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A B S T R A C T

To reduce site investigation costs for site characterization as well as timelines in offshore windfarm development, 
methods to predict the soil profile and essential geotechnical parameters at unexplored locations gain increasing 
interest from the industry. Hereby, the more abundant geophysical data can be used as guiding information in 
addition to the scarcely spaced direct investigations to improve the prediction of ground conditions and reduce 
its uncertainty at unexplored locations. However, since it is a rather new tool in offshore wind site character
ization, little is known about the applicability of those predicted soil profiles and the associated geotechnical 
parameters for the design process of offshore wind infrastructures.

This study aims to highlight the generation of predicted geotechnical profiles and parameters in the form of 
predicted cone penetration tests (pCPTs) and its use for the design of monopile foundations. Using real data from 
a German North Sea site the pCPTs are generated by applying geostatistical co-simulation, resulting in a best 
estimate with a location and depth specific uncertainty. These probabilistic results are utilized for the derivation 
of a design pile length. This pile length is either computed based on a deterministic estimate of the pCPT, taken as 
a quantile values, or with a reliability-based approach with respect to a target reliability level. It could be shown 
that a safe design length in comparison to the measured values is achieved by using a quantile value of 5% or less 
within a deterministic design or the reliability-based design approach.

1. Introduction

To minimize risk in offshore wind farm development, precise un
derstanding of the subsurface is essential, especially in formerly glaci
ated margins, as among others encountered in the North and Baltic Sea. 
This leads to an increasing demand for reliable ground models, with a 
growing interest in employing quantitative approaches like the predic
tion of geotechnical parameters using geotechnical and seismic data to 
shorten development timelines and costs.

Common practice in offshore windfarm site investigation is to 
perform 2D or 3D seismic data acquisition in a relatively dense grid, 
together with geotechnical campaigns, i.e. using cone penetration 

testing (CPT) or borehole investigations. For offshore sites usually large 
distances are encountered between geotechnical site investigation lo
cations, making the use of the more abundant seismic data indispensable 
to properly understand geological conditions in between directly 
explored locations.

As a rather new technique in offshore wind farm site investigation, 
compared to the conventional geophysical and geotechnical in
vestigations, predicted geotechnical parameters become an increasingly 
common tool to support site characterization and decision making for 
offshore infrastructure installation and design. The prediction of 
geotechnical parameters - mostly in the form of predicted CPT (pCPT) – 
aims to target not directly explored locations to replace or support in- 
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situ measurements to build a 2D or 3D ground model. The acquired 
geotechnical site investigation data provides only discrete information 
of the site under investigation, while the prediction, especially when 
incorporating seismic data, allows for a continuous and site wide eval
uation. Most common technologies to predict geotechnical parameters 
are machine learning (ML) algorithms or geostatistical methods. An 
overview of different methods to predict geotechnical parameters (i.e. 
CPT parameters) for offshore windfarm site characterization is given in 
Siemann et al. (2024).

In addition to the different prediction methodologies, several levels 
of data integration have been tested to derive these geotechnical values. 
Studies by e.g. Goodman et al. (2021) and Sauvin et al. (2022b) have 
applied geostatistical methods only using the geotechnical parameters 
as input for offshore wind farm site investigation data, together with the 
interpretation as structural constraint. This works reliably, when having 
closely spaced geotechnical locations available (e.g. after the main 
geotechnical campaign is performed) if the geology is not complex and 
the locations are close to each other but becomes challenging when data 
is sparse (e.g. during desktop studies or in pre-investigation phase). This 
is why recent studies tend to incorporate seismic data as guided infor
mation in the prediction process. Only few studies have incorporated 
seismic data within a geostatistical framework (Sauvin et al., 2019; 
Vanneste et al., 2022; Siemann et al., 2024). In ML, commonly seismic 
data is directly used in the training of data, with exceptions e.g. in 
Shoukat et al. (2023). Many data-driven studies are available which 
include either a handful of selected post-stack seismic attributes (e.g. 
Vardy et al., 2018; Carpentier et al., 2021; Chen et al., 2021; Sauvin 
et al., 2022a; Atkins et al., 2023; Qu, 2023) or direct extraction of in
formation from seismic data (e.g. Beyer et al., 2023; Di et al., 2023) in 
the prediction process. More recently pre-stack seismic inversion is 
getting increasing attention to derive elastic soil parameters from the 
seismic data (Karkov et al., 2022; Horn et al., 2023; Cox et al., 2024; 
Dalgaard et al., 2024). In any case, prediction is either performed in 3D 
space, which is connected to higher uncertainty if no 3D seismic data is 
available or along 2D seismic lines, commonly at seismic trace locations. 
However, most studies do not aim to investigate the application of the 
predicted geotechnical parameters in the design process of offshore 
support structures, except recent studies, e.g. by Sauvin et al. (2019), 
Charles et al. (2022), Zhao et al. (2024) and Arnold et al. (2019).

A reason for this lies, amongst others, in the requirement that current 
standards such as the German BSH (2014), Eurocode 7-2 (DIN EN, 
1997-2, 2010) and DIN 4020 (2010) have to be fulfilled, which require a 
minimum of one investigation per foundation. Therefore, there was no 
need to incorporate an interpolated soil profile including the associated 
uncertainty. However, considerations for including other sources of 
uncertainty in the design of piles on- and offshore have been conducted 
and will be implemented in the second generation of the Eurocodes. The 
uncertainty usually is accounted for by performing a probabilistic 
analysis. Experience in the probabilistic design of axially and laterally 
loaded piles and pile foundations has been documented for example by 
Tandjiria et al. (2000); Pula, 2007; Huang et al. (2016). Recently, these 
principles have also been applied to offshore wind turbine foundation 
structures, specifically monopiles (e.g., Carswell et al., 2015; Damgaard 
et al., 2015; Depina, 2016; Depina et al., 2015; El Haj et al., 2019), since 
monopiles being currently the most used foundation type for offshore 
wind turbines. The findings demonstrate that variability in soil param
eters can have a significant impact on soil-monopile interaction and thus 
on the monopile design.

