the enhanced performance of the proposed framework is
primarily attributed to the increased diversity of the source-
domain data, which enables the model to learn more gener-
alized scour-related features, rather than relying on the char-
acteristics of a single favourable source turbine.

4.2 Model sensitivity to tower sensor positioning

To enhance the applicability of the proposed framework and
evaluate the effectiveness of acceleration sensors at differ-
ent locations, this section investigates the impact of sensor
placement on model performance. Specifically, the model is
re-evaluated using acceleration data collected at the tower top
rather than at the sensor located at the tower base. Consistent
with earlier analyses, the model is trained on Task 1, with the
architecture and hyperparameters kept constant. Table 5 rep-
resents the impact of sensor location on model performance,
measured as the average scour detection accuracy across all
target turbines in all given farms (T1.2–T1.11, T2.1–T2.11,
and T3.1–T3.11) over a range of scour depths. However, the
performance may vary between individual OWTs; the av-
erage accuracy reflects the overall trend. The results show

that, regardless of sensor location, the model performs well
for larger scour depths (S > 6 m, with S/D > 1), demon-
strating its strong potential for farm-level scour detection.
However, the model trained using data collected at the tower
base achieves higher accuracy for shallow and intermedi-
ate scour depths, particularly for in-range S = 3–6 m, with
S/D = 0.5–1, highlighting that the tower base is a more ef-
fective sensor location. Primarily, the base-mounted sensor
provides more stable performance across farms, with lower
variability in detection accuracy than the tower-top sensor,
particularly for turbines farther from the source conditions.
Regardless of the sensor location, the model struggles to
detect very shallow scour depths (S = 1–2 m, with S/D =
0.167-0.33), likely due to the minimal changes in accelera-
tion response at early scour stages, which exhibit small scour
depths compared to the pile length (L= 30, 40, and 50 m for
Farms 1, 2, and 3, respectively). The superior scour detec-
tion performance achieved using the tower base accelerom-
eter highlights the importance of sensor location in captur-
ing scour-induced dynamic variations. The foundation–soil
stiffness degradation caused by scour primarily affects the
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Figure 10. The performance of a single model when trained on Turbine T1.1 and evaluated on target OWTs located at (a) Farm 1, (b) Farm 2,
and (c) Farm 3.

SSI system and consequently modifies the global vibration
characteristics of the turbine, particularly the second mode,
which involves significant deformation near the tower base
and foundation region. The second structural mode is ex-
pected to exhibit increased sensitivity to foundation stiffness
variations because its deformation pattern includes a greater
contribution from the lower tower and foundation response.
Measurements obtained near the tower base are therefore
more representative of changes in the foundation dynamic
behaviour and provide enhanced sensitivity to scour-induced
variations. Conversely, tower top measurements are influ-
enced by the response of the entire turbine structure and may
include additional contributions from aerodynamic loading
and higher-order structural effects, reducing the relative con-
tribution of foundation-related changes. These observations
demonstrate that appropriate sensor placement can signifi-
cantly enhance vibration-based scour detection performance
by improving the sensitivity to the structural modes affected
by foundation degradation.

4.3 Sensitivity of model performance to the number of
source turbines

This section examines the influence of source data volume
and diversity on model accuracy and introduces an alter-
native approach to improve the prediction performance for
turbines located far from the source turbines. The effect of
increasing the number of source turbines used for training
the DG model is thoroughly investigated by expanding the
source set from three to six turbines (T1.1, T1.6, T2.1, T2.6,
T3.1, and T3.6). In this section, each target turbine is nor-
malized with respect to its closest source turbine. Figure 11
presents the impact of the number of source turbines on
model performance. The average accuracy across all turbines
in the given OWF is reported at different scour depths and
compared with the results from Sect. 4.2, where only three
source turbines with sensors located at the tower base were
employed. The results show that increasing the diversity of
the source dataset significantly enhances model accuracy,
particularly for shallow scour depths (S = 2–4 m), with lim-
ited impact at deeper scour depths. These findings highlight
the importance of source data volume and diversity, suggest-
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Table 5. The impact of sensor location at the source turbines on the scour detection accuracy at the target turbines across the farms.

