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Abstract. As offshore wind develops toward deeper waters and larger turbine
capacities, geotechnical challenges are becoming increasingly complex, involving
more variable seabed conditions, larger foundation dimensions, and stricter lifecycle
reliability and cost-control requirements. Accordingly, artificial intelligence (Al),
with strengths in data fusion, surrogate modeling, and monitoring-informed inference,
has increasingly been explored as a complementary computational and analytical tool
in offshore wind geotechnical engineering. Particular attention is given to spatially
variable ground characterization, surrogate-based response and reliability assessment,
and monitoring-informed evaluation of installation and service states. This paper
presents a lifecycle-oriented review of Al applications, informed by systematically
screened research articles published between 2001 and 2025 and selected project- and
industry-level practices. The main Al application pathways are synthesized across site
investigation, foundation design, installation, and operation and maintenance (O&M),
and are related to stage-specific geotechnical problems rather than algorithm
categories alone. The synthesis shows a differentiated maturity pattern across the
lifecycle. Foundation design shows the highest research concentration, while project-
level digital ground modeling in site investigation and design-stage surrogate analysis
show the clearest pathways to engineering use. Closed-loop installation control and
below-mudline state inference for O&M remain largely at the research or validation
stage. Across these applications, several cross-cutting limitations remain, including
sparse offshore data, insufficient physical constraints, limited cross-site
generalizability, incomplete standardization, and limited engineering acceptance.
Future directions are discussed, including physics-integrated models, high-quality
data ecosystems supported by standardized benchmark datasets, certification-oriented
validation, and reviewable agent-assisted workflows to support more reliable and cost-
effective offshore wind development.
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1 Introduction

Amid the global transition toward low-carbon energy systems !, offshore wind power
has expanded rapidly due to its abundant and stable wind resources, high power generation
potential, and limited land-use conflicts (>3], As the industry expands, wind turbine capacities
have increased from 2 MW in the early 2000s to 15-20 MW today, pushing wind farm
developments into deeper waters and more complex seabed environments 1 (Fig. 1). The
Global Wind Energy Council projects approximately 350 GW of new offshore wind capacity
worldwide between 2025 and 2034 ©). At the same time, project economics and structural
reliability have become increasingly critical. In representative fixed-bottom and floating
offshore wind projects assessed by the National Renewable Energy Laboratory, non-turbine
infrastructure and operation and maintenance (O&M) contribute 62—-65% of the levelized cost
of energy (LCOE), while the capital-cost shares of their respective support systems range from
approximately 10% to 30% 7). These cost shares highlight the economic importance of non-
turbine systems in offshore wind projects. Among these systems, foundations and anchors
transfer structural and mooring loads to the seabed, making their performance strongly
dependent on ground conditions and soil-structure interaction. Geotechnical engineering
therefore plays a central role in both structural safety and economic viability throughout the

offshore wind project lifecycle.
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Fig. 1. Key drivers and development trends in offshore wind engineering. (a) Growth in offshore wind
capacity [, (b) Cost shares for representative fixed-bottom and floating offshore wind projects
assessed by the National Renewable Energy Laboratory (NREL) "l The upper row shows the share
of levelized cost of energy (LCOE) attributable to non-turbine infrastructure and operation and
maintenance (O&M); the lower row shows the share of total project capital cost attributable to seabed
foundations in the fixed-bottom project and to floating substructures and mooring systems in the
floating project. (¢) Trends toward larger turbines, deeper water, and more complex seabed conditions.

This lifecycle can be broadly divided into four primary stages, each of which
presents distinct geotechnical challenges (Fig. 2). (1) During site investigation, high
offshore operational costs and narrow weather windows often restrict borehole and in-
situ testing density, leaving sparse and spatially discontinuous subsurface information
[8.91 (2) During design, foundation and anchoring systems are subjected to nonlinear
and cyclic loading under uncertain ground conditions, making soil-structure
interaction and long-term stability key concerns ['®! (3) During installation,
penetration response is highly sensitive to local stratigraphic variability, which may

trigger construction hazards such as pile refusal, excessive inclination, or spudcan
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punch-through 231, (4) During O&M, scour evolution and changes in foundation
condition remain partly hidden during service, complicating long-term performance

assessment 12131

. These stage-specific problems are linked by shared constraints in
data availability, governing mechanisms, and decision requirements, making it
difficult for any single analytical framework to simultaneously satisfy accuracy,

efficiency, and engineering interpretability across all phases.
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Fig. 2. Geotechnical challenges and shared constraints across the offshore wind lifecycle.
Current offshore geotechnical practice draws on multiple established approaches

to address different engineering questions 214716l

. Empirical design formulations
efficiently support routine design checks using representative parameters and
simplified response relationships. Numerical simulations provide detailed

representations of nonlinear soil-foundation interaction and complex loading paths
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[17-19] Probabilistic analyses quantify parameter uncertainty and, when coupled with

spatial models, represent spatial variation in ground conditions across a site ['6],
Analytical solutions, limit-analysis methods, and other established techniques also
contribute to geotechnical assessment. Collectively, this broader set of methods
provides the analytical foundation for geotechnical decision-making.

Alongside these established methods, Al approaches, particularly machine
learning, have increasingly been explored as complementary tools in offshore wind
geotechnics. Their potential contributions can be organized into three related
functions. First, machine learning can support multi-source data fusion by integrating
in-situ tests and geophysical surveys to characterize spatially variable ground

20211 Second, Al-based surrogate models can learn

conditions across offshore sites |
input-response relationships from numerical or experimental datasets, reducing the
cost of repeated response and reliability analyses and supporting parametric studies,
probabilistic assessment, and rapid foundation-response prediction 227241, Third,
monitoring-informed learning and probabilistic updating can assess installation
response, track scour evolution, and infer changes in foundation condition below the
seabed during operation. The relevance of each function depends on data availability,
governing mechanisms, and decision requirements across lifecycle stages. Table 1
summarizes the main lifecycle-stage geotechnical issues and representative Al
application roles.

Table 1. Main geotechnical challenges and representative AI application directions across the

offshore wind project lifecycle.

Lifecycle stage Main geotechnical challenge Representative Al application direction
o o Sparse and spatially discontinuous Stratigraphic interpretation, parameter
Site investigation ) . . . . i .
subsurface information identification, and spatial ground modeling
] Nonlinear, cyclic, and reliability-sensitive Rapid prediction, cyclic response
Foundation . i o o
desi foundation response under uncertain assessment, and reliability/optimization
esign »
ground conditions support
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Lifecycle stage Main geotechnical challenge Representative Al application direction

Uncertain penetration response and ] o )
Penetration prediction/updating, and

Installation construction hazards under stratigraphic )
o hazard screening
variability
Operation and Hidden evolution of scour and foundation Scour assessment/prediction, condition
maintenance condition during service assessment, and state updating

Recent reviews and application studies document growing use of Al in

14,15,22,23] Several

geotechnical engineering and offshore wind foundation analysis !
review gaps nevertheless remain. (1) Most existing reviews focus on general
geotechnical problems rather than offshore wind specific challenges. (2) Prior studies
are often organized by algorithm type, which can obscure the links among
geotechnical mechanisms, Al functions, and lifecycle-stage requirements. (3) Limited
attention has been given to practical deployment in real offshore wind projects. (4)
Emerging workflow-oriented Al paradigms, including agent-assisted modeling and
engineering automation, remain underexplored in offshore geotechnical contexts.

To address these gaps, this paper presents a lifecycle-oriented review of Al
applications in offshore wind geotechnical engineering, covering studies published
between 2001 and 2025 and selected project- and industry-level practices. It first
establishes the literature basis and broad research patterns, then synthesizes lifecycle-
stage applications and compares their maturity across stages and task types. The
review further identifies cross-cutting limitations related to data quality, physical
constraints, generalizability, standardization, and engineering acceptance. Finally, it
outlines several possible future directions, including physics-integrated learning and
agent-assisted workflows, to support more reliable and cost-effective offshore wind
development.

2 Literature Screening and Analysis

This section establishes the dataset and analytical framework for the review. Because

research on Al in offshore wind geotechnical engineering spans multiple disciplines and uses

heterogeneous terminology, a unified search, screening, and classification procedure was

8
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adopted. The section first introduces the search and screening strategy, then presents the

classification framework and bibliometric characteristics of the final dataset.
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Fig. 3. Literature screening workflow.
2.1 Semantic logic-based search and screening
2.1.1 Search strategy
A systematic literature review framework was employed to identify, screen, classify, and

quantitatively analyze research on Al in offshore wind geotechnical engineering. Literature
retrieval was conducted in the Web of Science Core Collection for the period from January 1,
2001 to December 31, 2025. Given the interdisciplinary nature of the topic, keyword-only
searches risk both omission and irrelevant retrieval. To improve coverage while reducing cross-
disciplinary retrieval noise, a three-pillar semantic strategy was adopted:

. Pillar A (algorithm dimension): Al, statistical learning, and probabilistic

learning methods;

. Pillar B (engineering context): offshore wind, marine foundations, and

related systems;

e  Pillar C (geotechnical mechanics): soil behavior, response mechanisms,
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and typical offshore geotechnical problems.

The detailed search strings are provided in the Supplementary Material. The overall
workflow is illustrated in Fig. 3.

2.1.2 Screening process and criteria

To ensure dataset consistency and reduce cross-disciplinary misclassification, inclusion
and exclusion criteria were defined across five dimensions: application scenario, research
object, core problem, research method, and publication type, as summarized in Table 2.

Based on established definitions of AI that emphasize learning from data and
applying the learned relationships to specific tasks [2>26] research-method eligibility
required a model or an input—output relationship to be learned from data. Methods that
did not meet this criterion, such as standalone optimization, purely physical or
empirical analyses, and signal-processing methods without an accompanying learned
model, were excluded as specified in Table 2.

The screening followed the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines ?7). The initial search yielded 524 records.
After applying the criteria in Table 2, a final dataset of 266 papers was obtained,
forming the basis for the subsequent classification and bibliometric analyses.
Supplementary reviews and industry sources, including examples from adjacent
structural and operational systems, provide contextual evidence and are excluded from
the 266-study screened corpus.

Table 2. Inclusion and exclusion criteria for literature screening

Dimension Inclusion criteria Exclusion criteria

Explicitly related to offshore wind or the o ) ) )
o ) ) . General civil engineering scenarios unless
Application broader marine engineering context; .
) i ) transferability was clearly demonstrated; fully
scenario involving offshore or nearshore geology )
) . onshore or non-marine contexts
and foundation engineering

Offshore wind foundations (e.g.,
Research monopiles, pile groups, suction caisson Upper turbine structures, submarine cables, and
object foundations, gravity-based foundations), other purely structural or electrical components

anchoring and mooring systems, seabed

10
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Dimension Inclusion criteria Exclusion criteria

soils, and investigation or monitoring
data (e.g., CPT, boreholes, in-situ test
data)

Site investigation and identification,

ultimate bearing capacity, settlement Structural fatigue or fracture unrelated to soil—
Core and deformation, installation response, foundation interaction; aerodynamic or
problem scour protection, hazard-risk hydrodynamic load analysis; grid dispatch; energy
assessment, and condition assessment capture

involving soil-structure interaction

(1) Pure optimization algorithms such as GA,

Data-driven algorithms trained to PSO, and SA unless GP/GEP was used to generate

Research establish input—output relationships, explicit formulae; (2) purely physical or empirical
method including neural networks, statistical baselines such as FEM, API/DNV methods, and
learning, probabilistic models, and analytical solutions; (3) pure signal-processing

symbolic regression methods such as FFT and VMD unless combined

with neural networks
Publication Peer-reviewed journal and conference Reviews, editorials, abstract collections, and grey

type papers literature

2.2 Classification framework

To systematically characterize Al applications, the reviewed studies were interpreted
along three complementary dimensions: algorithm type, engineering function, and lifecycle
stage. This framework reflects the fact that the same method may serve different roles
depending on data conditions and engineering objective.
2.2.1 Algorithm classification

Algorithms were categorized into four groups: (1) neural networks, including feedforward,
convolutional, recurrent, and physics-informed or hybrid architectures; (2) statistical learning,
including tree-based ensembles, kernel- or instance-based methods, and regression or
dimensionality-reduction techniques; (3) probabilistic methods, including probabilistic
learning, state estimation, and reliability updating; and (4) symbolic and interpretable models,

represented mainly by evolutionary symbolic regression and neuro-fuzzy systems.

11
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2.2.2 Functional classification of engineering applications

Seven functional labels were assigned according to the engineering role of the learned
model: surrogate modeling, prediction, classification, optimization-oriented applications,
inverse analysis, uncertainty quantification (UQ), and monitoring and control. Among the
included studies, the optimization-oriented label was assigned when a learned model guided
the search for an engineering design, consistent with surrogate-based optimization 2!,
Optimization used solely to train a model did not trigger this label. Multi-step studies were
assigned multiple functional labels where appropriate.
2.2.3 Lifecycle classification

Studies were further categorized into four lifecycle stages on their primary engineering
focus: (1) site investigation, involving stratigraphic interpretation, parameter identification, and
spatial ground modeling; (2) foundation design, including bearing capacity, deformation,
cyclic response, and reliability assessment; (3) installation, including penetration response,
installation risk, and construction control; and (4) operation and maintenance (O&M),
involving scour evolution, condition assessment, and state updating during service. Studies
spanning multiple stages were assigned to the dominant stage.
2.2.4 Quantitative performance-evidence synthesis

Bibliometric counts indicate where Al has been applied, but they do not show
what data support the reported model performance or how that performance was
evaluated. We therefore assembled a stage-specific quantitative evidence set from
original studies with accessible full text, extractable evaluation results, and tasks
aligned with the four lifecycle stages. After screening, 240 studies contributed 3,003
model--target--metric--evaluation records. For each record, we coded the prediction
target, training-data source, performance metric and unit, and validation setting. The
extracted metrics covered $R"2$, error, classification, correlation, and task-specific
measures; training sources were grouped as numerical simulation, field, laboratory,

secondary or public, hybrid, or analytical/synthetic data. Validation evidence was

12
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coded as internal/unclear, cross-validation, same-source holdout, other external, or
field-case evaluation. For each study--metric--unit combination, only results from the
highest available evaluation level were retained. Tables 4-7 present the stage-level
comparisons of training sources, reported performance, and validation, while
Supplementary Tables S2-S5 provide detailed metric- and unit-specific results.
2.3 Bibliometric analysis

Based on the 266 bibliometric records published from 2001 to 2025, Al applications in
offshore wind geotechnical engineering have expanded both in number and in scope. Trends
are analyzed from four perspectives: overall growth, algorithm evolution, functional

applications, and lifecycle coverage.

13
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Fig. 4. Developmental trends and category distributions of AI applications in offshore wind

geotechnical engineering. (a) Annual publication counts by Al paradigm. (b) Annual distribution of

application tasks. (c¢) Annual distribution across lifecycle stages. (d) Representative algorithms used

in different Al paradigms. (e) Relationship between AI paradigms and lifecycle stages. (f)

Relationship between application tasks and lifecycle stages. Lifecycle and function abbreviations: SI,

14



This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032

site investigation; FD, foundation design; INS, installation; O&M, operation and maintenance; SM,
surrogate modeling; Pred., prediction; Class., classification; DO, design optimization; Inv., inverse
analysis; UQ, uncertainty quantification; Mon., monitoring and control. Algorithm abbreviations:
ELM, extreme learning machine; PINN, physics-informed neural network; LSTM, long short-term
memory; CNN, convolutional neural network; MLP, multilayer perceptron; RSM, response surface
method; MARS, multivariate adaptive regression splines; SVM, support vector machine; RF, random
forest; XGB, extreme gradient boosting; MCMC, Markov chain Monte Carlo; GPR, Gaussian process
regression; MCS, Monte Carlo simulation; GMDH, group method of data handling; EPR, evolutionary
polynomial regression; ANFIS, adaptive neuro-fuzzy inference system; GP, genetic programming.

As shown in Fig. 4a, research development can be divided into three stages. The
early exploration stage (2001-2010) accounted for approximately 3% of studies and
was dominated by small-sample proof-of-concept work. The accumulation stage
(2011-2015) contributed 8.7%, reflecting gradual adoption of data-driven methods.
The rapid growth stage (2016-2025) accounted for 88.4%, with 74.8% (199 papers)
published between 2021 and 2025.

This growth occurred within the wider expansion of Al across scientific and
engineering fields, supported by advances in learning algorithms, greater data

29-31] Within offshore wind geotechnics,

availability, and computational resources |
larger turbines and deeper-water projects provide an important application context
because foundation analyses must address more complex loading and soil-structure

[15.19] © Established numerical methods and data-driven models serve

interaction
complementary roles: numerical methods represent physical mechanisms and provide
high-fidelity simulations, while data-driven models support rapid prediction and
repeated surrogate evaluations 24311,
2.3.2 Trends in algorithm evolution

As illustrated in Fig. 4a and Fig. 4d, neural networks (33.5%) and statistical learning

(32.7%) dominate current applications, followed by probabilistic methods (22.9%).

15
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Multi-Layer Perceptrons (MLPs) represent the most commonly used neural
network architecture (44.9% of neural networks), largely due to their implementation
simplicity. However, their performance remains sensitive to data quantity and
coverage, which is a recurring issue in offshore geotechnics. Statistical learning
algorithms (e.g., XGBoost, random forests, and support vector machines) remain
widely used for small- to medium-sized tabular datasets, while the growth of
probabilistic methods (e.g., Kriging, Gaussian process regression) reflects increasing
attention to uncertainty-aware modeling required for spatial variability
characterization and reliability analysis.

2.3.3 Trends in functional applications

Fig. 4b shows that prediction dominates (76.3%), followed by surrogate modeling (47.7%)
and uncertainty quantification (32.7%). Prediction remains prevalent because many studies
focus on rapid mappings between input parameters and target responses, such as bearing
capacity, deformation, dynamic response, or scour development. The prominence of surrogate
modeling reflects its use in reducing the need for repeated high-cost numerical simulations.
The growing role of UQ indicates a transition from deterministic prediction toward risk-
informed decision support, particularly in uncertain geotechnical environments with geological
complexity or operationally sensitive settings. These results suggest that Al in this field has
evolved from rapid response estimation toward broader support for risk analysis and
engineering decision-making.

2.3.4 Lifecycle distribution and evolution

As shown in Fig. 4¢, foundation design accounts for 64.7% of the original 266-record
corpus, compared with 9.4% for site investigation, 10.5% for installation, and 15.4% for O&M.
To test whether this concentration reflected terminology bias, we conducted two supplementary
Web of Science Topic searches using installation- and O&M-specific terms under the original
eligibility criteria. Of the 1,301 retrieved records, 810 new candidates remained after

bibliographic filtering, deduplication, and matching with the original corpus. Most addressed
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upper-structure, turbine-component, or mooring-line monitoring rather than direct geotechnical
targets. Three additional studies met the eligibility criteria: one installation study and two O&M
studies *2734, Adding these studies formed a 269-record sensitivity set; the foundation-design
share was 63.9%, and the lifecycle ranking remained unchanged. This stability supports the
robustness of the original search strategy to the tested terminology expansion; accordingly, the
266-record corpus was retained for the primary bibliometric analyses. The complete search
strings and search-pool sensitivity evidence are provided in Supplementary Section S1 and
Table S1.

Overall, AI applications in offshore wind geotechnics exhibit distinct patterns
across algorithms, functions, and lifecycle stages. Methodologically, neural networks,
statistical learning, and probabilistic approaches dominate. Functionally, the field has
evolved from deterministic rapid prediction toward surrogate modeling, uncertainty
quantification, and decision support. Regarding lifecycle distribution, research
remains heavily concentrated in the design phase, while site investigation, installation,
and O&M face greater data and deployment constraints. However, bibliometric
analysis alone cannot explain how differences in geotechnical mechanisms, data
structures, and engineering requirements shape Al applicability across lifecycle stages.
Because each stage involves distinct physical processes and decision contexts, Section
3 adopts a lifecycle-oriented perspective to examine main Al applications and their
limitations in detail.

3 Applications of Al Across the Lifecycle
3.1 Site Investigation
As offshore wind development advances into deeper waters, site investigations must cover

larger seabed areas with stronger spatial variability (%,

In practice, however, offshore
campaigns are constrained by limited weather windows and high drilling costs, resulting in
sparse boreholes and cone penetration tests (CPTs) and leaving significant gaps in subsurface

characterization ). This creates a fundamental challenge: sparse data must still support the

17



This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032

level of ground characterization required for foundation design. For systems such as floating
anchors and large-diameter monopiles, both ultimate resistance and long-term response depend
strongly on local ground conditions around the foundation [*%37), While increasing investigation
density can reduce uncertainty, it is often economically infeasible.

To address this gap, Al applications in site investigation have mainly developed
along two directions. The first focuses on interpreting sparse vertical sounding data,
where machine learning and probabilistic frameworks enhance soil classification and
uncertainty-aware parameter estimation (e.g., from CPT). The second addresses site-
scale spatial reconstruction, where multi-source data fusion integrates geophysical and
geotechnical information to infer continuous full-site subsurface models. In both cases,
the central objective is to bridge the gap between limited measurements and the level
of subsurface understanding required for engineering decision-making.