In the current standard design process, which is hereafter referred to 
as “deterministic design”, this variability is covered by partial safety 
factors and the selection of cautious characteristic values for the soil 
parameters. The derivation of these parameters usually relies on the 
statistical evaluation of correlated parameters from the conducted CPTs 
in combination with laboratory tests, often also incorporating engi
neering judgement.

Uncertainties in the description of the subsurface pose a risk to the 

offshore foundation structures and design needs to be safe as well as cost 
efficient. A reduction in pile dimensions can have a significant effect on 
windfarm development costs. Despite the reduction in costs for pile 
dimensioning, great interest is noticeable from the industry to reduce 
site investigation costs and shorten timelines in the early stages of 
windfarm development by making use of predicted geotechnical pa
rameters. This becomes especially interesting when relocations of wind 
turbines are necessary due to changes in the windfarm layout, but the 
geotechnical campaigns have been already performed on the originally 
planned locations. Per regulation, the developer would need to acquire 
new data at the new location which increases development prices and 
causes delays due to the execution costly geotechnical campaigns, which 
normally cannot be performed on short notice due to the high demand of 
specialized vessels. It is challenging to apply predicted data in real cases, 
since they need to proof their applicability and need to be accepted by 
the certification bodies. There are however a few examples where pre
dicted data was and is used in a certified design. A tendency is going in 
the direction to include those results in the decision making in offshore 
wind farm development by authorities like Rijksdienst voor Onderne
mend Nederland (RVO, Netherlands Enterprise Agency) (e.g. Forsberg 
et al., 2022) and Bundesamt für Seeschifffahrt und Hydrographie (BSH, 
public institution for maritime tasks in Germany) but also increasingly 
by developers themselves. For a better acceptance of the predicted data, 
studies also incorporating the effect of uncertainty in spatial interpola
tion are needed.

This study aims to (a) investigate the use of predicted geotechnical 
parameters including their uncertainties derived from pCPT profiles and 
(b) assess their applicability on the design process of monopile foun
dations, mainly in an early phase, in a reliability-based (probabilistic) as 
well as a deterministic design framework. The use of pCPT profiles has 
the potential to reduce windfarm development costs. Thereby, the de
viation from predicted to real measured data on the design process is 
analyzed to assess if the predicted data can be used equivalently and 
safely in the design process. For this case study, site investigation data 
from a developed windfarm area from the German North Sea is used.

Prediction of the pCPT is done using geostatistical co-simulation 
(turning bands simulation or TBS), focusing on predicting the cor
rected cone resistance (qt) and sleeve friction (fs) of a fictious CPT at any 
chosen unexplored location. From the seismic data, acoustic impedance 
(Zp) is inverted and used as guided variable for the co-simulation. 
Geostatistical simulation has been widely used in mineral resources 
estimation and classification (Verly and Parker, 2021; Silva and Bois
vert, 2014), reservoir characterization (Pyrcz and Deutsch, 2014; 
Peignard et al., 2024), and geotechnical modelling (Masoudi et al., 
2024, 2025). Siemann et al. (2022, 2024) have applied it in offshore 
wind subsurface investigation.

The predicted geotechnical data, i.e. the CPT parameters and based 
on those derived values for leading design parameters as the effective 
friction angle, is afterwards used for determining the design length of a 
lateral loaded monopile foundation. The soil parameters are only 
derived from the pCPTs using a transformation model from the literature 
and no laboratory data is included. The uncertainty associated with the 
used transformation model is not accounted for in the analysis to focus 
on the spatial uncertainty. Different approaches are assessed and 
compared to provide a link of deterministic and reliability-based for
mulations for the evaluation and use of pCPTs showing that comparable 
results can be derived.

2. Study area and data

The data used in this case study is representative for the conditions in 
the German North Sea. With water depth ranging from approximately 
20-25 m and favorable geological conditions, the site allows for the 
installation of monopiles.
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2.1. Geology

Geologically, the shallow subsurface of the study area is very much 
influenced by the last ice ages. Overriding ice sheets and sea level 
changes played a major role in the development of the area, controlling 
erosion and sedimentation processes during the Pleistocene (Lohrberg 
et al., 2022b). The site underwent several glacial periods, while being 
covered by ice sheets during the Elsterian (400.000 to 320.000 years 
ago) and Saalian (310.000 to 126.000 years ago). Throughout the 
Weichselian (115.000 to 11.600 years ago), ice sheets have not reached 
the investigation area (Winsemann et al., 2020; Lohrberg et al., 2022a).

The repeated climate and sea level fluctuations during Pleistocene 
increased the sedimentation in the North Sea. During glacial periods 
moraine deposits occurred. Beneath the ice sheets deep tunnel valleys 
developed which were filled in again by sediments e.g. meltwater sands. 
In the following inter-glacials, the North Sea region experienced glacier 
melting and transgression, leading to tidal flat and brackish water 
sediment deposits besides marine deposits, partly with till layers 
developing. The Pleistocene deposits are overlain by Holocene sedi
ments, predominantly of marine and terrestrial origin. Outflowing 
meltwater streams incised channel systems which were subsequently 
filled with heterogeneous sediment again. In addition to glacial deposits, 
marine sediments such as basin clays, silts or fine sands, fluvioglacial 
sediments as well as limnic and brackish sediments can be found in 
accordance with the aforementioned facies changes.

The Holocene and Pleistocene sedimentary deposits are mainly 
consisting of fine to medium sands with in situ relative densities ranging 
from very loose to very dense. The few meters thick Holocene sand top 

layer is partly underlain by weak layers (e.g. loose sand, clay). Below it 
follow Pleistocene sands intercalated with varying thicknesses of silt, 
clay and till layers.

2.2. Geophysical and geotechnical data

A comprehensive geophysical survey was conducted in the investi
gation area including a 2D ultra-high-resolution (UHR) seismic data 
acquisition together with a detailed geotechnical campaign with CPTs 
and boreholes. The 2D UHR data was collected during research cruise 
He569 in 2021. The 2D-multichannel seismic data has been acquired 
using a two-chamber mini GI-Gun source and a 96 channel streamer 
with different hydrophone spacings, having a total active length of 228 
m. For a detailed description of the acquisition set-up the reader is 
referred to the cruise report (Keil et al., 2021).