Farm Sensor location Average scour detection accuracy across the farm under different scour states (%)

Healthy 1 m 2 m 3 m 4 m 5 m 6 m 7 m 8 m 9 m

Farm 1
Sensor 1

Avg. 99.3 56.4 65.6 77.9 93.4 99.5 99.6 99.6 99.6 99.6
SD ±1.9 ±14.0 ±18.3 ±21.3 ±8.00 ±0.80 ±0.80 ±0.80 ±0.80 ±0.80

Sensor 2
Avg. 99.3 54.9 61.7 72.2 82.5 95.9 98.9 99.0 99.0 99.0
SD ±1.7 ±11.0 ±16.9 ±21.2 ±19.4 ±4.40 ±2.20 ±2.30 ±2.30 ±2.30

Farm 2
Sensor 1

Avg. 97.4 56.2 63.7 76.2 90.4 96.2 97.9 98.2 98.2 98.2
SD ±3.8 ±12.2 ±14.6 ±14.8 ±7.20 ±2.00 ±2.10 ±2.20 ±2.20 ±2.20

Sensor 2
Avg. 97.4 54.2 60.9 68.2 76.9 88.4 96.3 98.0 98.3 98.3
SD ±3.8 ±7.90 ±14.9 ±19.6 ±18.7 ±13.1 ±3.70 ±2.80 ±2.80 ±2.80

Farm 3
Sensor 1

Avg. 92.9 56.3 64.6 73.4 83.4 91.6 97.6 99.5 99.6 99.1
SD ±3.5 ±6.80 ±12.2 ±14.5 ±13.0 ±9.20 ±2.70 ±0.60 ±0.90 ±1.90

Sensor 2
Avg. 98.5 53.2 59.4 67.4 76.1 84.4 91.6 96.4 97.8 98.1
SD ±1.5 ±5.00 ±11.7 ±17.9 ±18.0 ±16.3 ±9.80 ±3.60 ±2.80 ±2.90

Figure 11. The impact of the number of source turbines on the
model performance.

ing that increasing access to a wide set of source turbines
enhances overall scour detection performance.

4.4 Influence of the DG method on model behaviour

This section evaluates the impact of the chosen DG method
on overall model performance by comparing the CCDG ap-
proach with the proposed DANN framework for scour de-
tection. The CCDG method is designed to learn domain-
invariant features that generalize to previously unseen tar-
get domains by combining classification loss with condi-
tional contrastive loss. This formulation encourages similar-
ity among features of the same class across different domains
while minimizing similarity between different classes. The
training strategy for CCDG combines supervised scour clas-
sification with a contrastive learning objective to improve the

robustness of the extracted feature representations. The over-
all training loss consists of two complementary components:
the classification loss and the contrastive loss. The classifica-
tion loss is calculated using the negative log-likelihood loss
and guides the model to correctly predict the scour state from
the labelled source-domain samples to ensure the learned fea-
tures retain the information required for accurate scour iden-
tification. The contrastive loss is applied to the latent feature
representations extracted by the shared network. By using
domain labels, the contrastive objective encourages samples
from different domains to learn more consistent feature rep-
resentations while reducing domain-specific variations. The
two losses are combined to form the total training objective,
where the classification loss promotes discriminative features
for scour detection, and the contrastive loss improves feature
alignment across domains. During each iteration, the model
parameters are updated by minimizing this combined loss,
resulting in feature representations that are both sensitive to
scour-related changes and more robust against variations in
turbine characteristics, environmental conditions, and opera-
tional scenarios. This approach enhances the generalization
capability of the model when applied to previously unseen
turbines or offshore wind farm conditions. For the feature ex-
tractor, a 1D CNN is employed, using an architecture consis-
tent with that of the DANN model. To ensure a fair compar-
ison, the source turbines, network architecture, and hyperpa-
rameters are kept identical for both methods, and the average
performance of the CCDG vs. DANN method for scour de-
tection at Farms 1, 2, and 3 is compared as shown in Fig. 12.
The results reveal that both DG models achieve high detec-
tion accuracy, with only minor differences in performance.
At Farm 1, both models exhibit comparable results; however,
CCDG has better accuracy in detecting shallow scour depths
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Figure 12. The impact of the selected DG method on the model
performance.