3.1.1 Al-assisted interpretation of sparse sounding data

Offshore site investigation data, especially CPT records, are often sparse, noisy, and one-
dimensional. A key challenge lies in identifying stratigraphic boundaries reliably. Traditional
deterministic approaches, such as the Robertson chart, can perform poorly in transitional soils
and thin interbedded strata [*®). To address this limitation, probabilistic classification methods
have been introduced, representing stratigraphy in terms of uncertainty rather than fixed class
labels. Approaches like Bayesian mixture models and weighted k-nearest neighbors have been
used to represent soil classification through posterior probabilities or entropy-based measures
[39.40]

Since marine deposits exhibit strong depositional ordering and vertical
correlation, sequence-aware models are more suitable than pointwise classifiers.
Methods such as hidden Markov models (HMMs) and bidirectional long short-term
memory networks (Bi-LSTMs) incorporate sequential dependencies to reduce
spurious discontinuities and improve recognition of thin interbeds [4!43],

Following stratigraphic interpretation, parameter estimation becomes critical for
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design. Traditional empirical correlations, such as estimating undrained shear strength
from cone resistance qc, often struggle to capture nonlinear soil behavior. Data-driven
regression models, especially ensemble methods such as random forest and XGBoost,
have therefore been used to learn nonlinear mappings directly from CPT-derived
features without predefined functional forms [#443],

To mitigate data scarcity in deep-water environments, several complementary
strategies have emerged. Generative models, including generative adversarial
networks (GANs) and variational autoencoders (VAEs), can augment limited

geotechnical datasets [46-47]

while semi-supervised learning can use unlabeled
offshore survey data to improve parameter estimation [“8). Bayesian hierarchical
approaches further integrate sparse local measurements with regional geological

knowledge [4%-3°]

. Collectively, these methods improve the reliability of interpreted
vertical soil profiles and support downstream site-scale modeling.
3.1.2 Spatial reconstruction from multi-source survey data

As offshore sites become larger and more heterogeneous, sparse boreholes and CPTs are
insufficient to characterize full spatial variability. Traditional geostatistical interpolation
methods (e.g., Kriging) rely on distance-based smoothing and often fail to capture abrupt
stratigraphic changes. Similarly, machine learning models trained solely on CPT data tend to
produce locally biased predictions and perform poorly in under-sampled regions 244!, To
address these limitations, geophysical-geotechnical (G&G) data fusion has emerged as a key
strategy. By combining the wide spatial coverage of seismic or acoustic surveys with localized

geotechnical measurements, such fusion workflows enable reconstruction of 2D or 3D

subsurface property fields across entire sites °!! (Fig. 5a).
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(a) Data sources and integration challenges (b) Method evolution for seismic-to-CPT prediction

Stage I: Stage Il:
Attribute-based regression End-to-end deep learning

Seismic Seismic trace
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’
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Extension A: Extension B:
Al (e.g., CNN, ANN) for data fusion Sparse-label learning Geology-informed learning
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Fig. 5. Al-enabled seismic—CPT integration for offshore site characterization. (a) Data sources,
integration challenges, and representative fused outputs. (b) Evolution from attribute-based
regression to end-to-end deep learning, together with two current directions involving sparse-label
and geology-informed learning. Abbreviations: Al, artificial intelligence; CPT, cone penetration test;
ANN, artificial neural network; CNN, convolutional neural network; ML, machine learning; q., cone
resistance; f;, sleeve friction; u,, pore-water pressure measured at the cone shoulder.

A central challenge in G&G fusion is that geophysical signals do not directly
correspond to geotechnical parameters such as cone resistance or shear strength. Their
relationship is usually indirect, nonlinear, and site dependent [?°!, Early workflows
therefore often followed a multi-step procedure (Fig. 5b): seismic attributes (e.g.,
acoustic impedance) were first extracted, then mapped to geotechnical parameters
(e.g., gc and su) using machine learning models, and finally extrapolated spatially (2D
or 3D) [20521 While useful, these pipelines are vulnerable to cumulative error due to

their multi-stage nature.
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To reduce such error propagation, recent advances have shifted toward end-to-
end deep learning, where convolutional neural networks (CNNs) directly map seismic
data to geotechnical parameters. These approaches reduce intermediate steps and
better capture spatial structure, demonstrating improved performance in subsurface

48,53-56]

prediction tasks [ . Extensions incorporating neighborhood aggregation and

deep encoding further enhance prediction in deeper strata, where signal attenuation is
significant [48:33.34.57],

Despite these advances, purely data-driven fusion remains constrained in deep-
water settings. Limited CPT data increases overfitting risk, while issues like seismic
misties, time-depth conversion bias, and vertical resolution mismatch reduce model
robustness (Fig. Sa). Current work therefore focuses on two directions: (1) integrating
physically informed treatments, such as adaptive time-depth conversion, together with
geological constraints, such as sequence-stratigraphic guidance [#%3%591 and (2)
leveraging semi-supervised, denoising strategies, and generative models to expand
effective training datasets with large volumes of partially labeled or unlabeled data
[21,47,60,61]

At the engineering level, multi-source spatial reconstruction is evolving beyond
deterministic point prediction toward uncertainty-aware site assessment. By
quantifying predictive uncertainty (e.g., entropy-based measures), AI models can
identify low-confidence regions and guide additional borehole placement [40-621
Combined with GIS-based spatial analysis, these approaches also support mapping of
seabed geohazards, including liquefaction susceptibility ¢34 Overall, Al-driven
multi-source fusion enables a transition from discrete-point interpretation to
continuous, site-scale geological modeling and risk screening (Fig. Sh).

Representative engineering applications of Al-enabled CPT-seismic fusion and multi-

source prediction in offshore projects are summarized in Table 3.
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Table 3. Representative offshore applications of AI-enabled CPT fusion and multi-source

prediction
. Output / engineering
Project / location Method Data Status Ref
use
3D voxel model of ¢
and Gumax from 1.5 Official
Hollandse Kust 122 CPTs + 162 2D o )
CNN o million synthetic CPTs tender (6]
West, Netherlands UHR seismic lines )
for government tender deliverable
delivery
Supervised Synthetic CPT (qc) Official
Hollandse Kust 2D UHR MCS + ) i
neural profiles with uncertainty tender [66]
West, Netherlands seafloor CPTs )
network bands for tender support  deliverable
Full-site design- ]
) Official
Jmuiden Ver 5,450 km 2D parameter profiles (su,9)
ANN . tender 167]
Gamma, Netherlands UHRS + 115 CPTs  with confidence classes
deliverable
A-E
¢ prediction with
Ten Noorden van de automatic depth-shift
) 3D UHRS volumes ) Industry-led
Waddeneilanden, XGBoost correction; T (58]
+ CPT data i validation
Netherlands outperformed linear
regression
g prediction for
o monopile
Hollandse Kust 2D sparker seismic ] Industry-led
) ANN diameter/length o [68]
Zuid, Netherlands + 23 CPTUs L validation
optimization; better than
Kriging
Direct prediction of g,
Hollandse Kust NN 125 2D UHRS lines  f;, and u, from seismic;  Industry-led .
Zuid, Netherlands + 50 CPTs improved thin-layer validation
detection
Physics-guided
) prediction with
Borssele 11l & IV, 55 2D lines + 66 ) ) Industry-led
CNN geological constraints to T (48]
Netherlands CPTs ) validation
reduce noise and
improve realism
Pore-pressure (u2)
Ensemble 3040 CPTs +2D o Industry-led
German North Sea prediction for hazardous T 162]
FNN MCS validation

clay-layer identification
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Output / engineering

Project / location Method Data Status Ref
use
) Direct g. prediction to Industry-
Atlantic Shores, 64 CPTs +~200 2D . i
CNN ) reduce reliance on dense  academia [54]
USA UHRS lines ) ) o
physical testing validation
) ) ) Deep-strata prediction Industry-
Yinggehai Basin, 60 CPTs + 361 2D . i
) CNN ) with low error (RMSE academia (53]
China sparker lines S
5.14 MPa) below 20 m validation
Synthetic CPT
. generation for spatial Industry-
Northern Irish Sea, 24 CPTs (19 used) ) ) i
ANN ) interpolation; best academia [69]
Ireland + coordinates/depth . o
performance in validation

homogeneous muds

3.1.3 Engineering practice and digital ground-model development

As offshore site investigation moves into deeper water, Al-enabled virtual CPT generation
and geophysical inversion are progressing from methodological development to project-scale
implementation. A prominent example is the Hollandse Kust West project in the Netherlands,
where a CNN-based workflow was used to generate approximately 1.5 million synthetic CPT
profiles and convert them into a 3D voxel model containing continuous geotechnical
information for a government tender package ). This project has been cited by DNV as an
important step toward practical Al-enabled geotechnical site investigation.

Another example is the [Jmuiden Ver Gamma project, where ensemble neural
networks were combined with elastic-impedance inversion to generate full-site

(671 These cases indicate that

design-parameter profiles with five confidence levels
Al-based site investigation is no longer confined to proof-of-concept studies, but is
beginning to support tendering, site screening, and design-oriented digital ground
modeling.

Related developments are also evident in digital ground-model platforms such as
Fugro’s Gaia system, and in the growing use of shipboard real-time data analytics and
machine learning to identify weak layers, boulder occurrence, and local foundation

S [70-72

risk zones during offshore campaign I, These developments suggest that site

23



This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032

investigation is moving toward integrated digital workflows where data acquisition,
inversion, interpretation, and engineering decision support are increasingly connected.
3.1.4 Al model training and evaluation in site investigation

Site-investigation evidence is strongly field-oriented, but field-based training has not yet
translated into equally strong evidence of spatial transfer. Thirteen of the 22 studies used field
data, and none used numerical simulation as the primary training source. Nevertheless, only
one field-trained study reported R?, with values of 0.44-0.68 under same-source holdout
validation (Table 4). Field provenance therefore shows that models learn from real
observations, but it does not demonstrate performance beyond the development site. Current
evidence supports parameter and profile prediction within characterized sites, while
performance across independent sites remains sparsely tested.

Table 4. Training source, validation, and R? in site-investigation studies.

All R?
Training . . Validation of reported Mean
studies, n  studies, Reported R?
data R? R?
(%) n
Numerical Not
] ) 0(0.0) 0 Not reported Not reported
simulation reported
Field data 13 (59.1) 1 Same-source holdout (1) 0.440-0.680 0.560
Holdout: 0.947-0.962; field
Same-source holdout (2);
Other case: 0.990;
9 (40.9) 4 field case (1); ) 0.908
sources internal/unclear: 0.126—

internal/unclear (1) 0.992

Note: Mean R? is the unweighted mean of study-level representative values. Other sources combine
laboratory, secondary or public database, hybrid, and synthetic or analytical data. Detailed results:

Supplementary Table S2.
3.2 Foundation design

Offshore wind foundation design is no longer limited to static ultimate-capacity checks
(73], For large-diameter monopiles, suction caisson foundations, and deep-water anchoring
systems such as suction anchors, design must also address serviceability, cyclic degradation,
cumulative displacement, and long-term stability under repeated environmental loading

(Fig. 6).
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The terms suction caisson and suction bucket refer to the same basic open-
bottomed, closed-top cylindrical structure installed by pumping water from its interior
to create a pressure difference 74, When the structure directly supports a fixed-bottom
substructure, it is commonly termed a suction caisson foundation or suction bucket
foundation; this review uses suction caisson foundation consistently. When the same
type of structure anchors a floating system through a mooring line, it is termed a
suction anchor 731, A suction bucket jacket is a fixed-bottom jacket supported by
multiple suction caisson foundations 7],

(a) Offshore wind farm

‘ 1., Offshore

éﬁbstation 3
& Monopile
Jacket

Semi-
“msubmersible Spar

Monopile Suction Caisson Suction Bucket Dynamically Drag Suction
Foundation Foundation Jacket installed anchor Anchor Anchor
-~ J - )
' hd
Fixed-bottom foundations Floating-system anchors

Fig. 6. Representative offshore wind support structures, foundation systems, and seabed anchors. (a)
Fixed-bottom and floating support structures shown schematically across increasing water depths. (b)
Representative fixed-bottom foundations and seabed anchors for floating systems (adapted from [76-

811, TLP, tension-leg platform.
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Across these foundation and anchoring systems, design problems are still
commonly assessed using analytical or semi-empirical frameworks, such as the
Winkler p—y method for monopiles *2! and V-H-M macro-yield envelopes for suction
caisson foundations *3]. As foundation sizes increase, loading histories become longer,
and seabed conditions become more complex, repeated application of these methods
can require substantial calibration or computational effort ¥*-%7), Within this setting,
Al is being used as a complementary tool in three main ways: rapid prediction of
nonlinear capacity and response, modeling of cyclic and time-dependent behavior, and
support for reliability-based design and optimization. These technical routes are

summarized in Fig. 7.

Representative offshore foundations and anchors

Current >
Eazle’( Dynamically
quake g tion ca_isson Monopile Jacket Suction anchor Drag anchor installed anchor
foundation
(a) Rapid prediction of (b) Cyclic response and (c) Reliability, inverse
capacity and response time-dependent degradation  analysis, and optimization
T
©® Strong nonlinearity ©® Path dependence ©® Uncertainty propagation
©® Layering & combined loading ® Pore-pressure accumulation ©® Repeated model evaluations
| Aluse [ Aluse Bl Aluse
©® Profile-aware surrogates ® Temporal learning ©® Reliability surrogates
©® Fast response mapping ©® State evolution surrogates ©® Inversion and optimization
©® Capacity / failure envelope ® Cumulative rotation ® Failure probability
©® Load-displacement response ® Stiffness degradation ©® Calibrated / optimized design

Fig. 7. Al-assisted technical routes across offshore wind foundation and anchor design. The upper
schematics show representative fixed-bottom foundations and floating-system anchors under
environmental loading; the lower panels summarize three cross-cutting applications. (a) Rapid

prediction of capacity, failure envelopes, and load-displacement response. (b) Modeling of cyclic
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response and time-dependent degradation. (c) Surrogate-assisted reliability assessment, inverse
analysis, and design optimization. H, horizontal load; V, vertical load; M, moment; T, mooring-line
tension; p-y, lateral soil resistance—displacement relation.

3.2.1 Rapid prediction of foundation capacity and response

A central role of Al in offshore wind foundation design is to provide fast predictive or
surrogate models for capacity, failure envelopes, and load-displacement response, thereby
reducing the need for repeated high-cost numerical analyses. This is particularly valuable
because offshore foundations are often subjected to nonlinear soil-structure interaction, layered
seabeds, and combined loading, making direct high-fidelity simulation too expensive for
routine design iteration.

Large-diameter monopiles. Large-diameter monopiles remain the dominant
foundation type in offshore wind engineering *¥), and their design is often governed
by lateral loading and overturning moment rather than by vertical resistance alone [3%1.
As a result, methods developed for smaller piles or simplified loading assumptions
become increasingly inadequate for layered soils and large-diameter behavior 17901,
In particular, the classical p—y approach was developed mainly for smaller-diameter
flexible piles 8291 whereas large-diameter monopiles tend to exhibit stiffer, more
rotation-dominated response, with greater contributions from shallow three-

e 89911 Frameworks such as the

dimensional failure, base shear, and moment resistanc
PISA model have improved this situation 7-°21 but they still rely strongly on site-
specific calibration and are not always easy to generalize in layered or spatially
variable soils. This has motivated Al-assisted surrogate modeling based on finite-
element and related numerical datasets. Recent studies have moved beyond simple
scalar descriptors by using full depth-varying soil profiles directly as model input, for
example through one-dimensional CNNs that better capture stratigraphic effects on

[93,94]

lateral resistance Physics-informed and multi-fidelity strategies have further

been explored to improve computational efficiency while preserving physical
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credibility °>%1 Li et al. °”) combined long short-term memory networks for p—y
curve extrapolation with symbolic regression for initial stiffness and ultimate
resistance. In a complementary study, they coupled XGBoost predictions of soil
springs with physics-informed neural networks to solve pile bending equations

%81 Overall, monopile lateral-response modeling is

incorporating base resistance [
evolving from empirical beam-on-Winkler formulations toward Al-assisted
frameworks calibrated against high-fidelity analysis and better suited to layered soils
and large-diameter behavior [°199-102] (Fig. 7a).

Suction caisson foundations and suction anchors. Suction caisson foundations
used as support foundations and suction anchors used for floating systems share
several common design issues, including uplift resistance and combined vertical-
horizontal-moment (V-H-M) loading 1931941 Under uniaxial uplift, early studies
mainly used ANN-based models to establish implicit mappings between soil

(10521071 ‘T ater work introduced more interpretable or

parameters and uplift capacity
uncertainty-aware methods, including symbolic regression and Bayesian inference
[108-112] '1p fixed-bottom applications, especially for low-aspect-ratio suction caisson
foundations, design is often governed by combined V-H-M loading, for which scalar
capacity values are insufficient and three-dimensional failure envelopes become more
important. Because direct finite-element evaluation in multidimensional load space is
expensive, surrogate models trained on high-fidelity numerical samples have
increasingly been used to reconstruct these envelopes, often by combining finite-
element limit analysis with machine-learning models such as XGBoost [23-113-118] Thys,
Al applications for suction caisson foundations and suction anchors have progressed
from single-value uplift prediction to nonlinear failure-envelope reconstruction under
combined loading, with growing extension to broader scenario analysis [!17-120],

Other deep-water anchoring systems. As floating offshore wind expands into

deeper water, other anchoring systems such as plate anchors, helical anchors, and
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dynamically installed anchors are receiving growing attention. Their behavior
commonly involves deep embedment, inclined pullout, dynamic installation, and large
deformation, all of which make repeated high-fidelity analysis computationally
demanding. Existing studies therefore focus mainly on rapid prediction of local
bearing response and failure boundaries. Hybrid methods that combine machine-
learning surrogates with finite-element limit analysis or isogeometric analysis have
been used to construct stability charts and predict anchor behavior in anisotropic or
layered soils [1217125] Symbolic regression has also been used to derive an associative
yield function for suction-embedded plate anchors under combined loading 2!, For
more complex anchor geometries, data-driven and hybrid methods have also been
applied to map soil parameters to uplift resistance [!27-12°], These studies confirm the
value of AI for accelerating design calculations, but also show that predictive
robustness remains sensitive to the coverage of the training domain, especially when
anchor geometry, loading angle, or failure mechanism changes significantly [130:131],
3.2.2 Cyclic response, serviceability, and time-dependent degradation

Another major challenge in offshore wind foundation design is that long-term
performance is often governed not by a single ultimate event, but by the gradual accumulation
of deformation and stiffness loss under repeated loading. Serviceability assessment has
therefore become as important as ultimate capacity in many cases. Cyclic loading from waves,
turbine operation, and environmental variability may lead to ratcheting displacement, stiffness
degradation, gapping, pore-pressure accumulation, and progressive changes in failure
resistance 1718847861 These effects are strongly path dependent and difficult to represent using
static design formulations alone (Fig. 7b).

For large-diameter monopiles, cyclic loading over a 20-25 year service life may
result in cumulative rotation, stiffness reduction, and pile-soil gapping [34-86], Static
p—y formulations are not well suited to this kind of history-dependent evolution.

Sequence-based and temporal learning models, including LSTM-type architectures
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with internal memory, have therefore increasingly been explored to represent cyclic
stiffness evolution and accumulated response !'7!% (Fig. 7b).

For suction caisson foundations and suction anchors, cyclic loading may alter
both stiffness and failure boundaries, although the dominant loading form differs with
engineering context; installation effects may also influence subsequent foundation

e 132 In suction caisson foundations, repeated loading can drive pore-

performanc
pressure accumulation and gradual resistance degradation, so the relevant design
quantity becomes not a fixed failure envelope but its time-dependent evolution [133],
In suction anchors used in floating mooring systems, cyclic tension and
multidirectional loading may gradually modify uplift resistance and rotational
behavior. This has motivated growing interest in temporal surrogate models that
describe how response evolves with loading history rather than treating the resistance
envelope as static.

Other deep-water anchoring systems face related difficulties. Plate anchors,
helical anchors, and dynamically installed anchors may all be affected by long-term
cyclic loading, although the literature remains more limited than for monopiles,
suction caisson foundations, and suction anchors. At the system level, the problem
becomes broader in multiline mooring systems, where local anchor degradation, line

e 1341351 From this

dynamics, and environmental forcing evolve together over tim
perspective, one of the main advantages of Al is not simply faster prediction of
instantaneous response, but the ability to learn temporal patterns from repeated
loading histories and monitoring-informed updates.
3.2.3 Reliability-based design, inverse analysis, and optimization

Once efficient mappings between input parameters and foundation response are available,

Al can support design tasks beyond forward prediction, especially reliability analysis, inverse

analysis, and optimization. In these applications, response prediction becomes part of a broader
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workflow for uncertainty propagation, repeated model evaluations, and design updating
(Fig. 7¢).

For reliability analysis, traditional random finite-element methods (RFEM)
become computationally expensive when soil spatial variability and parameter
uncertainty are included explicitly. Surrogate-based frameworks have therefore
become increasingly important for failure-probability estimation. Kriging, polynomial
chaos expansion (PCE), CNN-based approximations, and related surrogates have been
combined with subset simulation and similar sampling techniques to reduce cost
[16.22,136-138] " Similar approaches have also been used for probabilistic failure
envelopes of suction caisson foundations and suction anchors, as well as for system-
level assessment of multiline mooring systems [137-140],

The same idea extends to inverse analysis and optimization. Once the relationship
between soil conditions, foundation geometry, loading, and response can be evaluated
efficiently, learned surrogates can estimate objectives or constraints while
optimization algorithms search the design space. A representative application is ANN-
assisted PSO design of offshore wind turbine jackets, where the surrogate estimates
structural utilization during initial-population generation 411,

3.2.4 Engineering practice and industrial certification

The role of Al in offshore wind foundation design is gradually shifting from exploratory
research toward embedded engineering support. International design consultancies and
offshore engineering firms have begun to incorporate surrogate modeling, deep learning, and
automated model-generation methods into workflows that support parameter studies and
design iteration, reduce repeated use of high-fidelity simulations, and automate geometry
generation [427147] Examples include Wood Thilsted’s Morpheus framework, COWI’s
COPCAT and COPILOD tools, and related DNV-led initiatives on Al-enhanced engineering

workflows 4],

Even so, improved computational efficiency does not automatically translate into
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engineering acceptance. Purely data-driven models often provide limited transparency
in their internal decision paths and insufficient traceability in mechanical terms, which
makes them difficult to use directly in third-party certification. For this reason,
organizations such as DNV have begun to establish assurance frameworks for
industrial Al applications, drawing on standards such as ISO/IEC 42001 and DNV-
RP-0671 1481 This indicates that the industrial uptake of Al in foundation design will
depend not only on predictive performance and speed, but also on whether models can
be validated, audited, and integrated into established engineering governance
procedures.

