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ABSTRACT: Synthetic cone penetration test (CPT) profiling recently appeared as a buzzword in the geoscience
community. While no unanimous definition exists, synthetic CPTs are often defined as predicted geotechnical parameters
based on auxiliary variables. These synthetic datasets notably attracted the attention of the offshore wind sector, with the
opportunity to characterise subseabed conditions over large areas where no prior measured data exist. These tools are
foreseen as the next generation of tools for early site characterisation and de-risking, but also to support conceptual and
detailed design of foundations, as well as cable routing and burial. The methods to generate synthetic parameters vary from
basic spatial interpolation to complex 3D interpolation, or machine learning algorithms. The scope of methods is nearly as
large as the number of published studies on synthetic CPTs and each method presents advantages and limitations, dependent
on dataset availability and quality, amongst other factors, which must be understood. The application of such methods must
be considered and adapted to the study objectives. This paper aims to provide an overview of the methods employed to
predict geotechnical parameters, as well as benefits and limitations of synthetic CPTs and geotechnical parameter generation.
This paper intends to inform potential end-users on how to assess the applicability of different synthetic CPT prediction
methods and understand their limitations, from early site characterisation to foundation design and cable burial.
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1 INTRODUCTION

The development of offshore wind sites heavily relies
on robust ground condition characterisation. This is
key to assess project feasibility, especially during the
early phases, or to support detailed design during

CPTs are required to obtain a detailed understanding
of ground conditions, and the acquisition of many
CPTs represents a significant commitment in terms
of cost and time.

Recently, methods have been developed to derive
predictive  geotechnical parameters, so-called

later phases. This characterisation is based on the
integration of geophysical and geotechnical data.
Geophysical data are usually acquired across the
entire site with a dense coverage, but with limited
vertical resolution and limited sediment property
information. Conversely, geotechnical data provide
stratigraphic and lithological information with a very
high resolution but only for discrete locations. Along
with boreholes, Cone Penetration Testing (CPT) is
usually the chosen tool for geotechnical
investigations which provides a continuous multi-
parameter soil profiling method.

While CPT investigations represent a reliable
source of high-resolution information, numerous

‘Synthetic CPTs’ (Figure 1) (Forsberg et al., 2017,
Sauvin et al., 2019; Siemann et al., 2024). As part of
several studies, geo-statistical methods and machine
learning were used to reconstruct CPT profiles from
limited measurements (Wang and Zhu, 2016).
Interest in synthetic CPTs rapidly increased during
the last decade due to the need of advancing offshore
wind developments with limited initial data. Methods
to derive synthetic CPT parameters vary from 1D
(Wang and Zhu, 2016) and 2D (Carpentier et al.,
2021; Sauvin et al., 2019; Siemann et al., 2024) to
more complex 3D interpolation methods (global or
local per geological layers, e.g., NGI, 2022). In
addition to geo-statistical methods, different types of
machine learning algorithms were used to derive

Proceedings of the 5th ISFOG 2025



2- Site characterization, in-situ and laboratory testing, measurement | Michel et al.

synthetic parameters, e.g., Random Forest, Support
Vector Machines, and different types of Neural
Networks (Carpentier et al., 2021; Sauvin et al,,
2019; Shoukat et al., 2023).

Overall, synthetic CPTs represent an appealing
alternative to reduce the cost of site investigations.
They are often seen as the ultimate tool for replacing
extensive CPT data acquisition but present many
pitfalls.

This paper aims to provide an overview of the

methods employed in literature to predict
geotechnical parameters, as well as a summary of the
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Figure 1 Example of synthetic CPT predicting corrected
cone resistance (qt) using Inverse Distance Weighting
(IDW), Ordinary Kriging (OK), Kriging with External
Drift (KED), Collocated Kriging (CoK), Turning Band
Simulation (TBS), Random Forest (RF) and Feed Forward
Neural Network (FFNN) (Siemann et al., 2024)

associated benefits and limitations of synthetic CPT's
and geotechnical parameter generation.

This paper also intends to inform potential end-
users on how to assess the applicability of synthetic
CPTs and understand limitations, with a specific
focus on the different steps of a windfarm site
development, from early site description to turbine
foundation design and cable routing.