at Farms 2 and 3, whereas DANN performs better in detect-
ing larger scour depths.

The present study is limited to hypothetical wind farms,
in which site conditions are assumed to vary uniformly
across turbines within a specified range of scour depths. It
is further assumed that the soil density changes with wa-
ter depth, which is restricted to a range of 20–25 m for
the considered wind farms. Due to data availability con-
straints, the validation of the proposed framework is based
on numerically generated datasets obtained using a coupled
OpenFAST–SSI model; therefore, variations in model perfor-
mance may occur when the proposed approach is applied to
real-world measurements. Additionally, the analysis is lim-
ited to the predefined operational and environmental con-
ditions using an NREL 5 MW turbine model. These condi-
tions replicate typical operational conditions, with sea cur-
rents modelled theoretically rather than measured. There-
fore, further changes in model performance may be antici-
pated when the model is applied to field data. Although the
proposed framework demonstrates effective cross-farm scour
detection using labelled data from representative source tur-
bines, future research should investigate learning strategies
that further reduce the reliance on labelled data. In particu-
lar, self-supervised and semi-supervised learning approaches
offer considerable potential for exploiting the large volumes
of unlabelled operational monitoring data routinely collected
from OWTs. Furthermore, extending the proposed frame-
work to heterogeneous offshore wind fleets comprising dif-
ferent turbine ratings, manufacturers, support structures, and
foundation types represents an important step towards scal-
able fleet-wide structural health monitoring and practical in-
dustrial deployment.

5 Conclusion

This study proposes a general framework for scour detection
at the inter-offshore-wind-farm level. The framework primar-
ily relies on the domain generalization model, developed us-
ing early installation data from a single sensor on an indi-
vidual reference turbine at each farm. Training on the com-
bined source dataset, obtained from three farms, evaluates the
model’s capacity for scour detection at the remaining previ-
ously unseen target turbines, yielding the following results.

– The model trained on source turbines located in shal-
low water with lower soil densities demonstrates strong
potential for generalized scour detection at different tar-
get turbines with higher soil densities across the three
farms. However, models trained on intermediate- or
deep-water turbines with higher soil densities show re-
duced generalization capability.

– The model excels for scour detection across farms when
developed on datasets obtained from the shallowest
and lowest-stiffness foundations. However, training the
model on scenarios with increased water depth and
higher-stiffness foundations resulted in reduced perfor-
mance.

– The proposed multi-source DG model outperforms both
the baseline model without DG and the single-source
DG model in detecting scour across different turbines
located at multiple wind farms.

– Models developed using tower base sensor data outper-
form those based on a tower top sensor, highlighting that
the tower bottom is the optimal sensor placement for ef-
fective scour detection.

– Increasing the number of source turbines has a notable
impact on enhancing the model performance, specifi-
cally at shallow scour depths.

– Both DANN and CCDG domain generalization meth-
ods maintain high performance for generalized scour
detection, successfully detecting intermediate and deep
scour depths but failing to detect shallow scour depths
of 1 m.