3.2.5 Al model training and evaluation in foundation design

Table 5 extends the task-based comparison to 163 foundation-design studies. It
summarizes their training sources, performance metrics and reported values, and validation
methods. The resulting comparison reveals two clear patterns in the available evidence.

The first pattern shows that high reported R? values occurred mainly with
simulation-based training and evaluation within the source data. Numerical
simulations provided the primary training data in 95 studies (58.3%). Among the 85
studies reporting R%, 76 (89.4%) reported representative values of at least 0.90.
However, 81 of these studies (95.3%) either tested their models on held-out samples
from the same data source or used internal or insufficiently described evaluation.
Compared with field or physical tests, numerical simulations can generate samples
more easily across a wide range of soil, foundation, and loading conditions. The
resulting database can then be divided for training and testing without collecting
independent project data. These practical advantages may explain both the common
use of this approach and the high R? values reported. In this setting, R? shows how
closely a surrogate reproduces the relationships defined by its source numerical model.
The surrogate also carries forward the assumptions and errors of that model.

Consequently, a high R? within the source data provides limited evidence of
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performance for field behavior or a new design domain. These models remain useful
for repeated calculations and option screening within the validated domain.
Independent numerical models, physical tests, and field projects are needed to
evaluate their use beyond that domain.

The second pattern is the concentration of both research effort and reported
metrics in forward response prediction. Capacity and load-response prediction
accounted for 110 studies (67.5%), compared with 30 (18.4%) on cyclic, dynamic, or
time-dependent response and 23 (14.1%) on reliability, inverse analysis, or
optimization. Parametric simulations can generate forward-response targets in large
batches across many design conditions. By comparison, cyclic response requires
complete loading histories, while reliability and optimization require rare-event or
decision-level outputs. This difference may explain why tasks with readily generated
targets dominate the evidence base. It also indicates that data availability and ease of
evaluation shape the research agenda alongside engineering importance. Among the
23 reliability, inverse-analysis, and optimization studies, eight reported R? and seven
reported RMSE, while only two reported relative failure-probability error. Most
evaluations therefore focused on how accurately the surrogate reproduced response
values. Task-level outcomes, such as accumulated response, failure probability, or
constraint satisfaction, were evaluated less often. Future studies should combine
standard regression metrics with task-specific measures of cumulative response,
failure probability, and constraint satisfaction.

Table 5. Training sources, reported performance, and validation across foundation-design

tasks.

Training Reported
Engineering  Studies, Validation profile, n

sources, n metrics, n Comparable R?

task n (%) (%)
(%) (%)
Capacity and 110 Simulation: R?: 61 (55.5); R?, simulation: Same-source holdout:
load-response 675) 57 (51.8); RMSE: 58 0.400-1.000 (n = 82 (74.5); other
prediction ' field: 7 (6.4);  (52.7); MAE: 37); field: 0.020—  external: 7 (6.4); field
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Training Reported
Engineering  Studies, Validation profile, n
sources, 1 metrics, n Comparable R?
task n (%) (%)
(%) (%)
other: 46 38 (34.5); 0.950 (n = 3); case: 3 (2.7); CV: 4
(41.8) MAPE: 21 other: 0.260—-1.000  (3.6); internal/unclear:
(19.1) (n=21) 14 (12.7)
Cyclic, Simulation: ] ) Same-source holdout:
) R?%: 16 (53.3); R?, simulation:
dynamic, and 19 (63.3); 20 (66.7); other
) 30 RMSE: 12 0.660-1.000 (n =
time- field: 1 (3.3); external: 2 (6.7);
(18.4) (40.0); MAE: 11); other: 0.160— )
dependent other: 10 internal/unclear: 8
7(23.3) 0.991 (n =5)
response (33.3) (26.7)
R?: 8 (34.8);
o ] ) Same-source holdout:
Reliability, Simulation: RMSE: 7 ) )
) ] R?, simulation: 11 (47.8); other
inverse 23 19 (82.6); (30.4); relative
. . 0.889-0.998 (n = external: 2 (8.7); CV: 1
analysis, and (14.1)  field: 3 (13.0); failure- ]
R . 8) (4.3); internal/unclear:
optimization other: 1 (4.3) probability 9 (39.1)
error: 2 (8.7)

Note: n: number of unique studies. Task count: one dominant engineering task per study. Metric

count: non-exclusive; one study may report multiple metrics. Comparable performance: range of

study-level representative R? values at the highest available evaluation level. Other training

sources: laboratory data (n = 24); hybrid/mixed data (n = 17); secondary/public databases (n = 15);

synthetic/analytical data (n = 1). CV: cross-validation. MAE: mean absolute error. MAPE: mean

absolute percentage error. RMSE: root mean square error. Detailed results: Supplementary Table

S3.

3.3 Foundation Installation

Offshore foundation installation involves a dynamic balance between penetration
resistance and the applied driving force, such as hammer impact, internal suction, or ballast
loading '*°1, For large-diameter monopiles, prediction errors may lead to pile running or refusal
during installation 7). For jack-up spudcans, similar uncertainty in penetration resistance may
trigger sudden punch-through in layered soils ['3°!. For suction caisson foundations and suction
anchors, the installation process is further complicated by suction-assisted penetration, under

which plug blockage, buckling, and piping may occur 131,
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Fig. 8. Al-assisted technical routes across three phases of offshore foundation installation. (a) Pre-
installation hazard screening using surrogate modeling and classification, illustrated by punch-
through, heave/piping, and running/refusal. (b) Bayesian updating of predicted installation response
using real-time monitoring data. (c) Symbolic regression to model post-installation setup as excess

pore-water pressure dissipates and foundation capacity increases [132-134],

Au, excess pore-water
pressure; o', effective stress.

These processes involve large deformation, evolving contact conditions, rapid
pore-pressure changes, and, in some cases, strain-rate or seepage effects 13571571,
Conventional installation analysis therefore faces a persistent trade-off between
efficiency and fidelity. One-dimensional wave-equation methods and API-based static

reduction approaches are computationally efficient, but rely heavily on empirical

parameter selection and may perform poorly when resistance changes abruptly in
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layered ground ['*%). By contrast, large-deformation numerical methods, especially
coupled Eulerian—Lagrangian (CEL) approaches, have been used to simulate offshore
foundation penetration and the associated soil-flow mechanisms [13°161]1 These
methods provide detailed mechanistic information but are generally used for offline
analyses, making them less suited to rapid updates during field operations. In this
context, Al is increasingly used for pre-installation feasibility assessment, real-time
monitoring and correction during installation, and post-installation back-analysis
(Fig. 8).

3.3.1 Installation feasibility assessment and rapid risk prediction

At the planning stage, the main objective is to estimate penetration resistance and identify
potential installation hazards before construction begins. Because site data are often still limited,
Al is mainly used to build efficient surrogate models that reduce repeated use of time-
consuming physical simulations and enable rapid feasibility screening.

One central task is the prediction of soil resistance to driving (SRD), for which
traditional wave-equation-based workflows are sensitive to soil parameter selection.
Park and Cho ['32) showed that artificial neural networks (ANNs) could establish
nonlinear relationships among hammer energy, soil conditions, and penetration
resistance more effectively than wave-equation approaches. For foundation types with
more complex penetration mechanisms (e.g., helical piles and dynamically installed
anchors), multivariate machine-learning models have been used to predict installation
torque and final embedment depth, where analytical methods struggle to represent the
full 3D process 1341621,

Machine learning has also been used to identify pre-installation risks. For
plugging issues for large-diameter pipe piles, research has progressed from qualitative
judgment to probabilistic prediction using ensemble voting classifiers based on

163.164] 'For internal plug heave that often

foundation geometry and bulk soil indices !
occurs during suction-assisted penetration, recent studies suggest that ensemble-
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learning methods, such as random forest regression (RFR), can combine installation
parameters with stratigraphic indicators to predict plug-heave height more reliably

s [165] For spudcan punch-through in layered

than conventional empirical correlation
soils, surrogate models based on random forest (RF) and multilayer perceptron (MLP),
trained on CEL-generated samples, have been used to improve efficiency and support
the development of site-scale punch-through vulnerability maps [166-168],

3.3.2 Real-time monitoring and adaptive updating during installation

During installation, discrepancies often arise between pre-installation predictions and
measured field response due to seabed heterogeneity and limited site investigations. At this
stage, the main contribution of Al lies in using high-frequency monitoring data to update soil
resistance and installation response in real time.

For impact-driven foundations such as monopiles, interpretation of driving
response still depends largely on wave-equation analysis, whose reliability is strongly
influenced by assumed pile-soil interaction parameters. Since these parameters are
difficult to define reliably in advance, probabilistic approaches such as Bayesian
updating have been used to revise empirical parameters, including Smith damping and
ultimate elastic displacement, using hammer-response time histories recorded during

[169,170

early driving 1. This reduces prediction error in deeper penetration stages. For

pile-running risk in weak layers [”7], deep-learning-based temporal models have also
been used to detect precursory instability from monitoring signals, while attribution

tools (e.g., SHAP) help quantify the contribution of variables such as mudline

elevation and hammer energy 71,

During suction-assisted installation, a key challenge is real-time control of the

suction path. If suction is too low, penetration is insufficient; if it is too high, piping

[172

or excessive plug heave may occur [!72] In this setting, data assimilation has been used

to infer effective wall stress and critical suction path from early displacement and

[173

pressure measurements, thereby informing pump-pressure control ['73]. For concealed

37



This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
risks associated with non-uniform plug heave and premature internal contact,
intelligent spatial interpolation has also been used to guide adaptive sonar sounding
and reconstruct 3D plug geometry with limited sampling delay [!74],

Similar benefits have been reported for jack-up spudcans. Bayesian inference can
progressively narrow the posterior uncertainty in peak penetration resistance and

uplift capacity as monitoring data accumulate [175-1771

For strongly nonlinear
processes involving coupled interface friction and large soil deformation, higher-order
state-estimation methods such as the ensemble Kalman filter (EnKF) and particle filter
have been used to track the evolution of end-bearing and shaft-resistance components

(78,1791 "In this sense, installation is increasingly treated as a

under noisy conditions
form of in-situ testing, with site investigation and construction becoming more tightly
linked.
3.3.3 Post-installation setup and back-analysis

After pile driving or suction penetration, the disturbed soil around the foundation
undergoes pore-pressure dissipation and thixotropic strength recovery, commonly referred to
as the setup effect. This process affects the initial post-installation capacity and is therefore
relevant to later performance reassessment. Traditional empirical approaches usually describe
setup using logarithmic time functions, but these formulations are often too simple to capture
nonlinear asymptotic recovery at later times.

For such strongly time-dependent behavior, symbolic-regression-based
evolutionary methods, especially gene expression programming (GEP), have shown
potential for deriving explicit relationships among recovered capacity, consolidation

time, fines content, and geometric parameters [!80-181]

. Compared with black-box
neural networks ['32] these expressions are easier to interpret and more convenient for
rapid estimation and design checking. However, this line of work remains relatively

limited, and its current role is mainly to support post-installation reassessment rather

than real-time installation control.
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3.3.4 Engineering practice and equipment digitalization

In recent years, offshore contractors have increasingly incorporated simulation and digital
technologies into foundation-installation workflows. One documented example is Jan De Nul’s
use of digital-twin installation simulators to rehearse offshore wind turbine and foundation
operations under changing sea and seabed conditions ['83,

At the operational level, Heerema, Boskalis, and Saipem are combining high-
fidelity simulation with digital-twin technology to update motion and load response
during offshore installation, improving lowering, positioning, and alignment control
[184-186] Tn penetration monitoring, tools such as those developed by G-Octopus are
also being used to infer pile-tip resistance and possible boulder occurrence from
stress-wave signals [187],

At the equipment level, installation systems are moving from manual open-loop
operation toward adaptive control based on soil-machine feedback. In next-generation
hydraulic hammer systems developed by IHC IQIP, integrated sensors and
optimization algorithms can adjust hammer energy or operating frequency in real time
when abnormal pile—soil interaction is detected 88,

These developments suggest that the value of intelligent installation is shifting
from prediction alone toward active construction control and equipment capability
enhancement.

3.3.5 Al model training and evaluation in foundation installation

Table 6 compares training sources, reported metrics and values, and validation methods
across 20 foundation-installation studies.

First, installation studies relied more on measured data and existing databases
than on simulation-generated datasets. Numerical simulation was the primary training
source in only two studies (10.0%), compared with 58.3% of foundation-design studies.

Seven installation studies used laboratory data, seven used secondary or public

databases, three used field data, and one used hybrid data. This distribution is
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consistent with the greater difficulty of modeling installation processes. Compared
with conventional capacity calculations, installation models must represent large
deformation, evolving contact, soil flow, and changes in pore pressure and seepage.
These requirements make reliable numerical samples more difficult to generate and
calibrate, which may explain the greater reliance on experiments and existing records.

The same data constraints also shaped the distribution of installation objects.
Among the 11 studies on penetration and installation response, six examined spudcans,
two examined piles, two examined suction caissons, and one examined a Hall anchor.
Spudcan penetration can be reproduced in controlled centrifuge tests under layered-
soil conditions, with clear targets such as peak resistance and penetration depth. By
contrast, most pile studies in the broader installation set focused on post-installation
capacity gain or plugging rather than the complete driving process. This concentration
suggests that data accessibility, rather than engineering importance alone, has
influenced the current research focus. Complete pile-driving and suction-caisson
penetration processes therefore remain underrepresented in the included evidence.

Second, installation studies have begun to use monitoring data to update
predictions of later resistance, punch-through risk, or critical suction. However, the
available evaluations compared predictions with observations, and none of the 20
studies assessed a complete monitoring—update—control-feedback loop. Current
evidence therefore supports Al for monitoring and decision support, while closed-loop
control still requires prospective field validation of its effectiveness and safety.

Table 6. Training sources, reported performance, and validation across foundation-

installation tasks.

Training Reported
Engineering Studies, Comparable Validation profile,
sources, n metrics, n
task n (%) performance n (%)
(%) (%)
_ ] _ R?: 6 (54.5); R?, simulation:
Penetration and 11 Simulation: 2 Same-source holdout:
) ] RMSE: 4 0.973-0.997 (n =
installation- (55.0)  (18.2); field: 2 8(72.7);
(36.4); 2); field: 0.800-
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Training Reported
Engineering  Studies, Comparable Validation profile,
sources, n metrics, n
task n (%) performance n (%)
(%) (%)
response (18.2); other: 7 MAE: 4 0.830 (n = 2); internal/unclear: 3
prediction (63.6) (36.4) other: 0.444-0.980 (27.3)
(n=2)
Accuracy: 3 Cross-validation: 1
Hazard/state ) (75.0); Accuracy, field: (25.0); other external:
) ) Field: 1 (25.0); )
classification 4 (20.0) relative 0.890 (n = 1); 2 (50.0);
) other: 3 (75.0) )
and updating error: 1 other: 0.710 (n = 2) internal/unclear: 1
(25.0) (25.0)
] ) R?: 4 (80.0); Same-source holdout:
Post-installation
RMSE: 5 3 (60.0); other
setup and Other: 5 R?, other: 0.730—
] 5(25.0) (100.0); external: 1 (20.0);
capacity (100.0) 0.950 (n = 4) .
] MAE: 2 internal/unclear: 1
evolution
(40.0) (20.0)

Note: n: number of unique studies. Task allocation: one dominant engineering task per study.
Metric counts: non-exclusive. Comparable performance: range of study-level representative values
at the highest available evaluation level. Other training sources: laboratory data (n = 7);
secondary/public databases (n = 7); hybrid/mixed data (n = 1). Same-source holdout: test samples
drawn from the same underlying source as the training data. Other external: evaluation using an
independent dataset other than a field-case assessment. Setup: installation-induced capacity gain
over time. MAE: mean absolute error. RMSE: root mean square error. Detailed results:

Supplementary Table S4.
3.4 Operation and Maintenance (O&M)

After installation, offshore wind foundations continue to evolve under long-term
environmental loading. Unlike superstructures, geotechnical problems such as seabed scour
and degradation of structure-soil interaction (SSI) mainly occur below water (or below mudline)
and are therefore difficult to observe directly. These processes are both cumulative and
potentially abrupt: gradual scour and stiffness degradation may progress over time [!8%190]
while subsequent extreme events can trigger sudden failures once a critical state is reached !,

Conventional O&M still relies largely on periodic sonar surveys or diver inspection, both of

which are costly, infrequent, and inherently delayed [!%/,
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Fig. 9. Al-assisted routes for offshore geotechnical operation and maintenance (O&M). The left
schematic contrasts scour that can be characterized through underwater observation with below-
mudline foundation states that require indirect inference. (a) Scour assessment through representation
of local mechanisms (modified from ['°21), direct characterization and reconstruction using data from
multibeam sonar and underwater cameras (modified from [1°3141) "and data-driven forward prediction.
(b) Vibration-based condition identification and virtual sensing, linking above-water measurements
to anomaly detection, reconstruction of subsurface stress and strain, stiffness degradation, and
remaining useful life. Al, artificial intelligence; FEM, finite-element model.

Against this background, AI and digital-twin technologies are shifting this
paradigm toward predictive, data-driven risk management. Current work mainly
concentrates on three aspects: (1) prediction and reconstruction of scour evolution, (2)
vibration-based condition identification and virtual sensing for hidden foundation
response, and (3) closed-loop O&M enabled by intelligent monitoring and digital

updating. The first two technical routes are summarized schematically in Fig. 9.
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3.4.1 Prediction and reconstruction of scour evolution
Local scour around monopiles arises from complex fluid-soil interactions involving
horseshoe vortices, wake shedding, and the associated amplification of near-bed shear stress

(1951 " Conventional empirical equations, mostly derived from simplified flume tests, often

struggle to capture site-specific wave-current loading and boundary-layer processes [196:197],
In this context, Al enhances scour assessment mainly through two complementary
routes (Fig. 9a). The first focuses on direct characterization and reconstruction of
scour morphology from monitoring data. Compared with infrequent manual
interpretation, Al-enhanced analysis transforms multibeam-sonar data and underwater
imagery into engineering-relevant scour indicators and reconstructed pit geometry
under visually challenging underwater conditions, enabling automatic scour-pit

detection 1981991 deepest-point localization, geometric quantification, and 3D site

reconstruction, thereby improving the timeliness and consistency of field assessment

[193,194,200]

The second route focuses on data-driven forward prediction of scour evolution
under changing environmental forcing. Learning-based models relate hydrodynamic
and environmental parameters to engineering-relevant scour metrics. For example,
ensemble-learning methods have been applied to quantify the nonlinear influence of
key parameters (e.g., Keulegan-Carpenter number and Shields parameter) on scour
depth [291:2021 'Tn practice, however, deep-water in-situ data are often sparse, so the
limited field observations are commonly combined with high-fidelity numerical

(2031~ Additionally, scour prediction is

simulations to improve model robustness
moving from deterministic estimates (i.e., point prediction) toward probabilistic
forecasts for O&M reliability assessment (e.g., spatio-temporal reconstruction) [204,
using sequence models for time-dependent evolution under changing sea states [205-
2081 and graph neural networks (GNNs) for inference at unmonitored locations across

a wind farm [198,209.210]

43



This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032

3.4.2 Vibration-based condition identification and virtual sensing

Compared with scour, degradation below the mudline is even harder to observe directly,
although it can still alter foundation stiffness and boundary restraint. A practical alternative is
to infer foundation-condition change from vibration measured above water. Such interpretation
usually proceeds at two levels: (1) condition identification and (2) virtual sensing for hidden-
response reconstruction (Fig. 9b).

The first level detects changes in foundation state from vibration features such as
natural frequency, mode shape, and time-frequency indicators [2!1:2!21 In offshore
wind applications, however, environmental and operational variability, sparse labels,
and mixed damage sources make this task difficult. Al is mainly used to improve
feature extraction and pattern discrimination. Some studies embed structural-
dynamics constraints directly into the loss function so that scour depth or stiffness

213

degradation can be inferred from limited vibration data ?!3]. Others use anomaly

detection based on healthy-state baselines to identify departures from normal behavior

[214]

without a complete fault library Vibration-based studies address scour

2171 and damage

identification 2132161 combined scour and structural damage !
identification in soil-supported monopile systems '8 At this stage, the result is still
mainly a system-level indication of foundation change, but it is already useful for
anomaly screening, condition tracking, and early warning.

The second level recovers the below-mudline response history needed for
quantitative assessment. For service-life evaluation, identifying a stiffness change is
not enough; the key requirement is the stress—strain or response history in critical
structural or soil regions below the mudline. This is difficult when loads are
unmeasured, monitoring is sparse, and SSI is strongly nonlinear. Al is increasingly
used in digital-twin-based inverse analysis to address this problem. One approach
jointly estimates external loading and structural response when direct load

e [219,220

measurements are unavailabl I, Another introduces latent-variable dynamic
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models to represent nonlinear hysteresis and reconstruct hidden subsurface states from

limited observations [?2!]

. More generally, AI supports high-dimensional inverse
mapping and latent state updating under incomplete observations 21?22 This pushes
vibration-based interpretation beyond anomaly indication toward quantitative
reconstruction of below-mudline response, providing a more direct basis for fatigue
analysis and service-life evaluation.

3.4.3 Reliability updating and prognosis

Once scour state or below-mudline response can be inferred with greater confidence, the
next step is long-term performance assessment. Conventional fatigue and reliability
frameworks remain essential, but repeated updating becomes computationally burdensome
when loading and multiple degradation mechanisms evolve over long service periods 222223,
Al is mainly used here to improve uncertainty propagation, surrogate-based updating, and data-
informed reliability tracking.