For this study a 2D UHR seismic profile (He569-GeoB21-033) is 
being used in combination with a total of 8 CPT profiles along the 
seismic line (Fig. 1). Penetration depths of the CPTs range from 45 m to 
60 m below seabed. The maximum offset from the seismic line is ~170 
m. The offset between the CPT and seismic line can cause potential 
mismatches between the CPT data and the seismic data which in
troduces uncertainty in the prediction and modeling process. Offsets can 
lead to vertical shifts between the data or the presence or absence of 
deposits due to a heterogeneous subsurface. The general distances be
tween the CPTs range from 1012 m to 1922 m. The CPT cluster to the 
east of the profile contains several CPTs with only short distances of up 
to 20 m from each other. The CPTs have been migrated onto the seismic 
line and are adjusted for depth and horizontal position. The CPT data is a 

Fig. 1. Illustration of the input data being used in the prediction process. Above: 2D seismic reflection data showing the interpretation on the line. Below: Acoustic 
Impedance, together with the CPT log curves for qt (blue curves) and fs (red curves). (For interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.)
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set of downhole CPTs, which were cleaned from outliers being caused by 
the operation procedure before being used in the prediction process. The 
data gaps were not filled to avoid including artificial data in the further 
process. The process is performed in depth domain.

Absolute acoustic impedance is used as co-variable to guide 
geotechnical parameter prediction. The band-limited acoustic imped
ance was generated from the post-stack seismic data and merged with a 
low-frequency model based on interval velocities. A more detailed 
description of the inversion process is given in Siemann et al. (2024). 
Generally, the acoustic impedance increases with depth while obtaining 
a low impedance layer at the layer boundary of unit II and unit III, which 
corresponds to clay deposits as indicated by the CPT and borehole 
information.

Marine sediment acoustic response is governed by sediment struc
ture, dynamic strain amplitude, overburden stress, lithification, and 
grain size (Stoll, 1989), which also influence cone resistance and sleeve 
friction measured by CPT (Vardy et al., 2018). However, P-wave seismic 
attributes such as velocity and acoustic impedance are acquired at very 
small strains, whereas CPT parameters reflect large-strain penetration 
and shearing, so the methods probe different portions of the constitutive 
response (Vardy et al., 2018; Sauvin et al., 2019). Empirical and 
physics-guided correlations linking dynamic (small-strain) stiffness to 
large-strain, static properties and construction parameters are well 
established, particularly for normally consolidated, uncemented soils (e. 
g. Wichtmann et al., 2017). These relationships become more complex in 
brittle or cemented materials and in sediments with significant 
stress-history effects (e.g., glacial loading) and variable depositional 
histories, where bonding, anisotropy, and fabric modify both seismic 
and CPT responses (e.g. Vardy et al., 2017). However, it was shown that 
acoustic impedance and cone resistance exhibit a positive, nonlinear 
correlation (Opeyemi, thesis; Vardy et al., 2018). Therefore, both pa
rameters have been jointly used to predict geotechnical parameters and 
develop ground models in several studies (Carpentier et al., 2021; Beyer 
et al., 2023; Qu, 2023).

3. Methodology

3.1. Prediction of CPTs using geostatistical co-simulation

A CPT prediction is performed to compute the statistics of the 
geotechnical properties at each location along the 2D profile. The target 
parameters for the CPT prediction are the corrected cone resistance (qt) 
and sleeve friction (fs). Acoustic impedance (Zp) is used as guided var
iable for the prediction process. The general simplified modeling 
workflow is shown in Fig. 2. A detailed description follows in the 

subsequent sections.

3.1.1. Geostatistical simulation background
Kriging is a linear geostatistical method which uses local weighted 

averaging of surrounding measurements to obtain spatially interpolated 
information at the desired point. The term “linear” means, that the 
interpolated value is a linear combination of measured data considering 
kriging weights. Kriging weights depend mainly on the location and 
configuration of surrounding measurements, as well as the model of 
spatial variability, i.e. using a variogram for a univariate and cross- 
variogram for a multivariate dataset. The linear kriging method pro
vides an unbiased estimate, i.e. the error expectation is zero, as well as a 
minimized error-variance of the estimate and therefore provides a 
quality measure of the interpolation. Co-kriging methods have been 
developed to model multivariate datasets. The advantage lies in repro
ducing linear correlation between the input variables in the interpolated 
values (Wackernagel, 2003). In addition, an auxiliary variable with 
better geographical coverage may improve the model of the principal 
variable. However, linear interpolations (kriging, co-kriging and other 
variants) possess two drawbacks (smoothing effect) which make them 
insufficient for real risk assessment problems: 

• The kriging method produces a rather smooth solution, which on 
average overestimates the low values and underestimates the high 
values, especially if the distance between the measurements is too 
high (compared to the variogram range).

• It does not retain the spatial variability of the input data and corre
sponding uncertainties. In other words, the variogram of the output 
model is inferior to the variogram of the input measurements.

To overcome these disadvantages, geostatistical simulation methods 
have been developed. In mineral resource estimation and classification 
(e.g. Journel and Huijbregts, 1981) and reservoir characterization (e.g. 
Pyrcz and Deutsch, 2014), these methods have a long history of appli
cation, whereas there are only few recent case studies in geotechnical 
applications (e.g. Masoudi et al., 2023, 2025) or in the offshore wind
farm development (e.g. Siemann et al., 2022, 2024). Geostatistical sto
chastic simulation could be imagined as a spatial Monte Carlo model 
which is meant to honor the spatial variability of the measured data, 
reproduce the input data histogram and assess the uncertainty in the 
predicted model (Chambers et al., 2000). It can replicate, for instance, a 
multimodal distribution with pronounced tails in comparison to the 
kriging result. For details on the methodology see for example Chiles and 
Delfiner (2012) and Pyrcz and Deutsch (2014).