This study is limited to 3 hypothetical wind farms, each com-
prising 11 OWT units. The effect of increasing the number
of farms and unit locations on the model performance neces-
sitates further investigation. The robustness of the proposed
framework to different random initializations also requires
further investigation. In addition, considering other degrada-
tion mechanisms or operational uncertainties combined with
scour, such as controller effects, rotor imbalance, sensor in-
stallation errors, and measurement noise, necessitates fur-
ther assessment. Furthermore, the applicability of the frame-
work under below-rated and transient conditions, where rotor
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speed and aerodynamic excitation vary more significantly,
remains to be investigated. Additionally, the impact of in-
corporating alternative feature types on model performance
requires further assessment. Future work should also explore
the use of other domain generalization methods to mitigate
data shifts, as well as the potential of training and testing
across different farms to better evaluate the model’s general-
ization capacity.
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Appendix A

Table A1. Key specifications of OWT foundations at Farm 1.

Unit Water Soil relative Soil unit weight Pile Wall Embedment
name depth (m) density (kN m−3) diameter (m) thickness (mm) depth (m)

T1.1 20.0 0.70 19.0 6 85 30
T1.2 20.5 0.72 19.1 6 85 30
T1.3 21.0 0.74 19.2 6 85 30
T1.4 21.5 0.76 19.3 6 90 30
T1.5 22.0 0.78 19.4 6 90 30
T1.6 22.5 0.80 19.5 6 90 30
T1.7 23.0 0.82 19.6 6 90 30
T1.8 23.5 0.84 19.7 6 95 30
T1.9 24.0 0.86 19.8 6 95 30
T1.10 24.5 0.88 19.9 6 95 30
T1.11 25.0 0.90 20.0 6 95 30

Table A2. Key specifications of OWT foundations at Farm 2.

Unit Water Soil relative Soil unit weight Pile Wall Embedment
name depth (m) density (kN m−3) diameter (m) thickness (mm) depth (m)

T2.1 20.0 0.40 18.0 6.0 90 40
T2.2 20.5 0.42 18.1 6.0 90 40
T2.3 21.0 0.44 18.2 6.0 90 40
T2.4 21.5 0.46 18.3 6.0 90 40
T2.5 22.0 0.48 18.4 6.0 90 40
T2.6 22.5 0.50 18.5 6.1 90 40
T2.7 23.0 0.52 18.6 6.1 90 40
T2.8 23.5 0.54 18.7 6.1 90 40
T2.9 24.0 0.56 18.8 6.1 90 40
T2.10 24.5 0.58 18.9 6.2 90 40
T2.11 25.0 0.60 19.0 6.2 90 40

Table A3. Key specifications of OWT foundations at Farm 3.

Unit Water Soil relative Soil unit weight Pile Wall Embedment
name depth (m) density (kN m−3) diameter (m) thickness (mm) depth (m)

T3.1 20.0 0.20 17.0 6.0 90 50
T3.2 20.5 0.22 17.1 6.0 90 50
T3.3 21.0 0.24 17.2 6.0 90 50
T3.4 21.5 0.26 17.3 6.0 90 50
T3.5 22.0 0.28 17.4 6.0 90 50
T3.6 22.5 0.30 17.5 6.1 90 50
T3.7 23.0 0.32 17.6 6.1 90 50
T3.8 23.5 0.34 17.7 6.1 90 50
T3.9 24.0 0.36 17.8 6.1 90 50
T3.10 24.5 0.38 17.9 6.2 90 50
T3.11 25.0 0.40 18.0 6.2 90 50
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Table A4. Environmental conditions at Farm 1.

Load case Wind speed (m s−1) Significant wave height (m) Wave peak period (second) Current speed (m s−1)

LC 1.1 10.0 1.61 5.14 0.26
LC 1.2 11.0 1.73 5.23 0.29
LC 1.3 11.5 1.79 5.28 0.30
LC 1.4 12.0 1.85 5.32 0.31
LC 1.5 12.5 1.91 5.37 0.32
LC 1.6 13.0 1.97 5.41 0.34
LC 1.7 13.5 2.03 5.46 0.35
LC 1.8 14.0 2.09 5.50 0.36
LC 1.9 14.5 2.15 5.55 0.38
LC 1.10 15.0 2.21 5.59 0.39
LC 1.11 15.5 2.27 5.64 0.40
LC 1.12 16.0 2.33 5.68 0.41

Table A5. Environmental conditions at Farm 2.