Recent studies combine reliability analysis with Copula-based descriptions of
environmental dependence and random-field representations of spatially variable soil
properties, while using active-learning surrogates such as sequential Kriging or
Gaussian-process models to reduce repeated calls to expensive simulations [224-226],
These workflows make it more feasible to track reliability evolution under combined
scour, corrosion, and geotechnical degradation, and to incorporate sparse monitoring
data into fatigue assessment, reliability updating, and life-extension analysis. In this
sense, Al is extending offshore geotechnical O&M from condition identification
toward prognosis by making long-term updating more practical.

3.4.4 Engineering practice and closed-loop O&M support

The purpose of intelligent monitoring is to connect data acquisition, condition

identification, risk assessment, and maintenance actions into a workable O&M loop. In practice,

this is becoming visible in three areas: unmanned scour inspection, automated confined-space

monitoring, and digital-twin-supported life-extension assessment.
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In scour and seabed-morphology monitoring, practice is shifting from vessel- and
diver-based inspection toward Al-supported unmanned surveying and 3D
quantification. Fugro, for example, has applied unmanned surface vehicle (USV)-
based remote survey systems for offshore wind foundations and cable-protection

227,228

inspection [ 1. while Beam has also demonstrated autonomous subsea inspection

with on-site 3D reconstruction. These developments make scour monitoring more
frequent, quantitative, and less dependent on offshore personnel 22°],

For monopile shafts and other confined spaces, inspection is also becoming more
automated. Orsted’s Confispace solution combines drones with Al-based image

(2301 At the same time,

analysis to reduce personnel exposure and inspection effort
SCADA- and sensor-based predictive monitoring is increasingly used to track
degradation trends and support preventive maintenance in turbines and substations
[230]

In life-extension assessment, attention is shifting from isolated sensing to
integrated digital-twin systems. Acteon has applied this approach in floating offshore
wind demonstrators, using measured motion, position, and strain data to update
structural-response twins and infer loading and deformation in inaccessible

underwater regions [231-233

. These developments show that intelligent monitoring is
moving beyond periodic inspection and post-processing toward more continuous
closed-loop O&M support.
3.4.5 Al model training and evaluation in operation and maintenance

Table 7 compares training sources, reported metrics and values, and validation methods
across 35 O&M studies.

First, although O&M is grounded in field monitoring, most included studies did
not train their models directly on measurements from operating assets. Within the

assembled evidence set, none of the 14 scour studies or 12 condition-identification

and prognosis studies used directly collected operational data as the primary training
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source. Scour studies relied mainly on numerical simulations, laboratory data, and
existing databases. Condition studies used either numerical simulations (n =7) or
laboratory data (n = 5). Among these 26 studies, ten reported R?, with study-level
representative values ranging from 0.590 to 1.000. These results were obtained from
simulations, laboratory tests, or existing databases rather than directly collected
operational data. Scour assessment requires long-term records that align
environmental loading with seabed evolution, while condition identification requires
verified damage or degradation labels. Both types of evidence are difficult to obtain
from operating assets. Simulations and controlled tests provide clearer target states,
which may explain their dominant role in current model development.

Second, field data were concentrated in hidden-response reconstruction and
model updating, but measured inputs did not necessarily provide reference values for
the predicted states. Five of the nine studies in this task group used field data, and all
five relied on internal or insufficiently described evaluation. Below-mudline strain,
foundation stiffness, and external loads often cannot be measured directly. Some
studies therefore used the modal assurance criterion or correlation coefficients to
evaluate reconstructed responses. However, agreement with above-water structural
responses or an updated numerical model does not independently verify the
reconstructed below-mudline state. Current evidence therefore supports Al for virtual
sensing and model updating, while its use in maintenance decisions still requires
validation against independent inspection results or subsequent operating data.

Table 7. Training sources, reported performance, and validation across operation-and-

maintenance tasks.

Training Reported
Engineering Studies, Comparable Validation profile,
sources, n metrics, n
task n (%) performance n (%)
(%) (%)
Scour ) ) ] ) Same-source
o 14 Simulation: 5 R2:5(35.7); R?, simulation:
prediction and holdout: 10 (71.4);
(40.0) (35.7); field: RMSE: 10 0.885-0.995 (n =

detection

other external: 1
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Training Reported
Engineering  Studies, Comparable Validation profile,
sources, n metrics, n
task n (%) performance n (%)
(%) (%)
0; other: 9 (71.4); MAE: 6 1); other: 0.590— (7.1); cross-
(64.3) (42.9) 0942 (n = 4) validation: 1 (7.1);
internal/unclear: 2
(14.3)
R?, simulation: Same-source
R?:5(41.7);
) . 0.910-1.000 (n = holdout: 7 (58.3);
o Simulation: 7 accuracy: 2
Condition 3); other: 0.918- other external: 1
) ] . 12 (58.3); field: (16.7);
identification o 0.998 (n = 2); (8.3); cross-
) (34.3) 0; other: 5 precision: 3 o
and prognosis accuracy, other: validation: 2 (16.7);
(41.7) (25.0); F1: 1 )
8.3) 0.940-0.999 (n = internal/unclear: 2
’ 2) (16.7)
Normalized Normalized RMSE,
. . ) ) . Same-source
Hidden- Simulation: 3 RMSE: 3 simulation: 0.3-80%
holdout: 1 (11.1);
response (33.3); field: (33.3); MAC:  (n = 2); other: 1.4%
) other external: 1
reconstruction 9 (25.7) 5 (55.6); 2(22.2); (n =1); MAC, (L)
and model other: 1 correlation field: 0.870-0.999 ] 7
) . ] internal/unclear: 7
updating (11.1) coefficient: 1  (n = 2); correlation, (778)

(11.1) field: 0.968 (n = 1)

Note: n: number of unique studies. Task allocation: one dominant engineering task per study.

Metric counts: non-exclusive. Field training: directly collected measurements from operating assets.
Other training sources: laboratory data (n = 8); secondary/public databases (n = 5); hybrid/mixed
data (n = 2). Comparable performance: range of study-level representative values at the highest
available evaluation level. Same-source holdout: test samples drawn from the same underlying
source as the training data. Other external: evaluation using an independent dataset other than a
field-case assessment. MAC: modal assurance criterion. MAE: mean absolute error. RMSE: root

mean square error. Detailed results: Supplementary Table S5.

3.5 Cross-lifecycle synthesis

Sections 3.1-3.4 reviewed the Al research tasks, technical approaches, and engineering
practice at each lifecycle stage. Tables 4—7 further compared how the models were trained and
evaluated. Technical studies show which tasks Al has been used to perform, while documented
project cases indicate whether these methods have entered engineering workflows. The

quantitative results show which data underpin the reported performance and how that
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performance was evaluated. Taken as a whole, these analyses yield three cross-lifecycle
findings.

(I) Use in an engineering workflow does not by itself establish independent
validation. Here, independent validation means testing a model on a site, project, or
design or operating condition that was not used in model development. In site
investigation, Al-generated digital ground models have been used in tenders and as
design inputs, but transfer to new sites has rarely been tested. Foundation-design
surrogates are already used in parametric studies and design iteration, although most
reported results show how closely they reproduce the numerical simulations used for
training. Documented project cases thus demonstrate workflow adoption, but do not
alone establish transferability or readiness for independent engineering decisions.

(2) Al is closest to step-level substitution when the task is bounded and its output
can be checked before the final engineering decision. Representative examples are
within-site data processing during site investigation, surrogate calculations within a
validated foundation-design domain, and observable-condition identification from
images or sonar in O&M. Measured profiles, separate high-fidelity calculations, and
inspection results provide the corresponding checks. The reviewed evidence therefore
supports selective substitution for some data-processing and repeated-calculation
steps. Direct site investigation, complete design verification, and final engineering
review remain within established workflows.

(3) Stronger evidence is required when AI outputs inform construction,
maintenance, or certification decisions. Installation studies have used monitoring data
to update penetration-resistance and risk predictions, but none of the reviewed studies
assessed the complete chain from prediction and equipment adjustment to the final
construction outcome. Many below-mudline O&M states lack direct reference
measurements. Similarly, high agreement with source simulations does not provide

the traceability required for certification-level design. These decision-level uses
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therefore require established analysis, field verification, and expert judgment

alongside Al.

Table 8 applies these three findings across the four lifecycle stages.

Table 8. Current Al roles and evidence boundaries across the offshore wind geotechnical

lifecycle.
. Reported applications and . . .
Lifecycle . . . Role relative to established Current evidence
available engineering
stage . methods boundary
evidence
) . . The reviewed evidence
Al is used for CPT Selective substitution and
) ] o does not support
interpretation, seismic-CPT  supplementation: performs some
. ) o o ) replacement of
Site fusion, and digital ground within-site data processing and

) . . A . i boreholes or CPTs;
investigation modeling; some outputs have parameter prediction while

. . . . L. cross-site transfer
been used in tenders and as  supplementing direct investigation

L . . remains insufficiently
design inputs and expert interpretation )
validated
Selective substitution and Conditions outside the
Surrogates are used for . o )
o supplementation: handles some training domain and
) response prediction, ) ) ) )
Foundation ) ) ] repeated numerical evaluations certification-level
) parametric studies, design y ) ) ) ) ) )
design ) ) : within a validated design domain design still require
iteration, and option ] ]
) and supplements mechanical independent
screening ) ) ) )
analysis and code-based design verification
Al has been applied to .
] ) ) o No reviewed study
installation-risk prediction . ]
o Supplementation: assists directly evaluated
. and monitoring-based o )
Foundation o o feasibility assessment, hazard whether Al-guided
. ) updates; digital monitoring ) . ) .
installation ] identification, and prediction closed-loop control
systems provide an . .
) ) ] updating safely improves
implementation basis for )
o construction outcomes
these applications
Al-based image and sonar ) )
) ) Selective substitution and Hidden-state inference
analyses identify observable . o
o ) ) supplementation: handles some and decisions on
conditions; virtual sensing o ) ) ) )
o&M i routine inspection-data processing maintenance or life
supports hidden-response ) ) ) )
) and supplements state inference extension still require
reconstruction and model o ) ) )
) and reliability updating independent evidence
updating

Note: Selective substitution: Al performs a bounded step whose output can be independently

checked; established engineering review remains in the workflow.

Overall, the extent of Al use depends on the task rather than the lifecycle stage.
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Step-level substitution is clearest for surrogate calculations within validated
foundation-design domains. Site investigation and O&M approach this level only for
observable, checkable outputs, whereas foundation installation remains focused on
prediction and decision support. The evidence base is strongest for reproducing
established calculations and identifying observable conditions, but weaker for hidden-
state inference, real-time control, and certification. Accordingly, Al can currently
replace selected calculations and data-processing steps; direct site characterization,
final verification, and responsibility for engineering decisions remain within
established workflows. Section 4 examines the data, model, transferability, and
implementation barriers that underlie these boundaries.
4 Key Challenges and Limitations

Recent reviews and application studies in civil and geotechnical engineering suggest that,
despite differences in application context, the main barriers to practical Al implementation are
broadly similar. Based on 12 representative between 2020 and 2025 815242342421 "rather than
on the 266 screened research articles, the challenges can be broadly grouped into four
categories: data-related limitations, model-related limitations, generalization limitations, and
implementation-related limitations (Fig. 10). At the category level, data- and model-related
limitations account for the largest shares, followed by generalization- and implementation-
related limitations. At the level of specific issues, the six most frequently reported limitations
are data scarcity (100%), limited interpretability (91.7%), insufficient generalization (83.3%),
data-quality concerns (75%), limited engineering deployment (75%), and lack of
standardization (66.7%). When considered together with the stage-based analysis in Section 3,
these findings suggest that Al in offshore geotechnical engineering is constrained not by a
single weakness, but by a chain of interrelated limitations spanning data, models, transferability,

and deployment.
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Data scarcity 100%
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Limited engineering application

Lack of standardization 66.7%

(') 2'0 4|0 6'0 8|0 I(I)O
Percentage of papers (%)

Fig. 10. Summary of key barriers to Al implementation in geotechnical engineering. Bar chart:
frequency of specific limitations; Donut chart: proportional distribution by limitation category (Data-
related, Model-related, Generalization, and Implementation-related).
4.1 Data scarcity and insufficient quality control

The most immediate limitation remains the lack of high-quality offshore geotechnical data.
Full-scale installation records, deep borehole measurements, and long-term monitoring
datasets are expensive and sparse. As a result, many Al models still rely on numerical
simulations, smooth interpolations, or limited site-specific observations that do not fully reflect
real seabed variability, installation disturbance, or measurement noise under marine conditions.
Models trained primarily on synthetic data can therefore lead to biased prediction when
transferred to more complex field conditions [17%-243],

This problem is intensified by inconsistent quality control. Offshore datasets
often differ in test protocols, sampling resolution, feature definition, and
preprocessing procedures. Missing values, noise, and inconsistent labels further

reduce reliability. The lack of shared, reusable benchmark datasets therefore remains

a basic obstacle to robust training, fair comparison, and practical credibility.
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4.2 Limited physical grounding and interpretability

A second major limitation is that many current models remain weakly connected to
geotechnical mechanisms. Although purely data-driven models may fit observed patterns well
within the training range, they often rely on statistical association rather than explicit
mechanics. As a result, they may produce unrealistic resistance changes, stiffness evolution, or
failure trends under unfamiliar conditions.

Interpretability is part of the same problem. In engineering practice, predictions
must be explainable and defensible, not only accurate. However, many current models
operate as black boxes and provide limited insight into stress transfer, failure
evolution, or the mechanical basis of their outputs. This weakens confidence in design,
installation, and life-extension decisions.

4.3 Limited generalization across regions, conditions, and time scales

Model transferability remains another major challenge. A model trained in one sea area

or for one task may degrade quickly when applied to sites with different depositional histories,

s (2% This is especially important in offshore wind

soil characteristics, or failure mechanism
because foundations operate under long-term coupling among wind, wave, current, and soil,
with time-dependent processes such as stiffness degradation and pore-pressure accumulation.
As a result, models that fit local static data may still be inadequate for stable long-term
extrapolation.
4.4 Implementation barriers and regulatory review challenges

Even when predictive performance is acceptable, deployment in real projects remains
difficult. Offshore engineering often involves weak connectivity, limited onboard computing
resources, and legacy software environments, which favor lightweight, stable, and low-latency
tools. Some current probabilistic and filtering methods are still too computationally demanding
for real-time field use [!"%,

At the same time, offshore geotechnical Al still lacks unified standards for data

format, feature definition, sample quality control, model validation, and performance
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evaluation. This weakens reproducibility, complicates third-party review, and slows
integration into certification and engineering practice. Improving predictive accuracy
alone is therefore insufficient; reviewability and standardization are equally important.
5 Outlook

The challenges above suggest that future progress should focus less on isolated prediction
accuracy gains and more on whether Al models and workflows are physically grounded,
transferable, and usable in engineering practice. In this sense, this section responds to the
limitations identified in Section 4: trustworthy models address weak physical grounding,
interpretability, and generalizability; stronger data ecosystems address data scarcity,
inconsistent quality, and industrial deployment barriers; and agent-assisted workflows explore
how models, evidence, and engineering tasks can be connected.

5.1 Model reconstruction for trustworthy prediction

To address the problems of insufficient physical grounding, limited interpretability, and
limited generalization (Sections 4.2 and 4.3), future model development should place greater
emphasis on trustworthy prediction rather than higher accuracy alone. In offshore geotechnics,
the key challenge is ensuring Al models remain mechanically plausible when applied beyond
the training domain.

One important direction is stronger integration of physical constraints. Existing
physics-informed neural networks (PINNs) usually impose physical information
through residual terms in the loss function, but this may be insufficient for problems
involving large deformation, strong coupling, or pronounced nonlinearity. A more
robust route is to embed conservation laws, dissipation conditions, and boundary
constraints more explicitly into model structure. Thermodynamics-based artificial
neural networks (TANN) are one example of this trend and may offer more reliable
physical boundaries for stiffness degradation, plastic dissipation, and strength
evolution in offshore geotechnical applications [243],

A second direction is improved transparency. In engineering practice, models

54



This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032

must produce outputs that engineers can inspect and relate to approximate mechanisms
or design relationships. This has motivated interest in more interpretable architectures,
such as Kolmogorov-Arnold networks (KANs) [246],

Overall, future model development is likely to rely less on increasing network
complexity alone and more on combining physical consistency and interpretability.
5.2 Data ecosystems, benchmark datasets, and standardization

To address the challenges of data scarcity, inconsistent data quality, and engineering
deployment barriers (Sections 4.1 and 4.4), offshore geotechnical Al needs stronger data
ecosystems, benchmark datasets, and standardized evaluation frameworks. These are essential
for improving comparability, reproducibility, and reviewability across studies and projects.

There have been encouraging developments in data accessibility. For example, in
the Netherlands, public pre-tender datasets containing CPTu, borehole, and
geophysical survey data have become available, and national data platforms now

provide broader subsurface records [247]

. Even so, open data ecosystems designed
specifically for offshore geotechnical Al remain at an early stage.

An equally important issue is benchmark design. Without common benchmarks,
different studies continue to report performance on self-defined datasets and metrics,
making objective comparison difficult. Offshore benchmark frameworks should
therefore move beyond predictive accuracy alone and include questions of physical
consistency, cross-site stability, and reproducible engineering assessment. Recent
benchmark-oriented efforts (e.g., 2025 GEOAI benchmark problem published in
Geodata and AI '***1) indicate growing interest in this direction, but offshore
geotechnics still needs coordinated development of open datasets and standardized
workflows for quality control, validation, and reporting.

5.3 Agent-assisted engineering workflows

Beyond better models and datasets, agent-assisted workflows offer a longer-term direction

for connecting modeling, data analysis, and engineering software. Here, a language-model
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agent is an Al system that divides a task into steps, uses approved data or software, and selects
its next step from intermediate results [2*>2°°1, When several agents perform different roles, they
form a multi-agent system. Building on recent developments in geotechnics and adjacent
sciences, we envisage three connected levels for offshore engineering: support for a single
modeling task, feedback between models and evidence, and coordination across an engineering

project (Fig. 11).

(a) Model development and checking

Generate code lterative
Model- development and
........ > In development Run model __checking | ' Qut
agent checks
Human Site constraints Compare Site-specific
& data configurations model
(b) Feedback between models and engineering evidence
. Call / read Call / read .
Finite-element / write / write Experimental
software planning tools
________ + In Workflow R out
agent >
Human Assumptions & Code Data-processing Numerical verification &
evidence environments  Call/read/  Call/read/ modules experimental design
write write
(c) Coordination across project-level tasks
Hydrodynamics
Geology agent agent
-------- > In Cross-disciplinary Foundaton ___ = oyt
M reasoning design tools
Human Ind rarm O&M agent Coordinated foundation
requirements Structural agent g assessment

Constraints & Supervision: expert review, verification, tool reliability & safety
Fig. 11. Three connected levels of agent-assisted workflows in offshore geotechnical engineering: (a)
model development and checking, (b) feedback between models and engineering evidence, and (c)
coordination across project-level tasks.

At the task level, agents could assist engineers in developing and checking
numerical models. For example, Kim et al. used a large language model to generate
finite-element code for consolidation, footing settlement, and seepage. They then
checked each model against a known solution or experiment. In a broader scientific-
machine-learning setting, multi-agent systems have been used to propose, critique,
implement, and test models combining data with physical equations 23172331 Offshore
numerical models use the same basic elements, including equations describing soil

behavior, site parameters, boundary conditions, numerical solvers, and benchmark
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cases. Agents could therefore prepare model inputs, generate code, run parameter
studies, and compare results with predefined checks before an engineer accepts the
model.

The next level links a model to new evidence, allowing it to be revised as site
information becomes available. Pan et al. developed GeoAgent, which searched
geotechnical databases and called tools to update uncertain parameters, fill missing
data, and map spatial variation. In experimental biology, Ghareeb et al. developed
Robin, which searched the literature, proposed experiments, analyzed results, and used
the findings to plan the next investigation [2°255] These systems illustrate a common
feedback process: evidence is gathered, analyzed with appropriate tools, and used to
guide the next step. Offshore geotechnics follows a similar process. Site interpretation
informs numerical simulations, while laboratory tests, installation records, and
monitoring data may lead engineers to revise the original assumptions. Agents could
help organize these comparisons and maintain a traceable record of each update.

Extending this feedback process across an offshore project leads to the third level:
coordination among specialized engineering tasks. Youwai et al. developed a system
that first identified shallow- or pile-foundation problems and then assigned them to
specialized design and checking agents. Vriza et al. organized users, Al agents, and
scientific instruments into separate operational levels. Their agents accessed existing
equipment through predefined commands and an execution interface [2°-2371,

The workflows above demonstrate how agents can support model development,
evidence updating, and task coordination in research and adjacent engineering settings.
Transferring them offshore requires adaptation to intermittent connectivity, limited
onboard computing, and legacy software. Because current agents often rely on large
general-purpose models and online tools, offshore applications need compact, domain-
specific agents that can operate locally and connect to existing systems through

controlled interfaces. Engineer approval and traceable agent actions must remain
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mandatory for design and operational decisions.
6 Conclusions

Overall, Al is moving from isolated prediction toward broader support for offshore wind
geotechnical workflows, but the evidence supporting these applications remains uneven across
lifecycle stages and engineering tasks. The main conclusions are as follows:

(1) AI in offshore wind geotechnical engineering has evolved from isolated prediction
toward project-scale engineering support. In the 266-paper bibliometric corpus, early studies
were largely small-sample proof-of-concept efforts; growth accelerated after 2016, and 74.8%
of the papers were published during 2021-2025. Over the same period, Al applications
broadened from predicting capacity, deformation, and soil classes to surrogate modeling,
uncertainty quantification, and monitoring-informed assessment. The use of approximately 1.5
million virtual cone penetration test profiles to construct a tender-stage three-dimensional
digital ground model, together with reported applications of surrogate design tools, installation
digital twins, and unmanned monitoring systems, shows that this transition has begun to enter
project workflows. Al outputs are therefore expanding from one-off predictions to deliverable
site models, reusable design tools, and continuously updated representations of engineering
states.