The interpolation methods such as kriging only predict one value 

Fig. 2. Process workflow of the methodology applied in this study, to derive geotechnical parameters at unexplored positions using geostatistical simulation and its 
use for probabilistic foundation design.
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(the most expected) at every point of interest. Geostatistical simulation 
returns equally probable solutions (scenarios or realizations), honoring 
the statistical moments (mean and variance) of the input data set. 
Therefore, for each point of interest a probability density function (PDF) 
can be computed. Fig. 3 shows this concept schematically for a 1D CPT 
cone resistance profile located in a 2D cross-section of qt-predictions. 
This can be used for uncertainty and probability analysis, therefore risk 
assessment and decision making. At each point of interest, the mean of 
all the realizations is close to the kriging prediction.

There are three well-known geostatistical simulation methods for 
probabilistic modelling of a continuous variable: sequential gaussian 
simulation (SGS), turning bands simulation (TBS) and stochastic partial 
differential equations (SPDE). Between the classical simulation based 
approaches (SGS and TBS), the TBS is a computationally more efficient 
algorithm however, impractical in case of having locally varying an
isotropies within folded strata due to straight bands generated during 
unconditional simulation. The SGS has been developed based on simple 
kriging, which considers strict stationarity (Chiles and Delfiner, 2012). 
The SPDE is a more recent development, showing good performance in 
calculation speed and managing local anisotropies, it is mostly used in 
two-dimensional mapping at regionalized scale (Lindgren et al., 2011; 
Fuglstad et al., 2015). In case of the problem investigated in this paper 
the TBS is chosen due to its high computational performance and effi
ciency with large amount of data as well as more tolerance regarding the 
stationarity hypothesis. The TBS-algorithm, which was originally pro
posed by Matheron (1973), consists of a two step approach (Chiles and 
Delfiner, 2012), which is repeated to generate 10 000 scenarios or 
realizations: 

• Unconditional simulation: drawing random bands in space (here 10 
000 bands are used) (Fig. 4). On the bands, generating a random 
gaussian variable, respecting the variogram model. Combining pro
jections of the gaussian random values to the location of inputs and 
outputs.

• Conditional simulation: at the location of inputs, calculate the re
siduals by subtracting the unconditional simulation from the input 
data (gaussian transformed). Applying ordinary kriging to the re
siduals to generate the interpolation of residuals on the outputs. 
Finally, summing interpolated residual with the unconditional 
simulation, and back-transformation from the gaussian distribution 
to model the geotechnical parameters.

3.1.2. Space deformation and geostatistical modeling
The geostatistical modeling workflow is performed in the commer

cial software Isatis.neoTM (2024). After data import, a calculation grid is 
created covering the extent of the 2D seismic line. The resolution is 0.1 

Fig. 3. Conceptual figure showing different equally possible realizations on a prediction grid for the predicted cone resistance. The average of the different outcomes 
is considered as the best estimate. Each Grid cell has an individual output distribution based on the simulated values. At each point of the model, vertical predicted 
1D profiles can be extracted containing information about the mean prediction as well as its uncertainty and the individual realization results.

Fig. 4. Schematic representation of the unconditional simulation TBS proced
ure used to compute a simulated value at location S(p). For the grid cell 
centered at S(p), perpendiculars intersect the bands at Sp1–Sp4, from which the 
simulated values are extracted (red dots). The final simulated value at S(p) 
(light red circle) is computed as the normalized average of these four contri
butions. This is the representation of first step in the TBS procedure, which is 
followed by the conditional simulation. (For interpretation of the references to 
color in this figure legend, the reader is referred to the Web version of 
this article.)
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m in vertical and 10 m in horizontal direction, with the midpoint of the 
individual grid points corresponding to a seismic trace value. The 
seismic data and CPT parameters are mapped onto the grid. To match 
the vertical resolution of the different data inputs, the CPT data is 
upscaled using the moving average technique from 2 cm vertical mea
surement interval to the resolution of the geophysical data. The grid is 
transformed into flattened space prior to geostatistical modeling.

Sedimentary deposits that have been affected by tectonic activity or 
dynamic sedimentary systems, such as river channels or tunnel valleys, 
can result in a high variability within the deposits, thereby decreasing 
the spatial continuity of geotechnical properties. To improve spatial 
continuity, geostatistical modeling is carried out in a "flattened space" 
through coordinate transformation in the vertical direction (Fig. 5). A 
technique known as “unfolding” is used to address geometrical hetero
geneities by either restoring sedimentary layers to their original state 
before tectonic deformation or erosion, or by adjusting for non- 
horizontal, varied layering (Caixeta and Costa, 2021; Chautru et al., 
2021; Chautru, 2024). Interpolation of geotechnical parameters and 
seismic measurements in flattened space allows for the horizontal 
alignment of measurements, which correspond to an individual geologic 
layer. The applicability of this method was demonstrated by Wu (2017)
using borehole data and seismic data. The application of flattening be
comes more advantageous in the geotechnical characterization of a thin 
strata (Masoudi et al., 2024). Modelling in flattened space is well 
applicable in this geological setting where deposits are quite continuous. 
However, care needs to be taken in more challenging environments 
where complex erosional events (e.g. tunnel valleys) are present or in 
tectonically complex regions.

From the interpreted horizons shown in Fig. 1, three key horizons 
were identified and applied to the flattening, each done separately 
across three intervals based on the seismic interpretation. The geo
statistical steps were conducted individually for each of the three units, 
i.e. to account for both geological variations and geotechnical 
interpretation.

The gaussian transformation is applied to the geotechnical parame
ters and is further used for variographical analysis. After the modeling of 
the cross-variograms, co-simulation is performed to generate 10 000 
realizations within each unit. The resulting gaussian PDF for each target 

point is then back-transformed to generate PDF of geotechnical pa
rameters, e.g. the CPT-tip resistance qt (s Fig. 3). In the last step, the 
coordinates are back-transformed from the virtual flattened space into 
the real space for further analyses (compare Figs. 2 and 5).