2  METHODS SUMMARY

Amongst the large number of methods used to
generate synthetic CPTs, two main categories can be
distinguished: geo-statistical and machine learning
algorithms. It is important to note that the methods
from these two categories are not incompatible and
can be used together. Furthermore, some methods
can integrate auxiliary data, such as geophysical data
(e.g., seismic stratigraphy, attributes or results from
seismic inversion) (NGI, 2022; Sauvin et al., 2019;
Vardy et al., 2023) (Figure 2).

1D Ground Auxiliary data|
Geotechnical Model from
data Results geophysics
+ + +
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Statistics/ Data Model Test
Regression || Transform Training dataset
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Figure 2 High-level workflow schematic for producing
Synthetic CPTs from discrete 1D geotechnical data,
supported by the integration of ground model results and
auxiliary data. The two different paths correspond to the
two main categories of methods, including geo-statistical
and machine learning ones.

2.1  Geo-statistical algorithms

Geo-statistics was amongst the first methods that
have been explored to generate synthetic CPTs
(Forsberg et al., 2017). All geo-statistical methods
rely on a similar principle: the integration of discrete
data to spatio-temporally describe and model data,
predict at wunsampled points and evaluate
uncertainties of the estimated parameters. Most of
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these geo-statistical methods have been developed
for other purposes, notably including ore deposits
mapping (e.g., Matheron, 1963) and petrophysical
modelling. Furthermore, the geo-statistical methods
are versatile as they can be applied to 2D or 3D
problems with adaptations of their formulas.

The geo-statistical methods encountered in
literature include natural neighbours, minimum
curvature, spline, inverse distance weighting, and
kriging interpolations (NGI, 2022). Many variations
of each method exist, but the most diverse remains
kriging, with multiple types of kriging available, e.g.,
simple, ordinary, universal, and collocated (e.g.,
NGI, 2022).

2.2 Machine learning algorithms

The application of machine learning algorithms
rapidly increased in many fields to deal with
extensive and complex datasets. With their rapid
development and the democratization of their use,
machine learning methods rapidly became a tool of
choice to predict geotechnical parameters.

As per the geo-statistical methods, many different
types of machine learning algorithms exist. Machine
learning algorithms commonly encountered in
publications about synthetic CPTs correspond to
supervised learning methods and include, for
example, Bayesian Machine Learning (BML) (Wang
and Zhu, 2016), Artificial Neural Networks (ANN)
(Sauvin et al., 2019; Shoukat et al., 2023), and
Convolutional Neural Networks (CNN) (Carpentier
et al., 2021).

3 BENEFITS AND LIMITATIONS

Based on a literature review, the results of several
studies aimed at generating synthetic CPTs are
presented in Table 1. The different methods used in
these studies are summarised with their respective
advantages, limitations, and some key reference
examples. Studies which focused on the
reconstruction of 1D synthetic CPTs were not
included in Table 1.

According to multiple studies (Table 1), a
significant limitation inherent to all methods is the
vertical resolution of synthetic CPTs, which is more
limited compared to in-situ data. Most of the time,
this limitation is tied to the need for upscaling CPT
data to simplify high vertical geotechnical variability,
reduce computational time or to align with the
resolution of auxiliary information such as
parameters derived from seismic data (NGI, 2022;
Sauvin et al., 2019).
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It is difficult to assess the uncertainties and
reliability of the different methods as the latter may
vary depending on input datasets (quality, density,
type, etc.), as well as the application (see section 4).
Nevertheless, a general assessment of the two main
categories of methods can be provided based on the
results from the literature review.

In general, geo-statistical methods come with
higher uncertainties, mostly associated with the
methods themselves. Geo-statistical methods cannot
deal effectively with non-stationarity and are
intrinsically limited. Additionally, any uncertainties
in the datasets are likely to be carried over into the
analysis and results. However, these methods usually
come with several metrics allowing to assess their
performance, hence assuring a relatively high level of
reliability. For the second category of methods, based
on machine learning algorithms, most of the studies
show an apparent lower level of uncertainty in their
results. It is important to note that this observation
might be biased due to the extensive volumes of data
included in the datasets used in this type of studies.
Generally, the reliability of the machine learning
methods is on par with that of geo-statistical
methods, although the wvalidation methods and
metrics can be different. While no comment was
provided in that sense in the studies reviewed here, a
consensus on machine learning methods is that it is
not always straightforward to understand why a
model performs well or why it underperforms, thus
possibly reducing the reliability of these methods.