(2) Current Al applications remain constrained by data availability and quality,
model credibility, transferability, and the requirements of engineering deployment.
Field data remain scarce and inconsistently controlled. Even in foundation design, the
most extensively studied stage (64.7%), numerical simulations are the primary
training source (58.3%). Reported study-level performance is generally high (89.4%
of representative R? values are at least 0.90), but validation remains predominantly
same-source or internal, and field-case evaluation is rare (1.8%). Together with weak
physical grounding and interpretability, this validation pattern leaves limited evidence
that model performance generalizes across sites, conditions, and time scales. At the

deployment level, project applications have entered tendering, installation, and
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inspection workflows, but few studies assess whether they improve construction or
maintenance outcomes. Standardized pathways for validation, software integration,
and certification also remain immature. Current evidence therefore supports AI most
clearly for accelerating analysis and assisting state identification; cross-site prediction,
closed-loop installation control, and maintenance decision-making still require direct
validation against field outcomes.

(3) The current frontiers lie at three connected levels: models, data and evaluation
infrastructure, and engineering workflows. At the model level, black-box behavior and
insufficient physical constraints remain barriers to engineering review. Physics-
informed neural networks and thermodynamics-based artificial neural networks offer
routes to strengthen physical consistency, while Kolmogorov—Arnold networks may
make input-response relationships more interpretable. At the data level, open site
datasets, shared offshore benchmarks, and standardized independent validation and
reporting are needed to address proprietary and heterogeneous data and to make results
more comparable and transferable. At the workflow level, agent-assisted systems
could connect model checking, evidence-based updating, and cross-stage task
coordination, although project-scale use still requires direct validation in offshore
projects and engineer approval. Together, these directions would make models more
interpretable, evidence more comparable, and workflows more reviewable,
positioning Al as a bounded complement to established geotechnical analysis and
expert judgment.

Acknowledgments

None.

Author contribution statement

Jie Shi: Writing-original draft, Conceptualization, Methodology, Formal analysis,
Data curation, Visualization, Investigation. Yimin Lu: Conceptualization,
Supervision, Validation, Writing-review & editing. Hongjiang Li: Validation,

59



This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032

Writing-review & editing. Songyu Liu: Validation, Writing-review & editing.

Linlong Mu: Validation, Writing-review & editing. Hualei Feng: Data curation,

Visualization, Writing-review & editing. Chuqian Qin: Data curation, Visualization,

Writing-review & editing. Yunuo Liu: Data curation, Visualization, Writing-review

& editing. Zhifeng Qin: Data curation, Visualization, Writing-review & editing.

Zhongkun Ouyang: Conceptualization, Supervision, Project administration, Funding

acquisition, Validation, Writing-review & editing. All authors reviewed and approved

the final manuscript.

Data availability

No new experimental or field data were generated in this study. The search strategies

and aggregated evidence tables supporting this review are provided in the

Supplementary Material. The underlying study-level coding, extracted metric records,

screening decisions, and audit files are available from the corresponding authors upon

reasonable request.

Declaration of competing interest

All the contributing authors report no conflicts of interest in this work.

Funding

This work was supported by the National Natural Science Foundation of China [grant

numbers 52401333 and U24B20114].

Use of Al statement

None.

References

[1] IPCC (2018) Global warming of 1.5°C. An IPCC special report on the impacts of global
warming of 1.5°C above pre-industrial levels and related global greenhouse gas emission
pathways, in the context of strengthening the global response to climate change,
sustainable development, and efforts to eradicate poverty. Intergovernmental Panel on

Climate Change, Geneva.

60



This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[2] Guo Y, Wang H, Lian J (2022) Review of integrated installation technologies for

offshore wind turbines: Current progress and future development trends. Energy
Conversion and Management 255:115319.

https://doi.org/10.1016/j.enconman.2022.115319.

[3] Fan Q, Wang X, Yuan J, et al (2022) A review of the development of key
technologies for offshore wind power in China. Journal of Marine Science and

Engineering 10:929. https://doi.org/10.3390/jmse10070929.

[4] Musial W, Spitsen P, Duffy P, et al (2023) Offshore wind market report: 2023
edition. National Renewable Energy Laboratory, Golden, CO.

[5] Zhang J, Wang H (2022) Development of offshore wind power and foundation
technology for offshore wind turbines in China. Ocean Engineering 266:113256.
https://doi.org/10.1016/j.oceaneng.2022.113256.

[6] GWEC (2025) Global offshore wind report 2025. Global Wind Energy Council,
Brussels.

[7] Stehly T, Duffy P, Mulas Hernando D (2024) Cost of wind energy review: 2024
edition. National Renewable Energy Laboratory, Golden, CO. NREL/PR-5000-

91775. https://doi.org/10.2172/2479271.

[8] Michel G, Coughlan M, Stanca R, Narozny P, Trindade L, Joseph T (2025) A
review of benefits and pitfalls for prediction of geotechnical parameters in
offshore wind ground models using synthetic CPTs. In: Proceedings of the 5th
International Symposium on Frontiers in Offshore Geotechnics (ISFOG 2025),

Nantes. https://doi.org/10.53243/ISFOG2025-34.

[9] Gourvenec S (2024) Offshore geotechnical challenges of the energy transition.
Geomechanics for Energy and the Environment 39:100584.

https://doi.org/10.1016/j.gete.2024.100584.

[10] Jindal S, Rahmanli U, Aleem M, et al (2024) Geotechnical challenges in

monopile foundations and performance assessment of current design

61


https://doi.org/10.1016/j.enconman.2022.115319
https://doi.org/10.3390/jmse10070929
https://doi.org/10.1016/j.oceaneng.2022.113256
https://doi.org/10.2172/2479271
https://doi.org/10.53243/ISFOG2025-34
https://doi.org/10.1016/j.gete.2024.100584

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032

methodologies. Ocean Engineering 310:118469.

https://doi.org/10.1016/j.oceaneng.2024.118469.

[11] Ma Y, Zhao R, Zhao W, et al (2025) Dynamic analysis to reduce the cost for
fixed offshore wind energy turbines. Applied Energy 378:124804.

https://doi.org/10.1016/j.apenergy.2024.124804.

[12] Fazeres-Ferradosa T, Chambel J, Taveira-Pinto F, et al (2021) Scour protections
for offshore foundations of marine energy harvesting technologies: A review.
Journal of Marine Science and Engineering 9:297.

https://doi.org/10.3390/jmse9030297.

[13] Barhemat R, Poorghasem S, Zhang Q, et al (2025) Feasibility study on scour
monitoring for subsea cables of offshore wind turbines using distributed fiber
optic sensors. Renewable Energy 250:123378.

https://doi.org/10.1016/j.renene.2025.123378.

[14] Sheil B, Anagnostopoulos C, Buckley R, et al (2026) Artificial intelligence
transformations in geotechnics: Progress, challenges and future enablers.
Computers and Geotechnics 189:107604.

https://doi.org/10.1016/j.compgeo.2025.107604.

[15] Masoumi M (2023) Machine learning solutions for offshore wind farms: A
review of applications and impacts. Journal of Marine Science and Engineering

11:1855. https://doi.org/10.3390/jmsel1101855.

[16] El Haj A-K, Soubra A-H, Fajoui J (2019) Probabilistic analysis of an offshore
monopile foundation taking into account the soil spatial variability. Computers

and Geotechnics 106:205-216. https://doi.org/10.1016/j.compgeo.2018.10.011.

[17] Kato B, Huang R, Wang G, Wang Y (2026) An artificial intelligence-powered
design strategy for offshore wind turbine monopiles. Engineering Applications of
Artificial Intelligence 163:112909.

https://doi.org/10.1016/j.engappai.2025.112909.

62


https://doi.org/10.1016/j.oceaneng.2024.118469
https://doi.org/10.1016/j.apenergy.2024.124804
https://doi.org/10.3390/jmse9030297
https://doi.org/10.1016/j.renene.2025.123378
https://doi.org/10.1016/j.compgeo.2025.107604
https://doi.org/10.3390/jmse11101855
https://doi.org/10.1016/j.compgeo.2018.10.011
https://doi.org/10.1016/j.engappai.2025.112909

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[18] Zhang Z, De Risi R, Sextos A (2023) Multi-hazard fragility assessment of

monopile offshore wind turbines under earthquake, wind and wave loads.
Earthquake Engineering & Structural Dynamics 52:2658-2681.
https://doi.org/10.1002/eqe.3888.

[19] Xie J, Wang H, Cai X, et al (2025) Dynamics of offshore wind turbine
foundation: A critical review and future directions. Journal of Marine Science

and Engineering 13:2016. https://doi.org/10.3390/jmse13102016.

[20] Chen J, Vissinga M, Shen Y, et al (2021) Machine learning-based digital
integration of geotechnical and ultrahigh-frequency geophysical data for offshore
site characterizations. Journal of Geotechnical and Geoenvironmental

Engineering 147:04021160. https://doi.org/10.1061/(ASCE)GT.1943-

5606.0002702.

[21] O’Neill MP, Osuchowski AL, Cai Y, et al (2023) Integrated and data science-
informed seabed characterisation for optimised foundation design. Ocean

Engineering 284:115095. https://doi.org/10.1016/j.0oceaneng.2023.115095.

[22] Mert AC, Guo X, Shen Z, et al (2025) A reliability-based framework for
offshore monopile design using CPT data and deep learning enhanced adaptive
metamodeling. Ocean Engineering 342:122952.

https://doi.org/10.1016/j.oceaneng.2025.122952.

[23] Vichai K, Shiau J, Tran DT, et al (2025) Predicting failure envelopes of helical
anchors under combined V-H-M loading using a regression-enhanced knowledge
graph attention network. Ocean Engineering 341:122660.
https://doi.org/10.1016/j.0ceaneng.2025.122660.

[24] Liu H, Su H, Sun L, Dias-da-Costa D (2024) State-of-the-art review on the use
of Al-enhanced computational mechanics in geotechnical engineering. Artificial

Intelligence Review 57:196. https://doi.org/10.1007/s10462-024-10836-w.

[25] Kaplan A, Haenlein M (2019) Siri, Siri, in my hand: Who’s the fairest in the

63


https://doi.org/10.1002/eqe.3888
https://doi.org/10.3390/jmse13102016
https://doi.org/10.1061/(ASCE)GT.1943-5606.0002702
https://doi.org/10.1061/(ASCE)GT.1943-5606.0002702
https://doi.org/10.1016/j.oceaneng.2023.115095
https://doi.org/10.1016/j.oceaneng.2025.122952
https://doi.org/10.1016/j.oceaneng.2025.122660
https://doi.org/10.1007/s10462-024-10836-w

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032

land? On the interpretations, illustrations, and implications of artificial
intelligence. Business Horizons 62:15-25.

https://doi.org/10.1016/j.bushor.2018.08.004.

[26] Jong SC, Ong DEL, Oh E (2021) State-of-the-art review of geotechnical-driven
artificial intelligence techniques in underground soil-structure interaction.
Tunnelling and Underground Space Technology 113:103946.
https://doi.org/10.1016/j.tust.2021.103946.

[27] Page MJ, McKenzie JE, Bossuyt PM, et al (2021) The PRISMA 2020 statement:
An updated guideline for reporting systematic reviews. BMJ 372:n71.

https://doi.org/10.1136/bmj.n71.

[28] Bliek L (2022) A survey on sustainable surrogate-based optimisation.

Sustainability 14:3867. https://doi.org/10.3390/sul4073867.

[29] Jordan MI, Mitchell TM (2015) Machine learning: Trends, perspectives, and

prospects. Science 349:255-260. https://doi.org/10.1126/science.aaa8415.
[30] LeCun Y, Bengio Y, Hinton G (2015) Deep learning. Nature 521:436-444.

https://doi.org/10.1038/nature14539.

[31] Karniadakis GE, Kevrekidis IG, Lu L, et al (2021) Physics-informed machine

learning. Nature Reviews Physics 3:422—440. https://doi.org/10.1038/s42254-

021-00314-5.
[32] Lyu T, Xu C, Chen G, Zhao Y, Li Q, Zhao T (2019) Reliability of jack-up
against punch-through using failure state intelligent recognition technique. KSCE

Journal of Civil Engineering 23:4340-4349. https://doi.org/10.1007/s12205-019-

1178-8.

[33] Gorostidi N, Pardo D, Nava V (2023) Diagnosis of the health status of mooring
systems for floating offshore wind turbines using autoencoders. Ocean

Engineering 285:115862. https://doi.org/10.1016/j.0ceaneng.2023.115862.

[34] Lendve SB, Enss GC, Tsiapoki S, Ebert C, Asmussen J (2020) Probabilistic

64


https://doi.org/10.1016/j.bushor.2018.08.004
https://doi.org/10.1016/j.tust.2021.103946
https://doi.org/10.1136/bmj.n71
https://doi.org/10.3390/su14073867
https://doi.org/10.1126/science.aaa8415
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/s42254-021-00314-5
https://doi.org/10.1038/s42254-021-00314-5
https://doi.org/10.1007/s12205-019-1178-8
https://doi.org/10.1007/s12205-019-1178-8
https://doi.org/10.1016/j.oceaneng.2023.115862

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032

approach for detection of structural changes on monopile substructures using
measured structural health monitoring data. Stahlbau 89:628-640.

https://doi.org/10.1002/stab.202000018.

[35] Luo N, Arwade SR, DeGroot DJ (2020) Probabilistic analysis of offshore
geotechnical site investigation in a homogeneous stiff clay deposit. Journal of

Physics: Conference Series 1452:012037. https://doi.org/10.1088/1742-

6596/1452/1/012037.

[36] Andersen KH, Engin HK, D’Ignazio M, Yang S (2023) Determination of cyclic
soil parameters for offshore foundation design from an existing data base. Ocean
Engineering 267:113180.

[37] Burd HJ, Abadie CN, Byrne BW, et al (2020) Application of the PISA design
model to monopiles embedded in layered soils. Géotechnique 70:1067-1082.

[38] Lunne T, Powell JJ, Robertson PK (2002) Cone penetration testing in
geotechnical practice. CRC Press, London.

[39] Depina I, Le TMH, Eiksund G, Strem P (2016) Cone penetration data
classification with Bayesian mixture analysis. Georisk: Assessment and
Management of Risk for Engineered Systems and Geohazards 10:27—-41.

https://doi.org/10.1080/17499518.2015.1072637.

[40] Wang L, Zhang X, Hong Y, et al (2025) Efficient 3D geological modeling for
offshore wind farm with sparse CPTU and borehole data. Canadian Geotechnical

Journal 62:1-23. https://doi.org/10.1139/cgj-2025-0181.

[41] Krogstad A, Depina I, Omre H (2018) Cone penetration data classification by
Bayesian inversion with a hidden Markov model. Journal of Physics: Conference

Series 1104:012015. https://doi.org/10.1088/1742-6596/1104/1/012015.

[42] Liu H-C, Zhang N, Yin Z-Y (2025) Probabilistic stratigraphic modelling from
sparse boreholes based on deep learning. Géotechnique 75:1457-1469.

https://doi.org/10.1680/jge0t.24.00998.

65


https://doi.org/10.1002/stab.202000018
https://doi.org/10.1088/1742-6596/1452/1/012037
https://doi.org/10.1088/1742-6596/1452/1/012037
https://doi.org/10.1080/17499518.2015.1072637
https://doi.org/10.1139/cgj-2025-0181
https://doi.org/10.1088/1742-6596/1104/1/012015
https://doi.org/10.1680/jgeot.24.00998

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032
[43] Xie J, Huang J, Jiang S-H, et al (2026) Soil stratification from sparse boreholes

based on transition probability—informed machine learning. Journal of
Geotechnical and Geoenvironmental Engineering 152:04025204.

https://doi.org/10.1061/JGGEFK.GTENG-13926.

[44] Marin-Moreno H, Willis J, Zhang Y, Gourvenec S (2026) Interpretable
XGBoost-based predictions of shear wave velocity from CPTu data. Marine

Geophysical Research 47:5. https://doi.org/10.1007/s11001-025-09602-6.

[45] Xia H, Chen S, Pan X (2025) A CPTU-based prediction method for undrained
shear strength with quantified uncertainty. Advances in Civil Engineering

2025:5172231. https://doi.org/10.1155/adce/5172231.

[46] Chen W, Ding J, Wang T, et al (2023) Soil property recovery from incomplete
in-situ geotechnical test data using a hybrid deep generative framework.

Engineering Geology 326:107332. https://doi.org/10.1016/j.enggeo.2023.107332.

[47] Liu M, Sun E, Zhang N, et al (2024) A virtual calibration chamber for cone
penetration test based on deep-learning approaches. Journal of Rock Mechanics
and Geotechnical Engineering 16:5179-5192.

[48] Di H, Pham N, Abubakar A (2024) Estimating geotechnical parameters using
semisupervised learning: An example from the Dutch offshore wind farm zone.

Geophysics 89:WA85-WA93. https://doi.org/10.1190/ge02023-0054.1.

[49] Feng Y, Bozorgzadeh N, Klinkvort R (2025) Bayesian hierarchical modelling
for high-resolution probabilistic characterisation of small strain shear modulus
from offshore CPT. Computers and Geotechnics 188:107584.

https://doi.org/10.1016/j.compgeo.2025.107584.

[50] Moradi P, Al-Harahsheh Y, Nobahar M, Abu-Farsakh MY (2026) A Bayesian
neural network framework for CPT prediction at sparse sites. Transportation

Geotechnics 57:101837. https://doi.org/10.1016/j.trgeo0.2025.101837.

[51] Lin L, Zhong Z, Li C, et al (2024) Machine learning for subsurface geological

66


https://doi.org/10.1061/JGGEFK.GTENG-13926
https://doi.org/10.1007/s11001-025-09602-6
https://doi.org/10.1155/adce/5172231
https://doi.org/10.1016/j.enggeo.2023.107332
https://doi.org/10.1190/geo2023-0054.1
https://doi.org/10.1016/j.compgeo.2025.107584
https://doi.org/10.1016/j.trgeo.2025.101837

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032

feature identification from seismic data: Methods, datasets, challenges, and
opportunities. Earth-Science Reviews 257:104887.

https://doi.org/10.1016/j.earscirev.2024.104887.

[52] Sauvin G, Vardy M, Klinkvort RT, et al (2022) State-of-the-art ground model
development for offshore renewables—TNW case study. In: EAGE GET 2022.
European Association of Geoscientists & Engineers, The Hague, pp 1-5.

https://doi.org/10.3997/2214-4609.202221109.

[53] Yang Y, He L, Li W, et al (2025) A seismic integrated deep learning approach
for prediction of offshore wind site cone penetration test data. Ocean Engineering

337:121814. https://doi.org/10.1016/j.oceaneng.2025.121814.

[54] Zhu D, Jin G, Shang X, Shen Y, Chen J, Goh V (2025) Estimating soil strength
using ultra high-resolution seismic data: A case study from a shallow water wind

farm. Geophysics 90:B81-B89. https://doi.org/10.1190/ge02024-0379.1.

[55] Abubakar A, Di H, Kaul A, et al (2022) Deep learning for end-to-end
subsurface modeling and interpretation: An example from the Groningen gas

field. The Leading Edge 41:259-267. https://doi.org/10.1190/t1e41040259.1.

[56] Di H, Abubakar A (2021) Estimating subsurface properties using a
semisupervised neural network approach. Geophysics 87:IM1-IM10.

https://doi.org/10.1190/ge02021-0192.1.

[57] Nie W, Gu J, Li B, et al (2025) Quantitative lithology prediction from seismic
data using deep learning. Computers & Geosciences 196:105821.

https://doi.org/10.1016/j.cageo0.2024.105821.

[58] Ruiz R, Pernin N, Limonta L (2025) Machine learning based soil property
prediction: A quantitative ground model building approach based on 3D UHRS.
In: 86th EAGE Annual Conference & Exhibition. European Association of

Geoscientists & Engineers, pp 1-5. https://doi.org/10.3997/2214-

4609.2025101120.

67


https://doi.org/10.1016/j.earscirev.2024.104887
https://doi.org/10.3997/2214-4609.202221109
https://doi.org/10.1016/j.oceaneng.2025.121814
https://doi.org/10.1190/geo2024-0379.1
https://doi.org/10.1190/tle41040259.1
https://doi.org/10.1190/geo2021-0192.1
https://doi.org/10.1016/j.cageo.2024.105821
https://doi.org/10.3997/2214-4609.2025101120
https://doi.org/10.3997/2214-4609.2025101120

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[59] Zhao T, Di H, Abubakar A (2024) Evaluating machine learning-predicted

subsurface properties via seismic data reconstruction. Geophysics 89:R509—

R519. https://doi.org/10.1190/ge02023-0124.1.

[60] Caselitz B, McKay A, Widmaier M, et al (2025) Harnessing 3D ultra-high-
resolution seismic technology for offshore wind farm development:
Advancements, challenges, and future prospects. The Leading Edge 44:170-177.
https://doi.org/10.1190/t1e44030170.1.

[61] Zhang J-Z, Phoon KK, Zhang D-M, et al (2021) Novel approach to estimate
vertical scale of fluctuation based on CPT data using convolutional neural
networks. Engineering Geology 294:106342.

https://doi.org/10.1016/j.engee0.2021.106342.

[62] Qu D (2025) Synthetic CPT prediction from seismic data for offshore wind farm
sites: Potential for clay layer identification. In: 86th EAGE Annual Conference &
Exhibition. European Association of Geoscientists & Engineers, pp 1-6.

https://doi.org/10.3997/2214-4609.2025101347.

[63] Liu C-Y, Ku C-Y, Wu T-Y, et al (2025) Liquefaction susceptibility mapping
using artificial neural network for offshore wind farms in Taiwan. Engineering

Geology 351:108013. https://doi.org/10.1016/j.enggeo.2025.108013.

[64] Naik JK, Muduli PK, Karna P, Behera GC (2025) Shear wave velocity-based
machine learning modeling for prediction of liquefaction potential of soil. Indian

Geotechnical Journal 55:3225-3238. https://doi.org/10.1007/s40098-024-01121-

2.