Load case Wind speed (m s−1) Significant wave height (m) Wave peak period (second) Current speed (m s−1)

LC 2.1 9.60 1.64 5.16 0.25
LC 2.2 10.2 1.73 5.23 0.26
LC 2.3 10.8 1.81 5.30 0.28
LC 2.4 11.4 1.90 5.37 0.30
LC 2.5 12.0 1.98 5.44 0.31
LC 2.6 12.6 2.07 5.51 0.33
LC 2.7 13.2 2.15 5.58 0.34
LC 2.8 13.8 2.24 5.65 0.36
LC 2.9 14.4 2.32 5.72 0.37
LC 2.10 15.0 2.41 5.79 0.39
LC 2.11 15.6 2.49 5.86 0.40
LC 2.12 16.2 2.58 5.94 0.42

Table A6. Environmental conditions at Farm 3.

Load case Wind speed (m s−1) Significant wave height (m) Wave peak period (second) Current speed (m s−1)

LC 3.1 9.30 1.60 5.13 0.24
LC3.2 9.90 1.69 5.20 0.26
LC 3.3 10.5 1.77 5.27 0.27
LC 3.4 11.1 1.86 5.34 0.29
LC 3.5 11.7 1.94 5.41 0.30
LC 3.6 12.3 2.03 5.48 0.32
LC 3.7 12.9 2.11 5.55 0.33
LC 3.8 13.5 2.19 5.62 0.35
LC 3.9 14.1 2.28 5.69 0.37
LC 3.10 14.7 2.36 5.76 0.38
LC 3.11 15.3 2.45 5.83 0.40
LC 3.12 15.9 2.53 5.90 0.41
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Table A7. MMD value between the healthy-state data of Turbine T1.1 and the remaining turbines at Farm 1 under both healthy and scoured
states.

Scour depth Target turbines

T1.1 T1.2 T1.3 T1.4 T1.5 T1.6 T1.7 T1.8 T1.9 T1.10 T1.11

0 m (healthy) 0.00 0.02 0.12 0.20 0.32 0.28 0.36 0.44 0.48 0.52 0.52
1 m 0.05 0.02 0.03 0.07 0.22 0.18 0.30 0.39 0.42 0.45 0.45
2 m 0.25 0.16 0.06 0.04 0.07 0.08 0.19 0.31 0.36 0.41 0.42
3 m 0.52 0.42 0.29 0.26 0.12 0.15 0.13 0.17 0.24 0.31 0.33
4 m 0.72 0.64 0.55 0.53 0.36 0.37 0.24 0.21 0.20 0.25 0.27
5 m 0.88 0.81 0.75 0.74 0.61 0.61 0.47 0.43 0.34 0.41 0.41
6 m 1.00 0.95 0.90 0.91 0.81 0.80 0.69 0.68 0.59 0.62 0.65
7 m 1.12 1.07 1.03 1.03 0.95 0.94 0.87 0.86 0.79 0.80 0.82
8 m 1.21 1.17 1.15 1.16 1.08 1.06 1.00 1.00 0.94 0.95 0.98
9 m 1.29 1.25 1.22 1.22 1.17 1.15 1.10 1.12 1.07 1.09 1.11

Table A8. MMD value between the healthy-state data of Turbine T2.1 and the remaining turbines at Farm 2 under both healthy and scoured
states.