4  APPLICATION OF SYNTHETIC CPTS
TO OFFSHORE WIND

In offshore wind farm development, site
characterisation and ground models are constantly
reassessed and improved with the integration of
additional CPTs. Synthetic CPTs can be used to
virtually increase geotechnical information density at
a lower cost, thus representing an attractive
alternative to in-situ measurements. However, as
stated in multiple studies, synthetic CPTs can be
considered as fit-for-purpose at some stages but
cannot substitute for in-situ measurements (Sauvin et
al., 2019; Vardy et al., 2023).

To generate synthetic CPTs, the adequate method
should be decided based on available datasets and
output requirements. When assessing the
applicability of synthetic CPTs, other factors should
be considered, including data type, density, and
quality.
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Table 1. Summary table of literature review for synthetic CPTs.

Methods Benefits Limitations References
Natural - Easy to implement. - Simplistic. Forsberg et al., 2017;
Neighbour, - Statistically robust. - Low vertical resolution. NGI, 2022; Rahman et
Minimum - Require limited number of - Heavily dependent on distances al., 2021; Sauvin et al.,

curvature, Spline,
Inverse Distance
Weighting

Kriging

Collocated -
Kriging

Bayesian Statistics -

Random Forest -

Neural Networks -
(Artificial NN and
Convolutional NN) -

variables.

Able to predict finer -
variations both horizontally -
and vertically.

Different Kriging methods.
Error quantification.

Same as Kriging. -
Integration of auxiliary
variables to ‘inform’ Kriging
where input is limited.

Reconstruct signal from
sparse sampling points.
Non-parametric method able
to deal with non-stationarity. -

Can be used as a ‘classifier’
or a ‘regression’ tool.
Possibility to integrate
multiple auxiliary variables.

Higher fidelity (major and
minor variations).
Possibility to integrate
multiple auxiliary variables
(multi-attribute regression).

between in-situ locations.

Low vertical resolution.
Dependent on spatial distribution
and ability of sampling to capture
geotechnical variations.

Same as Kriging.
Requires certain levels of
correlation between variables.

Method is probabilistic.
Struggles to capture local
variations.

Outliers would be difficult to
predict.

Requires enough ‘samples’ to
train the model.

Variations not captured in any of
the auxiliary variables might
result in erroneous predictions

Requires enough ‘samples’ to
train the model.

Parametrization can be complex
and time consuming (e.g.,
architecture and hyperparameters
finetuning).

2019

Coughlan et al., 2023;
He et al., 2022; Liu et
al., 2021; NGI, 2022;
Rahman et al., 2021;
Siemann et al., 2024;
Xie et al., 2022

Sauvin et al., 2019;
Siemann et al., 2024;
Xie et al., 2022

Tian and Wang, 2023;
Wang et al., 2019;
Zhao and Wang, 2020

NGI, 2022; Rauter and
Tschuchnigg, 2021;
Siemann et al., 2024

Carpentier et al., 2021;
NGI, 2022; Sauvin et
al., 2019; Shoukat et
al., 2023; Vardy et al.,
2023

In fact, during the early phases of projects,
datasets are usually limited to a few geotechnical
locations and seismic lines, often sourced from public
databases or previous investigations. The quality of
these historical datasets is usually good enough for a
preliminary interpretation but not suitable for the
generation of synthetic CPTs, especially in complex
geological environments where significant spatial
heterogeneities can occur (e.g., formerly glaciated
continental shelves) (Figure 3). For any application,
a proper assessment of the required precision,
accuracy, and uncertainties of the prediction must be
performed.

For preliminary site characterisation, the
objective is to get an initial understanding of the
geological units present at the site, as well as an
overview of their respective geotechnical properties.