[65] Peuchen J, van Kesteren W, Vandeweijer V, Carpentier S, van Erp F (2022)
Upscaling 1 500 000 synthetic CPTs to voxel CPT models of offshore sites. In:
Cone Penetration Testing 2022. CRC Press, London, pp 641-645.

https://doi.org/10.1201/9781003308829-93.

[66] Carpentier S, Peuchen J, Paap B, Boullenger B, Meijninger B, Vandeweijer V,

68


https://doi.org/10.1190/geo2023-0124.1
https://doi.org/10.1190/tle44030170.1
https://doi.org/10.1016/j.enggeo.2021.106342
https://doi.org/10.3997/2214-4609.2025101347
https://doi.org/10.1016/j.enggeo.2025.108013
https://doi.org/10.1007/s40098-024-01121-2
https://doi.org/10.1007/s40098-024-01121-2
https://doi.org/10.1201/9781003308829-93

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032

van Kesteren W, van Erp F (2021) Generating synthetic CPTs from marine
seismic reflection data using a neural network approach. In: Second EAGE
Workshop on Machine Learning. European Association of Geoscientists &

Engineers, Online, pp 1-3. https://doi.org/10.3997/2214-4609.202132008.

[67] Klinkvort RT, Vardy M, de Gail M, Moellenbeck D, et al (2025) Development
of an integrated ground model for [Jmuiden Ver Gamma using geology,
geophysics and geotechnics. In: Proceedings of the 5th International Symposium
on Frontiers in Offshore Geotechnics, Nantes.

[68] Sauvin G, Vanneste M, Vardy ME, Klinkvort RT, et al (2019) Machine learning
and quantitative ground models for improving offshore wind site
characterization. In: Offshore Technology Conference. OTC, Houston, Texas,

paper OTC-29351-MS. https://doi.org/10.4043/29351-MS.

[69] Shoukat G, Michel G, Coughlan M, et al (2023) Generation of synthetic CPTs
with access to limited geotechnical data for offshore sites. Energies 16:3817.

https://doi.org/10.3390/en16093817.

[70] Geoquip Marine (2025) Geoquip Marine wraps up surveys for German offshore
wind projects. Offshore Engineer Magazine.

https://www.oedigital.com/news/525926-geoquip-marine-wraps-up-surveys-for-

german-offshore-wind-projects. Accessed 21 February 2026.

[71] Ocean Geophysics (2025) Ocean Geophysics, HighTide team up for offshore
data processing. Offshore Engineer Magazine.

https://www.oedigital.com/news/533560-ocean-geophysics-hightide-team-up-for-

offshore-data-processing. Accessed 21 February 2026.

[72] Fugro (2021) Fugro’s Geo-data platform to accelerate delivery of Atlantic

Shores Offshore Wind project. Fugro. https://www.fugro.com/news/business-

news/2021/fugros-geo-data-platform-accelerate-delivery-atlantic-shores-

offshore-wind-project. Accessed 21 February 2026.

69


https://doi.org/10.3997/2214-4609.202132008
https://doi.org/10.4043/29351-MS
https://doi.org/10.3390/en16093817
https://www.oedigital.com/news/525926-geoquip-marine-wraps-up-surveys-for-german-offshore-wind-projects
https://www.oedigital.com/news/525926-geoquip-marine-wraps-up-surveys-for-german-offshore-wind-projects
https://www.oedigital.com/news/533560-ocean-geophysics-hightide-team-up-for-offshore-data-processing
https://www.oedigital.com/news/533560-ocean-geophysics-hightide-team-up-for-offshore-data-processing
https://www.fugro.com/news/business-news/2021/fugros-geo-data-platform-accelerate-delivery-atlantic-shores-offshore-wind-project
https://www.fugro.com/news/business-news/2021/fugros-geo-data-platform-accelerate-delivery-atlantic-shores-offshore-wind-project
https://www.fugro.com/news/business-news/2021/fugros-geo-data-platform-accelerate-delivery-atlantic-shores-offshore-wind-project

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[73] Mu L, Zhou T, Lu Y (2026) Experimental characterization and design

implications on vertical dynamic response of suction bucket foundation in
saturated sand. Ocean Engineering 358:125759.
https://doi.org/10.1016/j.0oceaneng.2026.125759.

[74] Carbon Trust (2019) Suction installed caisson foundations for offshore wind:
OWA design guidelines. Issue 1.0. The Carbon Trust, London.

https://www.carbontrust.com/sites/default/files/documents/resource/public/owa-

suction-caisson-design-guidelines-report.pdf.

[75] Aubeny CP, Murff JD (2005) Simplified limit solutions for the capacity of
suction anchors under undrained conditions. Ocean Engineering 32(7):864—877.

https://doi.org/10.1016/j.oceaneng.2004.10.006.

[76] Penner N, GrieBmann T, Rolfes R (2020) Monitoring of suction bucket jackets
for offshore wind turbines: Dynamic load bearing behaviour and modelling.

Marine Structures 72:102745. https://doi.org/10.1016/j.marstruc.2020.102745.

[77] Sun L, Shi J, Zhang Y, et al (2022) Analytical method for predicting pile
running during driving. Applied Ocean Research 125:103234.

https://doi.org/10.1016/j.apor.2022.103234.

[78] Jiang J, Lian J, Dong X, et al (2021) Soil damping calculation of the offshore
wind turbine supported by wide-shallow bucket foundation. Applied Ocean

Research 111:102682. https://doi.org/10.1016/j.apor.2021.102682.

[79] Richardson MD, O’Loughlin CD, Randolph MF, Gaudin C (2009) Setup
following installation of dynamic anchors in normally consolidated clay. Journal
of Geotechnical and Geoenvironmental Engineering 135:487-496.

https://doi.org/10.1061/(ASCE)1090-0241(2009)135:4(487).

[80] Zhang W (2011) Penetration mechanism and kinematic behavior of drag
anchors. Dissertation, Tianjin University.

[81] Gao P, Cheng Y, Wang B, et al (2025) Design and analysis of suction anchor

70


https://www.carbontrust.com/sites/default/files/documents/resource/public/owa-suction-caisson-design-guidelines-report.pdf
https://www.carbontrust.com/sites/default/files/documents/resource/public/owa-suction-caisson-design-guidelines-report.pdf
https://doi.org/10.1016/j.oceaneng.2004.10.006
https://doi.org/10.1016/j.marstruc.2020.102745
https://doi.org/10.1016/j.apor.2022.103234
https://doi.org/10.1016/j.apor.2021.102682
https://doi.org/10.1061/(ASCE)1090-0241(2009)135:4(487)

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032

foundations for an integrated offshore renewable and aquaculture system.

CivilEng 6:54. https://doi.org/10.3390/civileng6040054.

[82] Gomes YF, Verri FAN, Ribeiro DB (2021) Use of machine learning techniques
for predicting the bearing capacity of piles. Soils and Rocks 44:¢2021074921.
https://doi.org/10.28927/SR.2021.074921.

[83] Gourvenec S (2007) Failure envelopes for offshore shallow foundations under
general loading. Géotechnique 57:715-728.

https://doi.org/10.1680/ge0t.2007.57.9.715.

[84] Abadie CN, Beuckelaers WJAP, Byrne BW, et al (2023) Modeling lifetime
performance of monopile foundations for offshore wind applications. Journal of
Geotechnical and Geoenvironmental Engineering 149:04023051.

https://doi.org/10.1061/JGGEFK.GTENG-9833.

[85] Charlton TS, Rouainia M (2021) Cyclic performance of a monopile in spatially
variable clay using an advanced constitutive model. Soil Dynamics and
Earthquake Engineering 140:106437.

https://doi.org/10.1016/j.s0ildyn.2020.106437.

[86] Kementzetzidis E, Pisano F, Metrikine AV (2022) A memory-enhanced p-y
model for piles in sand accounting for cyclic ratcheting and gapping effects.
Computers and Geotechnics 148:104810.
https://doi.org/10.1016/j.compgeo0.2022.104810.

[87] Gourvenec S, Randolph M (2003) Effect of strength non-homogeneity on the
shape of failure envelopes for combined loading of strip and circular foundations

on clay. Géotechnique 53:575-586. https://doi.org/10.1680/geot.2003.53.6.575.

[88] Basack S, Goswami G, Dai Z-H, Baruah P (2022) Failure-mechanism and
design techniques of offshore wind turbine pile foundation: Review and research

directions. Sustainability 14:12666. https://doi.org/10.3390/sul41912666.

[89] Haiderali A, Cilingir U, Madabhushi G (2013) Lateral and axial capacity of

71


https://doi.org/10.3390/civileng6040054
https://doi.org/10.28927/SR.2021.074921
https://doi.org/10.1680/geot.2007.57.9.715
https://doi.org/10.1061/JGGEFK.GTENG-9833
https://doi.org/10.1016/j.soildyn.2020.106437
https://doi.org/10.1016/j.compgeo.2022.104810
https://doi.org/10.1680/geot.2003.53.6.575
https://doi.org/10.3390/su141912666

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032

monopiles for offshore wind turbines. Indian Geotechnical Journal 43:181-194.

https://doi.org/10.1007/s40098-013-0056-4.

[90] Senanayake AIMJ (2016) Design of large diameter monopiles for offshore wind
turbines in clay. Dissertation, The University of Texas at Austin.

[91] Li B, Qi W-G, Wang Y-F, et al (2026) An interpretable machine learning model
for predicting p-y curves of monopiles in clay. Ocean Engineering 343:123245.

https://doi.org/10.1016/j.oceaneng.2025.123245.

[92] Zdravkovi¢ L, Jardine RJ, Taborda DM, et al (2020) Ground characterisation
for PISA pile testing and analysis. Géotechnique 70:945-960.

[93] Bouzid DA, Bhattacharya S, Douifi A (2025) Development of a new p-y curve
for monopiles in sand: Predictive capabilities using PISA models. Indian

Geotechnical Journal. https://doi.org/10.1007/s40098-025-01283-7.

[94] Taherkhani AH, Mei Q, Han F (2023) A deep learning model to predict the
lateral capacity of monopiles. In: Geo-Congress 2023. American Society of Civil
Engineers, Los Angeles, pp 220-227.

https://doi.org/10.1061/9780784484685.023.

[95] Bom LBT (2024) Generalized p-y curves for monopile design using the PISA
methodology. In: Geotechnical Engineering Challenges to Meet Current and
Emerging Needs of Society. CRC Press, pp 2805-2809.

[96] Suryasentana SK, Sheil BB, Stuyts B (2024) Practical approach for data-
efficient metamodeling and real-time modeling of monopiles using physics-
informed multifidelity data fusion. Journal of Geotechnical and
Geoenvironmental Engineering 150:06024005.

https://doi.org/10.1061/JGGEFK.GTENG-12395.

[97] Li B, He B, Song QK, Xie GH, Qi WG (2026) LSTM-powered prediction and
symbolic regression for p-y curves of offshore monopiles in sand. Computers and

Geotechnics 200:108462. https://doi.org/10.1016/j.compgeo.2026.108462.

72


https://doi.org/10.1007/s40098-013-0056-4
https://doi.org/10.1016/j.oceaneng.2025.123245
https://doi.org/10.1007/s40098-025-01283-7
https://doi.org/10.1061/9780784484685.023
https://doi.org/10.1061/JGGEFK.GTENG-12395

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[98] Li B, Qi WG, Wang SY, Song QK, Gao FP (2026) A PINNs-XGBoost

integrated framework for offshore monopile deformation prediction. Acta
Mechanica Sinica 42:451073. https://doi.org/10.1007/s10409-026-51073-x.
[99] Li X, Wu Z, Su D, Zhang L (2024) Reliability analysis of offshore monopile
foundations considering multidirectional loading and soil spatial variability.
Computers and Geotechnics 166:106045.
https://doi.org/10.1016/j.compgeo0.2023.106045.

[100] Sadiq S, Won M-S, Kim HJ, Hong C (2025) Hybrid finite element and
machine learning approach for estimating lateral capacity of partially rock-
socketed monopiles. Ocean Engineering 330:121286.

https://doi.org/10.1016/j.oceaneng.2025.121286.

[101] Seo S, Kim G, Park J-B, et al (2025) Leveraging data-driven machine learning
techniques to enhance bearing capacity estimation in prebored and precast piles.
Expert Systems with Applications 285:128070.
https://doi.org/10.1016/j.eswa.2025.128070.

[102] Li S, Hai M, Zhang Q, et al (2025) Study on an interpretable prediction model
for pile bearing capacity based on SHAP and BP neural networks. Scientific

Reports 15:28134. https://doi.org/10.1038/s41598-025-13616-w.

[103] Malik BA, Shi J, Liang Z, Ouyang Z, Wang D (2025) Experimental
investigation of suction installation behavior of caissons in loose saturated sands.

Canadian Geotechnical Journal. https://doi.org/10.1139/cgj-2025-0073.

[104] Malik BA, Mandhaniya P, Soni AK, Ouyang Z (2024) Numerical modeling
and failure analysis of caisson foundations subjected to the monotonic lateral
loads. Ocean Engineering 309:118491.

https://doi.org/10.1016/j.oceaneng.2024.118491.

[105] Rahman MS, Wang J, Deng W, Carter JP (2001) A neural network model for

the uplift capacity of suction caissons. Computers and Geotechnics 28:269-287.

73


https://doi.org/10.1016/j.compgeo.2023.106045
https://doi.org/10.1016/j.oceaneng.2025.121286
https://doi.org/10.1016/j.eswa.2025.128070
https://doi.org/10.1038/s41598-025-13616-w
https://doi.org/10.1139/cgj-2025-0073
https://doi.org/10.1016/j.oceaneng.2024.118491

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
https://doi.org/10.1016/S0266-352X(00)00033-1.

[106] Vijayalakshmi Pai GA (2004) A fast converging evolutionary neural network
for the prediction of uplift capacity of suction caissons. In: IEEE Conference on
Cybernetics and Intelligent Systems, 2004. IEEE, Singapore, pp 654-659.

[107] Luan Y, Tang X, Ren Y, Hu J (2024) Analysis and prediction of suction
caisson uplift capacity based on ISM and DNN. Applied Ocean Research
149:104043. https://doi.org/10.1016/j.apor.2024.104043.

[108] Fattahi H, Zandy Ilghani N (2023) Application of Monte Carlo Markov chain
and GMDH neural network for estimating the behavior of suction caissons in
clay. Geotechnical and Geological Engineering 41:3305-3319.

https://doi.org/10.1007/s10706-023-02455-z7.

[109] Alavi AH, Gandomi AH, Mousavi M, Mollahasani A (2010) High-precision
modeling of uplift capacity of suction caissons using a hybrid computational
method. Geomechanics and Engineering 2:253-280.
https://doi.org/10.12989/gae.2010.2.4.253.

[110] Alavi AH, Aminian P, Gandomi AH, Esmaeili MA (2011) Genetic-based
modeling of uplift capacity of suction caissons. Expert Systems with

Applications 38:12608—12618. https://doi.org/10.1016/j.eswa.2011.04.049.

[111] Samui P, Das S, Kim D (2011) Uplift capacity of suction caisson in clay using
multivariate adaptive regression spline. Ocean Engineering 38:2123-2127.

https://doi.org/10.1016/j.0ceaneng.2011.09.036.

[112] Muduli PK, Das MR, Samui P, Kumar Das S (2013) Uplift capacity of suction
caisson in clay using artificial intelligence techniques. Marine Georesources &

Geotechnology 31:375-390. https://doi.org/10.1080/1064119X.2012.690827.

[113] Vichai K, Tran DT, Shiau J, Keawsawasvong S (2025) Predicting failure
envelopes of skirted spudcan footings under combined loads using ACO-

optimized extremely randomized trees. Marine Structures 104:103890.

74


https://doi.org/10.1016/S0266-352X(00)00033-1
https://doi.org/10.1016/j.apor.2024.104043
https://doi.org/10.1007/s10706-023-02455-z
https://doi.org/10.12989/gae.2010.2.4.253
https://doi.org/10.1016/j.eswa.2011.04.049
https://doi.org/10.1016/j.oceaneng.2011.09.036
https://doi.org/10.1080/1064119X.2012.690827

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
https://doi.org/10.1016/j.marstruc.2025.103890.

[114] Tran DT, Tran MN, Lai VQ, Keawsawasvong S (2024) Advanced FELA-ANN
framework for developing 3D failure envelopes for strip foundations on
anisotropic clays. Modeling Earth Systems and Environment 10:2375-2392.
https://doi.org/10.1007/s40808-023-01906-z.

[115] Tran DT, Shiau J, Keawsawasvong S, Jamsawang P (2025) Failure envelopes
of embedded foundations under V-H-M loadings in anisotropic clays using
optimised ANFIS algorithms. Marine Georesources & Geotechnology 43:1900—

1917. https://doi.org/10.1080/1064119X.2024.2440553.

[116] Tran DT, Shiau J, Keawsawasvong S, Jamsawang P (2025) Developing failure
envelopes of strip anchors under combined V-H-M loadings using FELA and
AdaBoost models. Ocean Engineering 320:120305.

https://doi.org/10.1016/j.0ceaneng.2025.120305.

[117] Zhu K, Feng H, Yu J, Li S (2026) Numerical investigation and ML-based
formulation for conventional and modified suction caissons subjected to
unidirectional and combined loadings. Computers and Geotechnics 189:107637.

https://doi.org/10.1016/j.compgeo.2025.107637.

[118] Yin X, Wang H, Pisano F, Paniagua P (2023) Deep learning-based design
model for suction caissons on clay. Ocean Engineering 286:115542.

https://doi.org/10.1016/j.0ceaneng.2023.115542.

[119] Suryasentana SK, Sheil BB, Stuyts B (2024) Multifidelity data fusion for the
estimation of static stiffness of suction caisson foundations in layered soil.
Journal of Geotechnical and Geoenvironmental Engineering 150:04024066.

https://doi.org/10.1061/JGGEFK.GTENG-11819.

[120] Moghaddam A, Barari A, Farahani S, Moghaddam MK, Huat BBK (2023)
Effective stress analysis of residual wave-induced liquefaction around caisson-

foundations: Bearing capacity degradation and an Al-based framework for

75


https://doi.org/10.1016/j.marstruc.2025.103890
https://doi.org/10.1007/s40808-023-01906-z
https://doi.org/10.1080/1064119X.2024.2440553
https://doi.org/10.1016/j.oceaneng.2025.120305
https://doi.org/10.1016/j.compgeo.2025.107637
https://doi.org/10.1016/j.oceaneng.2023.115542
https://doi.org/10.1061/JGGEFK.GTENG-11819

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032

predicting settlement. Computers and Geotechnics 159:105364.

https://doi.org/10.1016/j.compgeo.2023.105364.

[121] Dao NHT, Duong NT, Tran DT, Keawsawasvong S, Lai VQ (2024) Coupling
FELA and computation intelligent in predicting behaviour of inclination strip
anchor in anisotropic and heterogeneous clays. Ocean Engineering 306:118098.

https://doi.org/10.1016/j.0ceaneng.2024.118098.

[122] Lai VQ, Shiau J, Keawsawasvong S, Tran DT (2022) Bearing capacity of ring
foundations on anisotropic and heterogeneous clays: FEA, NGI-ADP, and
MARS. Geotechnical and Geological Engineering 40:3913-3928.

https://doi.org/10.1007/s10706-022-02117-6.

[123] Lai VQ, Tran MN, Shiau J, Keawsawasvong S (2023) Uplift resistance of
caisson foundation in NGI-ADP soil using FEA and ANN. Advances in
Engineering Software 184:103513.
https://doi.org/10.1016/j.advengsoft.2023.103513.

[124] Lai VQ, Nguyen TK, Shiau J, Keawsawasvong S, Tran DT (2024) Coupling
FEA with XGBoost model for estimating uplift resistance of circular anchor in
NGI-ADP soils. Geotechnical and Geological Engineering 42:767-781.

https://doi.org/10.1007/s10706-023-02556-9.

[125] Shiau J, Nguyen T, Ly-Khuong D (2024) Unraveling seismic uplift behavior of
plate anchors in frictional-cohesive soils: A comprehensive analysis through
stability factors and machine learning. Ocean Engineering 297:116987.

https://doi.org/10.1016/j.0ceaneng.2024.116987.

[126] Peng M, Yin Z-Y, Zhai W (2025) A new associative yield function for suction-
embedded plate anchors in undrained clay. Journal of Geotechnical and
Geoenvironmental Engineering 151:04024161.

https://doi.org/10.1061/JGGEFK.GTENG-12932.

[127] Mosallanezhad M, Moayedi H (2017) Developing hybrid artificial neural

76


https://doi.org/10.1016/j.compgeo.2023.105364
https://doi.org/10.1016/j.oceaneng.2024.118098
https://doi.org/10.1007/s10706-022-02117-6
https://doi.org/10.1016/j.advengsoft.2023.103513
https://doi.org/10.1007/s10706-023-02556-9
https://doi.org/10.1016/j.oceaneng.2024.116987
https://doi.org/10.1061/JGGEFK.GTENG-12932

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032

network model for predicting uplift resistance of screw piles. Arabian Journal of

Geosciences 10:479. https://doi.org/10.1007/s12517-017-3285-5.

[128] Wang L, Wu M, Chen H, Zuo S, Zhang X (2022) Efficient machine learning
models for the uplift behavior of helical anchors in dense sand for wind energy

harvesting. Applied Sciences 12:10397. https://doi.org/10.3390/app122010397.

[129] Ahmadianroohbakhsh M, Fahool F, Pour M, Gandomi AH (2023)
Approximating helical pile pullout resistance using metaheuristic-enabled fuzzy

hybrids. Buildings 13:347. https://doi.org/10.3390/buildings13020347.

[130] Fu Y, Ding K, Han C (2024) Experimental data-centric prediction of
penetration depth and holding capacity of dynamically installed anchors using

machine learning. Computers and Geotechnics 170:106249.

https://doi.org/10.1016/j.compgen.2024.106249.