3.1.3. Spatial variability (variogram) and neighborhood selection
In geostatistics, the variogram is a characteristic of a regionalized 

variable (here the geotechnical parameters), based on which kriging and 
simulation weights are attributed based on the location relative to the 
surrounding samples. It is a measure of spatial variability, defined as a 
function of Euclidean distance (e.g. Gringarten and Deutsch, 2001; 
Masoudi, 2022). The Variographical analysis is the process of plotting an 
experimental variogram based on the available measurements then 
fitting an ascending mathematical function, called variogram model. On 
a stationary regionalized variable, a basic variogram model is defined 
by: 

• nugget effect: inferior bound of variogram model, which is the 
variability at distances close to zero.

• sill: superior bound of variogram model, which is the maximum 
variability of the regionalized variable, comparable to the statistical 
variance.

• range: the Euclidean distance at which the variogram model reaches 
its sill, which is the maximum distance of spatial correlation.

Since geostatistical co-simulation is performed in this study, a 
directional cross-variogram, consisting of three variogram plots (same 
structures and same ranges) need to be fitted (sill matrix) for each unit. 
Two simple variograms for the spatial continuity of the main (qt or fs) 
and auxiliary or guided (Zp) variables and a cross-variogram between 
them were modelled to consider conjointly the spatial behavior. The 
Supplementary Material Figs. S1–S3 shows the directional variogram 
models used for each unit. In Tables S1–S3 the parameters for the chosen 
variograms are listed. As for the search neighborhood the vertical and 
horizontal direction are considered separately. Due to the deposition 
process, the spatial continuity in the horizontal direction is larger 
compared to the vertical direction, describing the anisotropic nature of 
the subsoil.

Fig. 5. Sketch showing the space deformation by unfolding for improving horizontal spatial correlation. The different key steps in each space are listed below.
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The variogram fitting procedure includes subjective uncertainty. It 
has been fitted best based on the data, the knowledge of the local ge
ology, the data quality and accounting for outliers. Variogram param
eters are shown in the supplementary material Table S1 to Table S3 The 
nugget effect for all variograms is set to be zero, assuming no spatial 
variability at zero distance. The local geology obtains very homogenous 
deposits leading to the assumption that long horizontal continuity is 
expected. That, together with improving spatial continuity using the 
flattened space results in very long ranges in the horizontal direction. 
Therefore, lower variability is assumed even at long horizontal dis
tances, whereas the variability remains high in the vertical direction. 
The low variability in the horizontal direction covers the far distances 
between the CPT boreholes. Since vertically, a lot more data points are 
available along the boreholes, the variogram modeling is more objective 
and straightforward, even if more spatial variability is observed. To 
improve variography in horizontal direction it is recommended to have 
more CPTs distributed over the area or CPT clusters. Both would in
crease the confidence of variographical analyses while the latter would 
specifically address the short distances.

In vertical direction, shorter ranges of a couple of meters are 
encountered, introducing higher variability on shorter distances, which 
is expected due to the stratification. Therefore, the neighborhood radius 
is chosen to be higher laterally (higher spatial continuity and less data 
frequency) than along the vertical direction. Vertically, the neighbor
hood radius is selected to be 2.5 m. Horizontally, 3000 m has been 
chosen to ensure several CPTs are considered to predict a target point 
and to ensure full coverage along the line. The weighting of the selected 
data points within this search neighborhood is defined by the variogram 
model. The number of bands was chosen to be 10 000 and 10 000 re
alizations (scenarios) were generated to assure the representativity of 
the probabilistic modelling. Table 1 shows an overview of the parame
ters being defined for the simulation. The settings are kept constant for 
the different geological units.

3.1.4. Prediction quality control
For the assessment of the prediction quality, each measured CPT is 

systematically removed from the prediction. The prediction results are 
then compared at this CPT location with the real measured data (leave- 
one-out/blind testing). Due to their proximity to each other, the CPT 
cluster to the East of the seismic profile is removed as one. Removing a 
CPT leads to a large gap between the locations (between approximately 
2700 m and 3500 m). That implies that for each point to be predicted a 
distance to measured geotechnical parameters from CPT is always more 
than 1000 m. Within those large distances, a lot of geological changes 
might occur, which may not be replicated perfect by the modelling 
process. Also, the large distances show the need to incorporate sec
ondary information like seismic data to guide the prediction process. 
The prediction does not rely heavily on the auxiliary data since the sum 
of weights of the auxiliary variable is zero, i.e. the order of magnitude of 
auxiliary variable is neutralized. However, the sum of weights of the 
principal variable is one honoring the universality condition to guar
antee an unbiased estimation. The information is inferred from the 
relationship between the acoustic impedance and CPT parameters 
through the cross-variogram.

Consequently, five predictions are performed for each parameter of 
interest to allow quality control at each CPT location by plotting and 
comparing the measured and predicted results. The variogram model is 
kept the same throughout the calculations and is not adjusted for each 

new data set which is created when removing a different profile. 
Keeping the variogram model constant is justifiable since the aim is 
investigate the impact of estimation in the cross-validation and not the 
influence of variogram changes. Direct comparison of measured and 
predicted results is useful in assessing local and overall differences. The 
uncertainty of the prediction is considered in the form of three times 
standard deviation in the illustrated predicted profiles (see chapter 4.1, 
Fig. 9). Three times standard deviation was chosen following the three 
sigma rule (Grafarend et al., 2022), showing the interval, in which 
around 99.7 % of the values would lie within a normal distribution. The 
authors believe this representation of uncertainty is more intuitive than 
one showing only one standard deviation (sigma), as it highlights po
tential local minima and maxima for engineers. However, 68.3 % of the 
probability mass is already lying in the interval of ± one sigma.

In order to judge the quality of the estimation, specifically along the 
2D seismic line section, the coefficient of variation (CV) is calculated as 
followed: CV = σpred / μpred, with μpred being the mean or best estimate 
of the prediction at the target location and σpred its standard deviation. 
The CV is a normalized measure of dispersion around the mean, which 
allows for the direct comparison of the prediction quality of qt and fs. 
Where CV is low, less uncertainty is encountered, while with higher C V 
also the uncertainty increases due to higher scatter of the standard de
viation in relation to the mean (see later Fig. 9).