Usually, data available during preliminary site
investigations are limited, so methods relying on a
minimum amount of input data, such as Kriging or
Neural Networks may not be adequate (Figure 3).
However, simple interpolation methods, providing
more simplistic and low-resolution predictions,
might be fit for purpose and provide an overview of
the geotechnical variability at the site (Forsberg et al.,
2017; NGI, 2022) (Figure 4).

For survey planning, the context is usually like the
preliminary  site  investigation  stage, with
geotechnical data sparsity being relatively high.
Simpler interpolation methods, along with the
geotechnical variability overview they can provide,
can be a valuable tool to plan or revise additional
target locations.
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Figure 3 Example of challenges for SynCPT predictions,
with predicted (blue) corrected cone resistance against
measured parameter (orange). Accurate predictions are
made in homogenous sediments, but the predictions are
less accurate in complex glacial deposits. Note that the
corrected cone resistance values were normalized to 0-1
range. Modified from Shoukat et al. (2023).

During later phases of site development, higher
resolution, precision, and accuracy would be
required. Usually, more geotechnical data are
available so more complex methods such as Kriging
and Neural Networks, relying on more inputs, can be

Project Phase

Suitable
Dataset
(type,
density,
quality) Adequate
for SynCPTs Not
Suitable ~~ T TTTTTTTTTTTTTTTTTTTTTTTT
Simple geostatistics
Method to
generate
SynCPTs

———————
_ _ _Training dataset likely to be too limited __ | Machine Learning

used (Figure 4). These methods can be applicable to
the planning of detailed surveys and can be
considered for conceptual design. Furthermore, if
these methods are supplemented by the integration of
geophysical data, the results from synthetic CPT
predictions will be more robust (NGI, 2022; Sauvin
et al., 2019; Vardy et al., 2023).

For conceptual foundation design, synthetic CPTs
can provide valuable information under the form of
best case, worst case, and best estimate, which can
help identify design challenges before the detailed
foundation design phase.

For detailed design, the requirements in terms of
precision, accuracy, resolution, and confidence in the
results are very high. However, even the most
complex methods to generate synthetic CPTs, with
integration of auxiliary information, will always have
a lower vertical resolution compared to in-situ data
and higher levels of uncertainty. This should not be
acceptable at this stage of project development
(Figure 4).

For cable routing and design, a very fine scale
spatial mapping and a very high vertical resolution
are required, but for a more limited depth range
below the seabed. The use of synthetic CPTs for such
applications has not yet been described or discussed
in literature. While a very fine scale spatial mapping
can be achievable, most of the methods currently
available are not able to predict CPTs at the same
vertical resolution as in-situ measurements.
Therefore, the applicability of synthetic CPTs for
cable routing and design requires further
investigations.

Prelim.
L Survey planning Ground model Concept. Design Detailed Design
Investigation

To date, SynCPTs
not accepted as
substitutes for CPT
acquisitions at

—————————————————————————— > turbine locations

Figure 4 Schematic summary diagram of SynCPTs applicability for different OWF project development phases, with
indication of qualitative dataset suitability and methods compatibility based on their respective limitations.
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5 CONCLUSIONS AND
RECOMMENDATIONS

With a large range of methods available, the
prediction of CPT parameters is an appealing tool to
virtually increase the density of geotechnical
information, while minimising costs and time
required for additional geotechnical data acquisition.

Depending on the requirements and available data
type, quality and density, including supporting
datasets such as geophysical ones, synthetic CPTs
can be applied at different stages of offshore wind site
development. The use of synthetic CPTs, as well as
the method, must be assessed in terms of precision,
accuracy, and uncertainties against project phase
requirements.

A common pitfall is to consider synthetic CPTs as
the ultimate tool. As stated in multiple studies,
synthetic CPTs are incapable at present to replace in-
situ measurements and the results from synthetic
CPTs should always be considered with caution.

With the growth of interest for synthetic CPTs
within academia and industry, the development of
new methods but also reflexive studies on the
limitations, precision, and accuracy will help
strengthen the methodology and provide a better
understanding of uncertainties, the latter being a
requirement for any application within industry.
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