[131] Olyasani M, Azimi H, Shiri H (2025) Predicting efficiency and capacity of
drag embedment anchors in sand seabed using tree machine learning algorithms.

Geotechnics 5:56. https://doi.org/10.3390/geotechnics5030056.

[132] Shi J, Malik BA, Liang Z, Jing L, Lu Y, Gao F, Ouyang Z (2026) Installation
effects on the performance of hybrid suction caissons in sand. Ocean Engineering

359:126025. https://doi.org/10.1016/j.oceaneng.2026.126025.

[133] Zhang P, Yin Z-Y, Zheng Y, Gao F-P (2020) A LSTM surrogate modelling
approach for caisson foundations. Ocean Engineering 204:107263.

https://doi.org/10.1016/j.0ceaneng.2020.107263.

[134] Hallowell ST, Arwade SR, Fontana CM, et al (2018) System reliability of
floating offshore wind farms with multiline anchors. Ocean Engineering 160:94—

104. https://doi.org/10.1016/j.oceaneng.2018.04.046.

[135] Zhao G, Zhao Y, Dong S (2023) System reliability analysis of mooring system
for floating offshore wind turbine based on environmental contour approach.

Ocean Engineering 285:115157. https://doi.org/10.1016/j.oceaneng.2023.115157.

77


https://doi.org/10.1007/s12517-017-3285-5
https://doi.org/10.3390/app122010397
https://doi.org/10.3390/buildings13020347
https://doi.org/10.1016/j.compgeo.2024.106249
https://doi.org/10.3390/geotechnics5030056
https://doi.org/10.1016/j.oceaneng.2026.126025
https://doi.org/10.1016/j.oceaneng.2020.107263
https://doi.org/10.1016/j.oceaneng.2018.04.046
https://doi.org/10.1016/j.oceaneng.2023.115157

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[136] El Haj A-K, Soubra A-H (2020) Efficient estimation of the failure probability

of a monopile foundation using a kriging-based approach with multi-point

enrichment. Computers and Geotechnics 121:103451.

https://doi.org/10.1016/j.compgeo.2020.103451.

[137] Liu J, Guo X, Yi P (2023) Probabilistic approach to the stability analysis of
caisson foundations under combined loading in spatially variable soil. Applied

Ocean Research 134:103509. https://doi.org/10.1016/j.apor.2023.1035009.

[138] Yan C, Shi W, Jiang Z, Michailides C (2026) Reliability-based design
optimization of a mooring system for a floating wind turbine. Renewable Energy

260:125116. https://doi.org/10.1016/j.renene.2025.125116.

[139] Fan S, Zhang Y, Li S, Han M (2025) A machine learning based framework for
the probability failure envelope analysis of foundations in spatially variable clay.
Engineering Applications of Artificial Intelligence 143:110005.
https://doi.org/10.1016/j.engappai.2025.110005.

[140] Guo X, Yi P, Liu J (2024) A novel efficient RFEM for reliability analysis and
design of multi-line dynamically installed anchor for floating offshore wind
turbines. Structural Safety 111:102520.

https://doi.org/10.1016/j.strusafe.2024.102520.

[141] Benitez-Suarez B, Quevedo-Reina R, Alamo GM, Padron LA (2026) ANN-
generated initial populations for PSO-based design of OWT jackets. Ocean

Engineering 343:123197. https://doi.org/10.1016/j.oceaneng.2025.123197.

[142] DNV (2020) Combining high-fidelity computational fluid dynamics models

with machine learning. DNV. https://www.dnv.com/research/review-

2020/featured-projects/cfd-ml-wind-farms/. Accessed 23 February 2026.

[143] DNV (2024) How artificial intelligence can provide fast and reliable turbine
interaction modelling for the biggest wind farms. DNV.

https://www.dnv.com/article/how-artificial-intelligence-can-provide-fast-and-

78


https://doi.org/10.1016/j.compgeo.2020.103451
https://doi.org/10.1016/j.apor.2023.103509
https://doi.org/10.1016/j.renene.2025.125116
https://doi.org/10.1016/j.engappai.2025.110005
https://doi.org/10.1016/j.strusafe.2024.102520
https://doi.org/10.1016/j.oceaneng.2025.123197
https://www.dnv.com/research/review-2020/featured-projects/cfd-ml-wind-farms/
https://www.dnv.com/research/review-2020/featured-projects/cfd-ml-wind-farms/
https://www.dnv.com/article/how-artificial-intelligence-can-provide-fast-and-reliable-turbine-interaction-modelling-for-the-biggest-wind-farms/

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032

reliable-turbine-interaction-modelling-for-the-biggest-wind-farms/. Accessed 23

February 2026.

[144] Nielsen MB, Hindhede D, Palmer M, Leblanc Thilsted C (2022) A highly
efficient and rapid cost-optimization framework for offshore wind turbine
foundations for an entire windfarm site. In: ASME 2022 4th International
Offshore Wind Technical Conference. American Society of Mechanical

Engineers, Boston, MA, p VOOIT01A026. https://doi.org/10.1115/IOWTC2022-

99119.
[145] Ibse JB, Mitrana A (2024) The next phase for offshore wind: Digital tools,

data-driven design and hydrogen. COWI. https://www.cowi.com/insights/the-

next-phase-for-offshore-wind/. Accessed 23 February 2026.

[146] Wood Thilsted (2026a) Morpheus: Wood Thilsted’s design tool. Wood

Thilsted. https://woodthilsted.com/morpheus/. Accessed 23 February 2026.

[147] Wood Thilsted (2026b) Innovation at Wood Thilsted. Wood Thilsted.

https://woodthilsted.com/innovation/. Accessed 23 February 2026.

[148] DNV-RP-0671 (2023) Assurance of Al-enabled systems. DNV, Hovik.
[149] Mu L, Zhou T, Lu Y, Yu G, Sun J (2026) Experimental investigation of
suction-assisted penetration of compartmented bucket foundations. Applied

Ocean Research 166:104923. https://doi.org/10.1016/j.apor.2026.104923.

[150] Hu P, Wang D, Stanier SA, Cassidy MJ (2015) Assessing the punch-through
hazard of a spudcan on sand overlying clay. Géotechnique 65:883-896.
https://doi.org/10.1680/jgeot.14.P.097.

[151] Tran MN, Randolph MF (2008) Variation of suction pressure during caisson
installation in sand. Géotechnique 58:1-11.

https://doi.org/10.1680/ge0t.2008.58.1.1.

[152] Park HI, Cho CW (2010) Neural network model for predicting the resistance

of driven piles. Marine Georesources & Geotechnology 28:324-344.

79


https://www.dnv.com/article/how-artificial-intelligence-can-provide-fast-and-reliable-turbine-interaction-modelling-for-the-biggest-wind-farms/
https://doi.org/10.1115/IOWTC2022-99119
https://doi.org/10.1115/IOWTC2022-99119
https://www.cowi.com/insights/the-next-phase-for-offshore-wind/
https://www.cowi.com/insights/the-next-phase-for-offshore-wind/
https://woodthilsted.com/morpheus/
https://woodthilsted.com/innovation/
https://doi.org/10.1016/j.apor.2026.104923
https://doi.org/10.1680/jgeot.14.P.097
https://doi.org/10.1680/geot.2008.58.1.1

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
https://doi.org/10.1080/1064119X.2010.514232.

[153] Yang X, Wang D, Zhang S (2024) Probabilistic prediction of spudcan peak
penetration resistance based on parameter estimation and sectionalized adaptive
linear simplification. Ocean Engineering 298:117228.

https://doi.org/10.1016/j.0ceaneng.2024.117228.

[154] Yang D, Wang W, Zhang M, Yu G (2025) Prediction of Hall anchor
penetration depth using machine learning models. Ocean Engineering

331:121269. https://doi.org/10.1016/j.oceaneng.2025.121269.

[155] Zhou T, Mu L, Lu Y, et al (2025) Rate-dependent uplift behavior and soil
failure mechanisms of suction anchors in loose sand: A transparent soil PIV
study. Ocean Engineering 341:122555.
https://doi.org/10.1016/j.oceaneng.2025.122555.

[156] Zhang P, Mu L, Lu Y, et al (2024) Microscopic insights into suction bucket
installation in sand: Coupled coarse-grained CFD-DEM simulations. Computers

and Geotechnics 167:106060. https://doi.org/10.1016/j.compgeo.2023.106060.

[157] Mu L, Zhou T, Lu Y, et al (2026) Soil deformation and seepage behavior
during suction-assisted installation of compartmented bucket foundations. Marine

Structures 107:103983. https://doi.org/10.1016/j.marstruc.2025.103983.

[158] Byrne T, Gavin K, Prendergast LJ, et al (2018) Performance of CPT-based
methods to assess monopile driveability in North Sea sands. Ocean Engineering
166:76-91.

[159] Qiu G, Henke S, Grabe J (2011) Application of a coupled Eulerian—Lagrangian
approach on geomechanical problems involving large deformations. Computers

and Geotechnics 38:30-39. https://doi.org/10.1016/j.compgeo.2010.09.002.

[160] Qiu G, Henke S (2011) Controlled installation of spudcan foundations on loose
sand overlying weak clay. Marine Structures 24:528-550.

https://doi.org/10.1016/j.marstruc.2011.06.005.

80


https://doi.org/10.1080/1064119X.2010.514232
https://doi.org/10.1016/j.oceaneng.2024.117228
https://doi.org/10.1016/j.oceaneng.2025.121269
https://doi.org/10.1016/j.oceaneng.2025.122555
https://doi.org/10.1016/j.compgeo.2023.106060
https://doi.org/10.1016/j.marstruc.2025.103983
https://doi.org/10.1016/j.compgeo.2010.09.002
https://doi.org/10.1016/j.marstruc.2011.06.005

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[161] Tolooiyan A, Gavin K, Dyson AP (2024) Penetration of unconventional

spudcan foundations using back analyses of large deformation CPT profiles.

Ocean Engineering 304:117563. https://doi.org/10.1016/j.oceaneng.2024.117563.

[162] Peres MS, Schiavon JA, Ribeiro DB (2024) A machine learning-based
approach for predicting installation torque of helical piles from SPT data.

Buildings 14:1326. https://doi.org/10.3390/buildings14051326.

[163] Kodsy A, Iskander M (2022) Insights into plugging of pipe piles based on pile

dimensions. Applied Sciences 12:2711. https://doi.org/10.3390/app12052711.

[164] Kodsy A, Ozturk B, Iskander M (2023) Forecasting of pile plugging using
machine learning. Acta Geotechnica 18:3697-3714.

https://doi.org/10.1007/s11440-023-01797-5.

[165] Kamp F, Gunawan H, Hamdan N, Thumann V (2025) Machine learning
approach for predicting plug heave for suction caissons in cohesionless soil. In:
Proceedings of the 5th International Symposium on Frontiers in Offshore
Geotechnics, Nantes.

[166] Gao P, Liu Z, Zeng J, et al (2020) A random forest model for the prediction of
spudcan penetration resistance in stiff-over-soft clays. Polish Maritime Research

27:130-138. https://doi.org/10.2478/pomr-2020-0073.

[167] Ding K, Fan S, Dong S (2022) Multilayer-perceptron-based prediction of sand-
over-clay bearing capacity during spudcan penetration. International Journal of
Naval Architecture and Ocean Engineering 14:100479.
https://doi.org/10.1016/j.ijnace.2022.100479.

[168] Uzielli M, Cassidy MJ, Hossain MS (2017) Bayesian prediction of punch-
through probability for spudcans in stiff-over-soft clay. In: Geotechnical Safety
and Reliability. American Society of Civil Engineers, Denver, pp 247-265.

[169] Buckley R, Chen YM, Sheil B, et al (2023) Bayesian optimization for CPT-

based prediction of impact pile drivability. Journal of Geotechnical and

81


https://doi.org/10.1016/j.oceaneng.2024.117563
https://doi.org/10.3390/buildings14051326
https://doi.org/10.3390/app12052711
https://doi.org/10.1007/s11440-023-01797-5
https://doi.org/10.2478/pomr-2020-0073
https://doi.org/10.1016/j.ijnaoe.2022.100479

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032

Geoenvironmental Engineering 149:04023100.

https://doi.org/10.1061/JGGEFK.GTENG-11385.

[170] Vergote TA, Raymackers S (2022) Building a framework for probabilistic
assessment accounting for soil, spatial, operational and model uncertainty,
applied to pile driveability. Ocean Engineering 266:113181.

https://doi.org/10.1016/j.oceaneng.2022.113181.

[171] He B, Shi R, Guan Q, Yang Y (2024) Prediction of pile running during
installation using deep learning method. Journal of Marine Science and

Engineering 12:1099. https://doi.org/10.3390/jmse12071099.

[172] Ouyang Z, Liang Z, Qin L, Xie W, Wang M, Malik BA, Shi J (2026)
Estimating suction limits during suction caisson installation in sand using an
equivalent seepage-resistance framework. Ocean Engineering 367:128147.
https://doi.org/10.1016/j.0oceaneng.2026.128147.

[173] Wu S, Zhao G, Wu B (2022) Real-time prediction of the mechanical behavior
of suction caisson during installation process using GA-BP neural network.
Engineering Applications of Artificial Intelligence 116:105475.

https://doi.org/10.1016/j.engappai.2022.105475.

[174] Williams B, Suryasentana S, Perry M, Donaldson K (2023) Artificial
intelligence (AI) driven 3D point scanner for monitoring soil plug hazards during
the installation of suction caisson foundations. In: SUT Offshore Site

Investigation and Geotechnics. Society for Underwater Technology, London,

paper SUT-OSIG-23-240. https://doi.org/10.3723/THIQ6200.

[175] LiJ, Hu P, Uzielli M, Cassidy MJ (2018) Bayesian prediction of peak
resistance of a spudcan penetrating sand-over-clay. Géotechnique 68:905-917.

https://doi.org/10.1680/jgeot.17.P.154.

[176] Wang Y, Hu P, LiJ (2023) Probabilistic prediction of the spudcan extraction

from sand-over-clay based on monitored data. Ocean Engineering 281:114787.

82


https://doi.org/10.1061/JGGEFK.GTENG-11385
https://doi.org/10.1016/j.oceaneng.2022.113181
https://doi.org/10.3390/jmse12071099
https://doi.org/10.1016/j.engappai.2022.105475
https://doi.org/10.3723/THIQ6200
https://doi.org/10.1680/jgeot.17.P.154

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
https://doi.org/10.1016/j.oceaneng.2023.114787.

[177] Sun Z, Gao P, Gao Y, et al (2025) Probabilistic prediction of spudcan bearing
capacity in stiff-over-soft clay based on Bayes’ theorem. Journal of Marine

Science and Engineering 13:1344. https://doi.org/10.3390/jmse13071344.

[178] Zheng J, Zhang S, Wang D, Jiang J (2021) Optimization for the assessment of
spudcan peak resistance in clay—sand—clay deposits. Journal of Marine Science

and Engineering 9:689. https://doi.org/10.3390/jmse9070689.

[179] Otake Y, Watanabe S, Mizutani T (2021) Improvement of side resistance
prediction for pile foundation using construction information. Canadian

Geotechnical Journal 58:496-513. https://doi.org/10.1139/c2j-2018-0835.

[180] Alzahrani S, Bilgin O (2023) Prediction of pile setup for driven pipe piles in
fine-grained soils using gene expression programming. Geotechnical and

Geological Engineering 41:3605-3624. https://doi.org/10.1007/s10706-023-

02476-8.
[181] Moghadam SB, Khanmohammadi M (2023) Proposing new models to predict
pile set-up in cohesive soils. Geomechanics and Engineering 33:231-242.

https://doi.org/10.12989/gae.2023.33.3.231.

[182] Tarawneh B, Imam R (2014) Regression versus artificial neural networks:
Predicting pile setup from empirical data. KSCE Journal of Civil Engineering

18:1018-1027. https://doi.org/10.1007/s12205-014-0072-7.

[183] Jan De Nul (2025) Jan De Nul unveils “most advanced” wind farm installation

simulator. MarineLink. https://www.marinelink.com/news/jan-de-nul-unveils-

advanced-wind-farm-533226. Accessed 22 February 2026.

[184] Deloitte Netherlands (2026) Strengthening Boskalis’ competitive advantage

with Al. Deloitte Netherlands. https://www.deloitte.com/nl/en/issues/generative-

ai/creating-a-strategic-ai-advantage-with-boskalis.html. Accessed 22 February

2026.

83


https://doi.org/10.1016/j.oceaneng.2023.114787
https://doi.org/10.3390/jmse13071344
https://doi.org/10.3390/jmse9070689
https://doi.org/10.1139/cgj-2018-0835
https://doi.org/10.1007/s10706-023-02476-8
https://doi.org/10.1007/s10706-023-02476-8
https://doi.org/10.12989/gae.2023.33.3.231
https://doi.org/10.1007/s12205-014-0072-7
https://www.marinelink.com/news/jan-de-nul-unveils-advanced-wind-farm-533226
https://www.marinelink.com/news/jan-de-nul-unveils-advanced-wind-farm-533226
https://www.deloitte.com/nl/en/issues/generative-ai/creating-a-strategic-ai-advantage-with-boskalis.html
https://www.deloitte.com/nl/en/issues/generative-ai/creating-a-strategic-ai-advantage-with-boskalis.html

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[185] Saipem (2024) Saipem and AVEVA sign a MoU to develop Al solutions for

engineering in the energy and infrastructure sector. Saipem.

https://www.saipem.com/en/media/press-releases/2024-12-23/saipem-and-aveva-

sign-mou-develop-ai-solutions-engineering-energy. Accessed 22 February 2026.

[186] Heerema Marine Contractors (2024) Offshore Simulation Center: Onshore
problem solving for offshore projects. Heerema Marine Contractors.

https://www.heerema.com/heerema-marine-contractors/simulation-center.

Accessed 22 February 2026.
[187] G-Octopus (2021) Pile driving monitoring: Real-time quality control and

design verification. G-Octopus. https://www.g-octopus.com/solutions/pile-

driving-monitoring-2/. Accessed 22 February 2026.

[188] IQIP (2026) C-36 Control System: A high-tech solution for smarter pile

driving. IQIP. https://iqip.com/cases/c-36-a-high-tech-and-user-friendly-control-

solution-for-smarter-pile-driving/. Accessed 22 February 2026.

[189] Wang X, Yuan J, Qiu X, et al (2024) Time development of live-bed scour
around an offshore-wind monopile under large current—wave ratio. Coastal

Engineering 190:104509. https://doi.org/10.1016/j.coastaleng.2024.104509.

[190] Lopes GK, de Sousa JRM, de Almeida MC, de Almeida MS (2023) A
numerical methodology to predict the lateral load response of monopiles installed
in sand considering soil stiffness degradation. Ocean Engineering 270:113723.

https://doi.org/10.1016/j.0ceaneng.2023.113723.

[191] Hong HP, Sheng C (2022) Reliability-based calibration of site-specific design
typhoon wind and wave loads for wind turbine. Engineering Structures

270:114885. https://doi.org/10.1016/j.engstruct.2022.114885.

[192] Guan D-W, Xie Y-X, Chiew Y-M, et al (2024) Estimation of local scour
around monopile foundations for offshore structures using machine learning

models. Ocean Engineering 296:116951.

84


https://www.saipem.com/en/media/press-releases/2024-12-23/saipem-and-aveva-sign-mou-develop-ai-solutions-engineering-energy
https://www.saipem.com/en/media/press-releases/2024-12-23/saipem-and-aveva-sign-mou-develop-ai-solutions-engineering-energy
https://www.heerema.com/heerema-marine-contractors/simulation-center
https://www.g-octopus.com/solutions/pile-driving-monitoring-2/
https://www.g-octopus.com/solutions/pile-driving-monitoring-2/
https://iqip.com/cases/c-36-a-high-tech-and-user-friendly-control-solution-for-smarter-pile-driving/
https://iqip.com/cases/c-36-a-high-tech-and-user-friendly-control-solution-for-smarter-pile-driving/
https://doi.org/10.1016/j.coastaleng.2024.104509
https://doi.org/10.1016/j.oceaneng.2023.113723
https://doi.org/10.1016/j.engstruct.2022.114885

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
https://doi.org/10.1016/j.oceaneng.2024.116951.

[193] Qin B, Zeng J, Yang W (2026) A stereo vision approach to scour pit detection
using lightweight YOLOv8n-pose. Journal of Civil Structural Health Monitoring
16:11. https://doi.org/10.1007/s13349-025-01057-y.

[194] Hou S, Jiao D, Dong B, et al (2022) Underwater inspection of bridge
substructures using sonar and deep convolutional network. Advanced

Engineering Informatics 52:101545. https://doi.org/10.1016/j.aei.2022.101545.

[195] Roulund A, Sumer BM, Fredseoe J, Michelsen J (2005) Numerical and
experimental investigation of flow and scour around a circular pile. Journal of

Fluid Mechanics 534:351-401. https://doi.org/10.1017/S0022112005004507.

[196] Sumer BM, Fredsee J (2001) Scour around pile in combined waves and
current. Journal of Hydraulic Engineering 127:403—411.
https://doi.org/10.1061/(ASCE)0733-9429(2001)127:5(403).

[197] De Vos L, De Rouck J, Troch P, Frigaard P (2012) Empirical design of scour
protections around monopile foundations. Part 2: Dynamic approach. Coastal

Engineering 60:286-298. https://doi.org/10.1016/j.coastaleng.2011.11.001.

[198] Li Q, Ma Q, Cheng X, et al (2024) Geospatial analysis of post-protection scour
development in offshore wind farm. Proceedings of the Institution of Civil
Engineers - Maritime Engineering 177:159-180.
https://doi.org/10.1680/jmaen.2024.013.

[199] Qin B, Zeng J, Yang W, et al (2025) Monitoring scour pits around offshore
wind turbine foundations for enhanced maintenance. Energy:138742.

https://doi.org/10.1016/j.energy.2025.138742.