3.2. Design process for a horizontally loaded monopile

The pCPT profiles are further used for the geotechnical design of 
monopile foundations, in which the design length is estimated using a 
displacement criterium of the pile head as it is done in preliminary 
design, i.e. for cost evaluation. Hereafter the concept of a reliability- 
based design framework, is briefly outlined. This is followed by the 
design assumptions made for this study.

3.2.1. Reliability
The designer is responsible to ensure a safe and reliable design of the 

structure. Reliability hereby means that the structure will perform its 
intended function without failure with respect to a given target reli
ability for the envisaged design lifetime. Guidelines for this design task 
are defined in standards, which specify, for example, values for material 
properties, loads, and verification methods. In Europe a common 
framework, i.e. the Eurocodes (EC), was established, on which the na
tional standards are built.

According to Eurocode 0 (DIN EN 1990; 2021) every structural 
verification is based on the formulation of limit states. A limit state is a 
condition beyond which a structure or structural element no longer 
fulfills its intended function, usually defined by a single failure mecha
nism, i.e. the structure becomes unsafe or unusable (DIN EN 1990; 
2021). Design usually is differentiated between ultimate limit states 
(ULS), where strength or stability problems occur, fatigue limit states 
(FLS) and serviceability limit states (SLS), where deflection, vibration or 
other features are not tolerable. Regardless of the limit state type, usu
ally actions (loads, temperature, etc.) F and resistances R are compared. 
Generally, a response function G(X) is mathematically formulated for 
which the limit state can be defined as 

G(X)=G(X1,X2,…Xn)=0=
F(X)
R(X)

or F(X) − R(X) (1) 

with F(X) and R (X) being exemplary the loads and resistances respec
tively.

The limit state function defines the boundary between the safety 
domain G(X) > 0 and the failure domain G(X) ≤ 0 for a given structure 
(Lemaire et al., 2009). X are (random) variables representing the un
certainties in action and resistance, which are based on experiences and 
measurements regarding material parameters, or loads (Melchers, 
1999). In the case of this study X = f

(
qt , fs

)
with qt and fs being modelled 

Table 1 
Model parameters for the TBS performed in this study.

Vertical search neighborhood 2.5 m

Horizontal search neighborhood 3000 m
Number of bands 10 000
Number of realizations 10 000
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based on the uncertainty computed using the developed algorithm (s 
Fig. 10).

The probability that a structure fails therefore is 

pf =Φ(− β) = P(G(X) ≤ 0) (2) 

with β being the reliability index and Φ( ⋅) being the cumulative prob
ability density of the standard normal distribution. The reliability of the 
structure is the probability of failure not occurring.

EC 0 provides target reliability indices for different limit states and 
reference periods. For a SLS and a reference period of one year, the 
target reliability is given with βt = 2.9, resulting in a target probability 
of failure not to be exceeded of pf ,t = Φ(− 2.9) = 1.9⋅10− 3 (DIN EN 1990; 
2021). To ensure the same reliability level for a 50 year reference period 
the target probability of failure is pf ,t = Φ(− 1.5) = 6.7⋅10− 2 

(Vrouwenvelder et al., 2024).
Instead of using these fully probabilistic approaches, the Eurocodes 

established a so-called semi-probabilistic design concept, in which the 
uncertainties on loads and resistances are modelled using characteristic 
values in combination with partial safety factors. The characteristic 
value is a deterministic estimate of, e.g. strength or load properties, 
accounting for all uncertainties associated with the derivation of this 
value (variability, sample size, sample quality, experience, etc.). Ac
cording to DIN EN 1990 (2021), the characteristic value is typically 
defined using the 5% fractile as a lower critical bound and the 95% 
fractile for an upper critical bound. This approach can be interpreted as 
deterministic approach, as the uncertainties are implicitly accounted 
for, but the resulting deformation or factor of safety does not explicitly 
provide an answer on how likely the outcome is. On the other hand, 
applying a reliability-based approach, the full probability (function), i.e. 
the uncertainty, in the properties is used explicitly and thus results in the 
computation of the probability density function of the response function 
G(X) from which the reliability can be readily computed.

3.2.2. Geotechnical analysis model

3.2.2.1. Definition of the limit state. The design length of a monopile is 
often determined by a displacement criterion, in order to ensure the 
foundation's stable behavior, even under cyclic loading. This criterium is 
mostly defined with respect to the lateral deflection or rotation of the 
pile head, as the mechanical components of the wind turbine (generator, 
gearbox, etc.) define the allowable tilt of the monopile head (Savidis 
et al., 2018). Different limit state formulations for this evaluation have 
been established in recent years. For the here presented example the 
corresponding limit state function G(X) is chosen as 

G(X) =1.1⋅δ(X, L=60 m) − δ(X, L) (3) 

where δ is the lateral head displacement, L is the pile length (pile tip to 
seabed) and X is the random variable representing the variability of the 
soil property values in the pCPT profile. Hereby, the variability is the 
spatial variability due to the interpolation. The criterium refers to: If the 
head displacement for a specified pile length is more than 1.1 times 
larger than for a theoretically infinite pile, approximated by a calcula
tion for L = 60 m, the limit state function takes a value of G(X) < 0, 
which implies serviceability failure. This criterium has been used in 
several projects especially in the preliminary phase, in order to get an 
estimate of the necessary pile length, which shows stable behavior also 
under cyclic loading. It has turned out that a certain amount of 
conservatism is included in the pile length derived by this criterion, so a 
number of other comparable deformation criteria has been used in 
design, e.g. other percentage values or the ratio between pile head and 
pile tip rotation. The process described hereafter is not affected by the 
criterium itself, so it can be readily applied to account for any other limit 
state.

Nevertheless, additional criteria have to be applied in practice (e.g. 