Scour depth Target turbines

T2.1 T2.2 T2.3 T2.4 T2.5 T2.6 T2.7 T2.8 T2.9 T2.10 T2.11

0 m (healthy) 0.00 0.04 0.03 0.12 0.21 0.38 0.45 0.47 0.57 0.61 0.62
1 m 0.03 0.01 0.01 0.05 0.12 0.28 0.36 0.38 0.50 0.55 0.56
2 m 0.14 0.05 0.07 0.03 0.05 0.15 0.21 0.24 0.38 0.44 0.45
3 m 0.32 0.19 0.21 0.13 0.08 0.07 0.10 0.13 0.24 0.30 0.33
4 m 0.50 0.36 0.37 0.32 0.20 0.11 0.12 0.12 0.15 0.19 0.21
5 m 0.64 0.52 0.53 0.51 0.36 0.26 0.27 0.27 0.17 0.19 0.20
6 m 0.76 0.66 0.66 0.67 0.53 0.44 0.48 0.47 0.34 0.35 0.31
7 m 0.85 0.78 0.78 0.79 0.67 0.59 0.64 0.64 0.52 0.54 0.48
8 m 0.90 0.89 0.89 0.90 0.78 0.73 0.78 0.77 0.68 0.69 0.63
9 m 0.90 1.00 1.01 1.01 0.90 0.84 0.89 0.88 0.80 0.81 0.77

Table A9. MMD value between the healthy-state data of Turbine T3.1 and the remaining turbines at Farm 3 under both healthy and scoured
states.

Scour depth Target turbines

T3.1 T3.2 T3.3 T3.4 T3.5 T3.6 T3.7 T3.8 T3.9 T3.10 T3.11

0 m (healthy) 0.00 0.04 0.05 0.11 0.23 0.38 0.42 0.47 0.55 0.64 0.67
1 m 0.02 0.01 0.01 0.05 0.16 0.29 0.33 0.40 0.48 0.58 0.62
2 m 0.11 0.02 0.02 0.02 0.07 0.17 0.21 0.29 0.37 0.48 0.53
3 m 0.26 0.11 0.13 0.08 0.04 0.07 0.10 0.17 0.24 0.35 0.42
4 m 0.39 0.26 0.29 0.23 0.11 0.07 0.09 0.11 0.14 0.22 0.29
5 m 0.53 0.41 0.42 0.37 0.25 0.19 0.19 0.12 0.13 0.16 0.20
6 m 0.65 0.55 0.57 0.52 0.40 0.32 0.31 0.21 0.21 0.20 0.19
7 m 0.77 0.68 0.70 0.66 0.55 0.46 0.46 0.34 0.34 0.30 0.25
8 m 0.86 0.79 0.79 0.78 0.69 0.61 0.62 0.49 0.50 0.46 0.39
9 m 0.93 0.87 0.89 0.86 0.79 0.74 0.75 0.63 0.65 0.61 0.55
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Table A10. MMD distance between Turbine T3.1 and the remaining turbines across different farms in the healthy state (X is 1–3 for
Farms 1–3).

TX.1 TX.2 TX.3 TX.4 TX.5 TX.6 TX.7 TX.8 TX.9 TX.10 TX.11

Farm 3 0.00 0.04 0.05 0.11 0.23 0.38 0.42 0.47 0.55 0.64 0.67
Farm 2 0.71 0.73 0.73 0.80 0.82 0.90 0.96 0.96 0.98 1.02 1.00
Farm 1 1.15 1.15 1.17 1.21 1.23 1.19 1.21 1.26 1.27 1.29 1.28

Figure A1. The baseline model performance when trained on Task 1 and evaluated on target OWTs located at (a) Farm 1, (b) Farm 2, and
(c) Farm 3.
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Figure A2. The baseline model performance when trained on Task 2 and evaluated on target OWTs located at (a) Farm 1, (b) Farm 2, and
(c) Farm 3.
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Figure A3. The baseline model performance when trained on Task 3 and evaluated on target OWTs located at (a) Farm 1, (b) Farm 2, and
(c) Farm 3.

Wind Energ. Sci., 11, 4205–4235, 2026 https://doi.org/10.5194/wes-11-4205-2026



M. Abdelhak et al.: Machine learning framework for scour detection across multiple offshore wind farms 4233

Figure A4. The baseline model performance when trained on Task 4 and evaluated on target OWTs located at (a) Farm 1, (b) Farm 2, and
(c) Farm 3.
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