[200] Tola S, Tinoco J, Matos JC, O’Brien E (2023) Scour detection with monitoring
methods and machine learning algorithms—a critical review. Applied Sciences

13:1661. https://doi.org/10.3390/app13031661.

[201] Kumar L, Afzal MS (2024) Estimating pier scour depth under combined waves

85


https://doi.org/10.1016/j.oceaneng.2024.116951
https://doi.org/10.1007/s13349-025-01057-y
https://doi.org/10.1016/j.aei.2022.101545
https://doi.org/10.1017/S0022112005004507
https://doi.org/10.1061/(ASCE)0733-9429(2001)127:5(403)
https://doi.org/10.1016/j.coastaleng.2011.11.001
https://doi.org/10.1680/jmaen.2024.013
https://doi.org/10.1016/j.energy.2025.138742
https://doi.org/10.3390/app13031661

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032
OCEAN 2026, 2, 9470032

and current using boosting machine-learning models. Acta Geophysica 72:1895—

1911. https://doi.org/10.1007/s11600-023-01089-2.

[202] Zhang Z, Lin M, Han B, Dai S (2025) Prediction of local scour depth around
cylindrical piles: Using simulated annealing algorithm and ensemble learning.

Ocean Engineering 330:121221. https://doi.org/10.1016/j.0ceaneng.2025.121221.

[203] Jatoliya A, Bhattacharya D, Manna B, Bento AM, Fazeres Ferradosa T (2024)
Physics-based and machine-learning models for accurate scour depth prediction.
Philosophical Transactions of the Royal Society A: Mathematical, Physical and

Engineering Sciences 382:20220403. https://doi.org/10.1098/rsta.2022.0403.

[204] Tong X, Yu T, Chen X, et al (2025) A probabilistic framework of machine
learning method for predicting wave-induced scour depth around monopile.

Ocean Engineering 341:122530. https://doi.org/10.1016/j.0ceaneng.2025.122530.

[205] Qi WG, Gao FP, Randolph MF, Lehane BM (2016) Scour effects on p—y
curves for shallowly embedded piles in sand. Géotechnique 66:648—660.

[206] Schendel A, Hildebrandt A, Goseberg N, Schlurmann T (2018) Processes and
evolution of scour around a monopile induced by tidal currents. Coastal
Engineering 139:65-84.

[207] Sumer BM, Petersen TU, Locatelli L, et al (2013) Backfilling of a scour hole
around a pile in waves and current. Journal of Waterway, Port, Coastal, and

Ocean Engineering 139:9-23. https://doi.org/10.1061/(ASCE)WW.1943-

5460.0000161.

[208] Lu B, Zuo J, Shahhosseini M, et al (2025) Visual deep learning with physics
constraints for local scour evolution prediction at monopiles. Journal of Ocean

Engineering and Science 10:342-352. https://doi.org/10.1016/j.joes.2024.04.001.

[209] Matutano Molina C, Velasco-Gallego C, Portillo-Juan N, et al (2023)
Geospatial analysis of scour in offshore wind farms. Energies 16:5616.

https://doi.org/10.3390/en16155616.

86


https://doi.org/10.1007/s11600-023-01089-2
https://doi.org/10.1016/j.oceaneng.2025.121221
https://doi.org/10.1098/rsta.2022.0403
https://doi.org/10.1016/j.oceaneng.2025.122530
https://doi.org/10.1061/(ASCE)WW.1943-5460.0000161
https://doi.org/10.1061/(ASCE)WW.1943-5460.0000161
https://doi.org/10.1016/j.joes.2024.04.001
https://doi.org/10.3390/en16155616

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[210] Najafzadeh M, Bento AM, Basirian S, Fazeres Ferradosa T (2025) Dynamic

damage functions for scour protection at monopile foundations: Application of

ensemble machine learning models. Ocean Engineering 323:120590.

https://doi.org/10.1016/j.0ceaneng.2025.120590.

[211] Zhang J, Koh CG, Trinh TN, et al (2012) Identification of jack-up spudcan
fixity by an output-only substructural strategy. Marine Structures 29:71-88.

https://doi.org/10.1016/j.marstruc.2012.10.001.

[212] Chen X, Niu X, Xu Q, et al (2021) Method for monitoring scour depth of pile
foundations based on modal identification. Smart Materials and Structures
30:075008.

[213] Chen X, Yu Y, Liu L (2025) Physics-informed neural network for prediction
of scour depth using natural frequency of monopiles. Ocean Engineering

339:122054. https://doi.org/10.1016/j.0ceaneng.2025.122054.

[214] Abdelhak M, Tott-Buswell J, Prendergast LJ, et al (2025) Scour identification
around offshore wind turbine monopile foundations using an unsupervised
anomaly detection approach. Ocean Engineering 340:122365.

https://doi.org/10.1016/j.0oceaneng.2025.122365.

[215] Jawalageri S, Ghiasi R, Jalilvand S, Prendergast LJ, Malekjafarian A (2024) A
data-driven approach for scour detection around monopile-supported offshore
wind turbines using Naive Bayes classification. Marine Structures 95:103565.

https://doi.org/10.1016/j.marstruc.2023.103565.

[216] Guo J, Hu C (2025) A method for scour depth identification of single pile
foundations based on adaptive neuro-fuzzy inference system. Ocean Engineering

342:122932. https://doi.org/10.1016/j.oceaneng.2025.122932.

[217] Yousefabad MS, Sadeghi MH, Ettefagh MM, et al (2026) Detecting different
damages by smoothed pseudo Wigner—Ville distribution and convolution neural

networks under different loads: Crack and scour damages in offshore monopile.

87


https://doi.org/10.1016/j.oceaneng.2025.120590
https://doi.org/10.1016/j.marstruc.2012.10.001
https://doi.org/10.1016/j.oceaneng.2025.122054
https://doi.org/10.1016/j.oceaneng.2025.122365
https://doi.org/10.1016/j.marstruc.2023.103565
https://doi.org/10.1016/j.oceaneng.2025.122932

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
Ocean Engineering 343:123363. https://doi.org/10.1016/j.0oceaneng.2025.123363.

[218] Feng WQ, Mousavi Z, Farhadi M, et al (2025) A hybrid wavelet-deep learning
approach for vibration-based damage detection in monopile offshore structures
considering soil interaction. Journal of Civil Structural Health Monitoring

15:417-444. https://doi.org/10.1007/s13349-024-00876-9.

[219] Nabiyan M, Khoshnoudian F, Moaveni B, Ebrahimian H (2021) Mechanics-
based model updating for identification and virtual sensing of an offshore wind
turbine using sparse measurements. Structural Control and Health Monitoring

28:€2647. https://doi.org/10.1002/stc.2647.

[220] Mehrjoo A, Tronci EM, Moynihan B, et al (2025) Recursive bayesian
estimation of wind load on a monopile-supported offshore wind turbine using
output-only measurements. Mechanical Systems and Signal Processing

224:112183. https://doi.org/10.1016/j.ymssp.2024.112183.

[221] Zou J, Lourens EM, Cicirello A (2023) Virtual sensing of subsoil strain
response in monopile-based offshore wind turbines via gaussian process latent
force models. Mechanical Systems and Signal Processing 200:110488.

https://doi.org/10.1016/j.ymssp.2023.110488.

[222] Wang L, Kolios A, Liu X, et al (2022) Reliability of offshore wind turbine
support structures: A state-of-the-art review. Renewable and Sustainable Energy

Reviews 161:112250. https://doi.org/10.1016/j.rser.2022.112250.

[223] Song Y, Hong X, Sun T, Zhang Z (2024) Joint probabilistic modeling of
extreme wind-wave conditions under typhoon impact and applications to extreme
response analysis of floating offshore wind turbines. Engineering Structures
318:118686.

[224] Zhang Z, De Risi R, Sextos AG (2026) Ageing-dependent, multi-hazard
fragility of monopile-supported offshore wind turbines. Soil Dynamics and

Earthquake Engineering 200:109900.

88


https://doi.org/10.1016/j.oceaneng.2025.123363
https://doi.org/10.1007/s13349-024-00876-9
https://doi.org/10.1002/stc.2647
https://doi.org/10.1016/j.ymssp.2024.112183
https://doi.org/10.1016/j.ymssp.2023.110488
https://doi.org/10.1016/j.rser.2022.112250

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
https://doi.org/10.1016/j.s0ildyn.2025.109900.

[225] Jiang C, Guo S, Shao X (2024) A time-variant non-probabilistic reliability
assessment strategy for laterally loaded offshore monopiles under scour and

corrosion. Ocean Engineering 310:118714.

https://doi.org/10.1016/j.0ceaneng.2024.118714.

[226] Zhang Z, Wang T, Chen Z, Zhang J (2023) Reliability analysis for monopile
foundation of offshore wind turbine considering correlated wind and waves and
spatially varying soils. Ocean Engineering 286:115594.

https://doi.org/10.1016/j.oceaneng.2023.115594.

[227] Ocean Infinity (2021) Ocean Infinity awarded Innovate UK funding to develop
uncrewed windfarm inspection capability. Ocean Infinity.

https://oceaninfinity.com/news/ocean-infinity-awarded-innovate-uk-funding-to-

develop-uncrewed-windfarm-inspection-capability/. Accessed 26 February 2026.

[228] Fugro (2026) Ensuring sustainable offshore wind farm maintenance: Hollandse

Kust Zuid inspection. Fugro. https://www.fugro.com/expertise/case-

studies/ensuring-sustainable-offshore-wind-farm-maintenance-hollandse-kust-

zuid-inspection. Accessed 26 February 2026.

[229] Beam (2024) Beam presents Al-driven autonomous technology for underwater

inspections. Hydro International. https://www.hydro-

international.com/content/news/beam-presents-ai-driven-autonomous-

technology-for-underwater-inspections. Accessed 26 February 2026.

[230] Orsted (2024) Better, faster, smarter. Orsted. https://orsted-

innovationreport.com/. Accessed 26 February 2026.

[231] Acteon (2024) Acteon devising performance monitoring for North Sea

Kincardine wind farm. Offshore Magazine. https:// www.offshore-

mag.com/renewable-energy/article/55093338/acteon-group-Itd-acteon-devising-

performance-monitoring-for-north-sea-kincardine-wind-farm. Accessed 26

89


https://doi.org/10.1016/j.soildyn.2025.109900
https://doi.org/10.1016/j.oceaneng.2024.118714
https://doi.org/10.1016/j.oceaneng.2023.115594
https://oceaninfinity.com/news/ocean-infinity-awarded-innovate-uk-funding-to-develop-uncrewed-windfarm-inspection-capability/
https://oceaninfinity.com/news/ocean-infinity-awarded-innovate-uk-funding-to-develop-uncrewed-windfarm-inspection-capability/
https://www.fugro.com/expertise/case-studies/ensuring-sustainable-offshore-wind-farm-maintenance-hollandse-kust-zuid-inspection
https://www.fugro.com/expertise/case-studies/ensuring-sustainable-offshore-wind-farm-maintenance-hollandse-kust-zuid-inspection
https://www.fugro.com/expertise/case-studies/ensuring-sustainable-offshore-wind-farm-maintenance-hollandse-kust-zuid-inspection
https://www.hydro-international.com/content/news/beam-presents-ai-driven-autonomous-technology-for-underwater-inspections
https://www.hydro-international.com/content/news/beam-presents-ai-driven-autonomous-technology-for-underwater-inspections
https://www.hydro-international.com/content/news/beam-presents-ai-driven-autonomous-technology-for-underwater-inspections
https://orsted-innovationreport.com/
https://orsted-innovationreport.com/
https://www.offshore-mag.com/renewable-energy/article/55093338/acteon-group-ltd-acteon-devising-performance-monitoring-for-north-sea-kincardine-wind-farm
https://www.offshore-mag.com/renewable-energy/article/55093338/acteon-group-ltd-acteon-devising-performance-monitoring-for-north-sea-kincardine-wind-farm
https://www.offshore-mag.com/renewable-energy/article/55093338/acteon-group-ltd-acteon-devising-performance-monitoring-for-north-sea-kincardine-wind-farm

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
February 2026.

[232] Acteon (2023) Efficient structural monitoring measurement campaign on the
TetraSpar Floating Wind Demonstration Project. Acteon.

https://acteon.com/insights/case-studies/structural-monitoring-on-tetraspar-

floating-wind-demonstration-project. Accessed 26 February 2026.

[233] Acteon (2025) Navigating the future: Al-enabled digital twins for cost-

effective offshore wind farms. Acteon. https://acteon.com/insights/blog/ai-

enabled-digital-twins-for-cost-effective-offshore-wind-farms. Accessed 26

February 2026.

[234] Chen Z, Zhu H, Rui Y (2025) A review of Al applications in caisson
construction. In: Johansson F, Ansell A, Johansson D, et al (eds) Tunnelling into
a Sustainable Future—Methods and Technologies. CRC Press, London, pp 44-51.
https://doi.org/10.1201/9781003559047-6.

[235] Zhang W, Li H, Li Y, et al (2021) Application of deep learning algorithms in
geotechnical engineering: A short critical review. Artificial Intelligence Review

54:5633-5673. https://doi.org/10.1007/s10462-021-09967-1.

[236] Seo J, Pokhrel J, Hu JW (2022) Multi-hazard fragility analysis of offshore
wind turbine portfolios using surrogate models. Renewable and Sustainable

Energy Reviews 165:112552. https://doi.org/10.1016/j.rser.2022.112552.

[237] Tapeh ATG, Naser MZ (2023) Artificial intelligence, machine learning, and
deep learning in structural engineering: A scientometrics review of trends and
best practices. Archives of Computational Methods in Engineering 30:115-159.

https://doi.org/10.1007/s11831-022-09793-w.

[238] Thai HT (2022) Machine learning for structural engineering: A state-of-the-art

review. Structures 38:448—-491. https://doi.org/10.1016/j.istruc.2022.02.003.

[239] Shao W, Yue W, Zhang Y, et al (2023) The application of machine learning

techniques in geotechnical engineering: A review and comparison. Mathematics

90


https://acteon.com/insights/case-studies/structural-monitoring-on-tetraspar-floating-wind-demonstration-project
https://acteon.com/insights/case-studies/structural-monitoring-on-tetraspar-floating-wind-demonstration-project
https://acteon.com/insights/blog/ai-enabled-digital-twins-for-cost-effective-offshore-wind-farms
https://acteon.com/insights/blog/ai-enabled-digital-twins-for-cost-effective-offshore-wind-farms
https://doi.org/10.1201/9781003559047-6
https://doi.org/10.1007/s10462-021-09967-1
https://doi.org/10.1016/j.rser.2022.112552
https://doi.org/10.1007/s11831-022-09793-w
https://doi.org/10.1016/j.istruc.2022.02.003

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
11:3976. https://doi.org/10.3390/math11183976.

[240] Tan W, Wu S, L1 Y, Guo Q (2025) Digital twins’ application for geotechnical
engineering: A review of current status and future directions in China. Applied

Sciences 15:8229. https://doi.org/10.3390/app15158229.

[241] Harle SM (2024) Advancements and challenges in the application of artificial
intelligence in civil engineering: A comprehensive review. Asian Journal of Civil

Engineering 25:1061-1078. https://doi.org/10.1007/s42107-023-00760-9.

[242] Boumezerane D (2022) Recent tendencies in the use of optimization
techniques in geotechnics: A review. Geotechnics 2:114—-132.

https://doi.org/10.3390/geotechnics2010005.

[243] Park G, You D, Oh KY, Nam W (2022) Natural frequency degradation
prediction for offshore wind turbine structures. Machines 10:356.

https://doi.org/10.3390/machines10050356.

[244] Alduais M, Mei Q, Taherkhani AH, Han F (2025) Transfer learning on lateral
capacity prediction of monopile foundations with limited data. Computers and

Geotechnics 185:107359. https://doi.org/10.1016/j.compgeo0.2025.107359.

[245] Piunno G, Stefanou I, Jommi C (2024) A POD-TANN approach for the
multiscale modeling of materials and macroelement derivation in geomechanics.

arXiv. https://doi.org/10.48550/arXiv.2408.07165.

[246] Vu-Hoang T, Nguyen T, Shiau J, et al (2025) Predicting the uplift capacity of
circular anchors in frictional-cohesive soils using Kolmogorov—Arnold networks.

Scientific Reports 15:14549. https://doi.org/10.1038/s41598-025-98945-6.

[247] Netherlands Enterprise Agency (RVO) (2026) Offshore wind energy in the

Netherlands. Offshorewind RVO. https://offshorewind.rvo.nl/. Accessed 18 April

2026.
[248] Otake Y, Ching J, Saito T, Asano K (2025) GEOAI benchmark problems

BM/AirportSoilProperties/2/2025. Geodata and Al 2:100012.

91


https://doi.org/10.3390/math11183976
https://doi.org/10.3390/app15158229
https://doi.org/10.1007/s42107-023-00760-9
https://doi.org/10.3390/geotechnics2010005
https://doi.org/10.3390/machines10050356
https://doi.org/10.1016/j.compgeo.2025.107359
https://doi.org/10.48550/arXiv.2408.07165
https://doi.org/10.1038/s41598-025-98945-6
https://offshorewind.rvo.nl/

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[249] Yao S, Zhao J, Yu D, Du N, Shafran I, Narasimhan K, Cao Y (2023) ReAct:

Synergizing reasoning and acting in language models. In: Proceedings of the 11th
International Conference on Learning Representations.

[250] Schick T, Dwivedi-Yu J, Dessi R, et al (2023) Toolformer: Language models
can teach themselves to use tools. Advances in Neural Information Processing
Systems 36:68539-68551.

[251] Kim T, Yun TS, Suh HS (2025) Can ChatGPT implement finite element
models for geotechnical engineering applications? International Journal for
Numerical and Analytical Methods in Geomechanics 49:1747-1766.

https://doi.org/10.1002/nag.3956.

[252] Jiang Q, Karniadakis GE (2026) AgenticSciML: Collaborative multi-agent
systems for emergent discovery in scientific machine learning. npj Artificial

Intelligence 2:57. https://doi.org/10.1038/s44387-026-00102-5.

[253] Shi J, Lu Y, Ouyang Z (2026) Human-guided physics-constrained Al agents
construct an auditable model of soil-plug evolution. arXiv preprint
arXiv:2609.23360. https://doi.org/10.48550/arXiv.2609.23360.

[254] Pan Q, Sun G, Qian Z, et al (2026) Agent-orchestrated domain-specific large
language model for large-scale database-driven geotechnical site

characterizations. Automation in Construction.

https://doi.org/10.1016/j.autcon.2026.107064.

[255] Ghareeb AE, Chang B, Mitchener L, et al (2026) A multi-agent system for
automating scientific discovery. Nature 655:497-505.

https://doi.org/10.1038/s41586-026-10652-y.

[256] Youwai S, Phim D, Murcia VG, et al (2026) Large language model-based
multi-agent systems for automated foundation design: Router-driven task
classification and expert selection framework. Al in Civil Engineering 5:5.

https://doi.org/10.1007/s43503-026-00088-8.

92


https://doi.org/10.1002/nag.3956
https://doi.org/10.1038/s44387-026-00102-5
https://doi.org/10.1016/j.autcon.2026.107064
https://doi.org/10.1038/s41586-026-10652-y
https://doi.org/10.1007/s43503-026-00088-8

This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470032

OCEAN 2026, 2, 9470032
[257] Vriza A, Prince MH, Zhou T, Chan H, Cherukara MJ (2026) Operating

advanced scientific instruments with Al agents that learn on the job. npj

Computational Materials 12:160. https://doi.org/10.1038/s41524-026-02005-0.

93


https://doi.org/10.1038/s41524-026-02005-0

	1 Introduction
	2 Literature Screening and Analysis
	2.1 Semantic logic-based search and screening
	2.1.1 Search strategy
	2.1.2 Screening process and criteria

	2.2 Classification framework
	2.2.1 Algorithm classification
	2.2.2 Functional classification of engineering applications
	2.2.3 Lifecycle classification
	2.2.4 Quantitative performance-evidence synthesis

	2.3 Bibliometric analysis
	2.3.1 Overall trends
	2.3.2 Trends in algorithm evolution
	2.3.3 Trends in functional applications
	2.3.4 Lifecycle distribution and evolution


	3 Applications of AI Across the Lifecycle
	3.1 Site Investigation
	3.1.1 AI-assisted interpretation of sparse sounding data
	3.1.2 Spatial reconstruction from multi-source survey data
	3.1.3 Engineering practice and digital ground-model development
	3.1.4 AI model training and evaluation in site investigation

	3.2 Foundation design
	3.2.1 Rapid prediction of foundation capacity and response
	3.2.2 Cyclic response, serviceability, and time-dependent degradation
	3.2.3 Reliability-based design, inverse analysis, and optimization
	3.2.4 Engineering practice and industrial certification
	3.2.5 AI model training and evaluation in foundation design

	3.3 Foundation Installation
	3.3.1 Installation feasibility assessment and rapid risk prediction
	3.3.2 Real-time monitoring and adaptive updating during installation
	3.3.3 Post-installation setup and back-analysis
	3.3.4 Engineering practice and equipment digitalization
	3.3.5 AI model training and evaluation in foundation installation

	3.4 Operation and Maintenance (O&M)
	3.4.1 Prediction and reconstruction of scour evolution
	3.4.2 Vibration-based condition identification and virtual sensing
	3.4.3 Reliability updating and prognosis
	3.4.4 Engineering practice and closed-loop O&M support
	3.4.5 AI model training and evaluation in operation and maintenance

	3.5 Cross-lifecycle synthesis

	4 Key Challenges and Limitations
	4.1 Data scarcity and insufficient quality control
	4.2 Limited physical grounding and interpretability
	4.3 Limited generalization across regions, conditions, and time scales
	4.4 Implementation barriers and regulatory review challenges

	5 Outlook
	5.1 Model reconstruction for trustworthy prediction
	5.2 Data ecosystems, benchmark datasets, and standardization
	5.3 Agent-assisted engineering workflows

	6 Conclusions
	References