ULS for pile end bearing in use and during installation).
While the soil properties are taken as probabilistic or deterministic 

dependent on the calculation approach (see the following paragraphs), 
the loads in this analysis are considered as deterministic. Nevertheless, a 
full probabilistic approach can also account for the stochastic nature of 
loads (Zorzi et al., 2020).

3.2.2.2. Calculation principles and design assumptions. The pile defor
mation of a laterally loaded pile can be determined, amongst other 
models, by using a model of an embedded beam, where non-linear 
springs account for the soil-pile interaction, with the spring stiffness 
depending on the soil properties and depth. The springs are modelled as 
so-called p-y-curves based on ISO 19901-4:2025 (formerly “API-S
tandard”) with some adaptations for different effects such as large di
ameters or small strains described e.g. in Arnold et al. (2019, 2022). The 
formulation of the p-y-curves differs for different soil types and is briefly 
discussed in the following part. Due to the non-linear behavior, the pile 
response is computed using the finite-element-program RFEM 6© 
(2022).

The pile is modelled as a 1D-system below the seabed level. Due to 
the lever arm from the turbine to the seabed the lateral load consists of a 
bending moment Mk and a horizontal force Hk (Fig. 6). It is common 
practice to decouple the lateral analysis from the vertical loading mainly 
coming from gravity forces. Loads of Mk = 400 MNm and Hk = 9 MN are 
applied, which are in the range of loads occurring in the German North 
and Baltic Sea (Lesny, 2008). The loads given by Lesny (2008) represent 
quasi-static equivalent loads based on a governing extreme event, which 
are often a decisive case for foundation design. Cyclic load effects have 
to be accounted for in a second design step, which is not part of this 
paper. The monopile is assumed as an open-ended steel pipe (Young's 
modulus E = 2.1⋅105 MN/m2) with an outer diameter of D = 6.5 m and 
a wall thickness of d = 75 mm. Therefore, the bending moment of inertia 
is I = 7.8 m4. The lateral springs are set every a = 0.5 m with depth, 
representing the continuous lateral bedding of the pile. The geotechnical 
analysis model is sketched and summarized in Fig. 6.

3.2.2.3. Derivation of soil parameters and p-y-curves. The construction of 
the p-y-curves after ISO 19901-4:2025 differs for different soil types. It 
distinguishes between non-cohesive material (sand) and cohesive ma
terial (stiff and soft clay). The explicit formulation can be found in ISO 
19901-4:2025.

Generally, the curves depend on the depth z below mudline, the 
effective soil unit weight γʹ, parameters describing the strength of the 
soil and empirical coefficients, which also can be determined based on 
the strength parameters. For non-cohesive soils the governing parameter 
is the effective friction angle φʹ. For cohesive soils the relevant param
eters are the undrained shear strength su as well as the strain corre
sponding to one-half of the maximum principal stress difference ε50 in a 
triaxial compression test, which can be estimated e.g. based on Sullivan 
et al. (1980).

To classify the soil into cohesive and non-cohesive material Rob
ertson's (2009) normalized classification chart was used. Mixed soils 
were classified as cohesive, if the friction ratio Rf = 100⋅fs/qt exceeds a 
value of 2.5 %.

Since mostly sandy soils are present in the study area, the effective 
soil unit weight was set to 9 kN/m3, as recommended by DIN 1055 
(2010) for loose sands, which matches the relative density of the top 
layers. The effective friction angle for the non-cohesive sands was 
calculated after Kulhawy and Mayne (1990) using Equation (4), with qt 

as corrected tip resistance, σv́o as effective overburden pressure and pa as 
atmospheric pressure (100 kPa). This correlation is widely used for 
inferring the strength characteristics for North Sea sand deposits, despite 
the fact that numerous other correlations exist. 
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φʹ=17.6◦ +11◦⋅log10

[(
qt

pa

)

⋅
(

pa

σv́o

)0.5]

(4) 

Kulhawy and Mayne (1990) gave a standard deviation of 2.8◦ for this 
transformation for the regression analysis. This associated trans
formation uncertainty was not included in the analysis. Additional in
formation on the transformation uncertainty in the used transformation 
and others can be found in Ching et al. (2017).

The undrained shear strength for cohesive soils was calculated using 
Equation (5) after Robertson and Cabal (2022), with σvo as total over
burden pressure and Nkt being the cone bearing factor. The factor Nkt is 
usually derived by a comparison of different laboratory tests to measure 
the undrained shear strength. In this study it is set to 20 for this analysis, 
which is representative for the North Sea deposits (e.g. Mayne and 
Peuchen, 2018). su was bounded to 200 kPa as maximum value since this 
is the expected range in the relevant depth for the pile and therefore to 
avoid unconservative values. 

su =
(qt − σv0)

Nkt
(5) 

3.2.2.4. Overview of the calculation approaches. For evaluating the 
pCPTs, the different calculation (design) approaches applied are sum
marized in Table 2, including the data being used and the output being 
generated. The calculation schemes are classified as deterministic or 
reliability-based respectively, as discussed in chapter 3.2.1. For the ease 
of comparison in this study only qt is varied, fs is kept constant in all 
approaches as best estimate of the pCPT and is only used for classifying 
the soil type. Yet, this simplification should be handled carefully. For the 
here presented soil profiles the soil is mainly classified as sand for all 
ranges of qt with no change in the type of the p-y-curve. A deviating 
assignment of the soil type happens only in a depth, where, based on 
Fig. S4, the authors believe that the change is negligible. However, for 
other sites for which more cohesive soil or a lot of different layers are 

present, the uncertainty in assigning the soil unit should be investigated. 
It could be advisable to fix the soil unit depths in a separate analysis to 
avoid switching the model formulation. Also keeping Rf constant could 
lead to a more stable assignment than it is with fs. Nonetheless, the layer 
boundaries are still interpolated and even if the geophysical analysis 
provides guidance some uncertainty is inherent. An additional study 
should be conducted regarding this topic of combining predicted CPT 
and layer boundaries. Given the simplification used here, the calculation 
schemes differ only in their approach of incorporating qt . The processes 
of these calculation schemes are described in Fig. 7. For the determin
istic approaches either the measured CPT values (“MD”) or an evalua
tion of the probability function of the pCPT (“QD”) with its quantile 
values is used to derive the soil parameters for the p-y-curves. An 
exemplary graphical representation is shown in Fig. 8. For different pile 
lengths the lateral pile head displacement is evaluated and an 

Fig. 6. Geotechnical analysis model for the evaluation of the lateral deformation of a monopile. Not to scale.

Table 2 
Deterministic and probabilistic calculation approaches used in this study.

Approach Calculation 
scheme

Used CPT profile for qt Output

MD1 deterministic measured CPT specific 
design 
length

MD2 deterministic Design profile by engineering 
judgement of measured CPT 
(summing up to thicker layers)

specific 
design 
length

QD0 deterministic Mean of all pCTP-realizations specific 
design 
length

QD p deterministic Quantiles of the probability 
distribution of the pCPT: qt,i = μi ±

p⋅σi with p ∈ + / − {2,1.645,1}

specific 
design 
length

P probabilistic every realization i of simulated 
pCPTs

CDF of 
lengths
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approximation curve is constructed. Based on this approximation curve 
the pile length is determined, for which the limit state function (Equa
tion (3)) is fulfilled. While the deterministic calculations generate one 
specific deterministic design length Ldes, the probabilistic approach 
generates a cumulative distribution function (CDF) of the lengths Ld,i, 
where every length presents one of the 10 000 CPT profile realizations 
(scheme see Fig. 3), for which G(X) = 0. For approach P the design pile 
length is determined in 10 cm steps. The design is determined based on 
the CDF as chosen quantile.

4. Results and discussion

4.1. Prediction of qt and fs using geostatistical simulation

Fig. 9 shows the mean mqt or mfs of all 10 000 simulations, which is 
considered as the best estimate for the target parameters qt and fs, 
together with the coefficient of variation CVqt and CVfs of the prediction, 
along the representative seismic line. The application of the space 
deformation technique as described in section 3.1.2 allows for the pre
dicted parameters to follow the seismic reflectors. The prediction shows 
a larger variability in the vertical direction compared to a longer con
tinuity (lower variability) horizontal direction. Minima and maxima in 
the data range match with measured information at known locations. 

Fig. 7. Flow chart of the workflow for the different calculation approaches listed in Table 2.

Fig. 8. Exemplary plot for different deterministic approaches after Table 2 for 
the friction angle. The dashed lines show different factors of the standard de
viation, which only partly match the lines in Fig. 8.
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Apart from the CPT profile, local maxima are computed with pro
nounced features in Zp. More precise variations in the best estimate are 
seen in Fig. 10 and described later.

To have a comparable quality of estimation between the different 
target parameters, the CV is used as a standardized measure of variation, 
making both results directly comparable. In Fig. 9(c and d) the black 
color indicates a low CV and white addresses a high CV. CV is low at and 
close to the CPT locations. Where data gaps from cleaning are present in 
the measured CPT data, higher CV- values are observed. For qt the 
highest CV is encountered in some interbedded layers to the left of the 
profile, close to the CPT cluster to the far right and below the layer 
boundary to unit III. Generally, the CV for qt is lower than for fs, sug
gesting a more confident prediction for qt. For fs, the CV- values are 
highest in unit III, but local maxima are as well encountered in the center 
of the profile between CPT-03 and the CPT-05-08 cluster.

Fig. 10 shows the blindtest predictions for all CPTs in the 2D section 
both qt and fs. Since the measured and predicted CPT-05 to CPT-08 from 
the CPT cluster are very similar, only CPT-05 is shown as a represen
tative profile. Illustrated are the measured CPTs (black curve), together 
with the best estimate (qt: blue, fs: red) and the three times standard 
deviation of the prediction.

Fig. 10 which is most relevant for the lateral pile resistance, the 
prediction falls well within the confidence bounds and can serve readily 
for design purposes. However, a few parts of the measured CPT are not 
matched well by the pCPT. The subsequent discussion of the results will 
focus more in an explanation regarding these outliers, the cause and 
their potential impact on the design.

It can be seen that the qt and fs -estimators approximate the measured 
values largely well despite the large distances between the CPTs. How
ever, there are also local minima and maxima that are not covered by the 
simulation. Generally, a good fit is observed in the upper 15 m except for 
profile CPT-04 where a positive pinch-out in the predicted data and its 
uncertainty is not covering the measured data. It is to notice that the 
general shape of the measured profiles close to the mudline is very 
similar, with limited lateral variations.

CPT-01 shows discrepancies in the prediction of qt between 15 m and 
22 m as well as low fs, between 12 m and 18 m followed by a good fit 
which is rather on the conservative side for a pile design.

Large overestimations are seen in CPT-02 below 15 m corresponding 
to a low resistance layer within the measured CPT. Here, the weak layer 

is not visible in the acoustic impedance response which shows higher 
values. Consequently, this leads to a misestimation in the pCPT. Until a 
depth of 35 m a very good prediction is achieved, despite one under
estimation at around 32 m in qt. Both qt and fs show a poor fit between 
35 m and 41 m, highly underpredicting the measured values.

Both, the predicted CPT-03 and CPT-04, are generally in good 
accordance with the measured data. CPT-04 shows despite a generally 
good fit an overestimation in both qt and especially for fs between 22 m 
and 30 m.

CPT-05 shows a very good fit of qt to 23 m. Between 23 m and 30 m, 
both means of qt and fs are highly overpredicting the measured data, 
while the measured data still stays within the uncertainty band. At a 
depth of about approximately 15 m in both prediction an abrupt in
crease in uncertainty is observed which correlates with the layer 
boundary between unit I and unit II. Generally, both CPTs have very 
similar appearances for the measured and predicted parameters.

In terms of the interpretability of the pCPT profiles, from an engi
neering perspective underestimating the geotechnical parameters for 
the here evaluated limit state (SLS - deformation of the monopile) is 
preferred as it will result in a static substructure design on the safe side, 
while overestimating is not desirable as it results in an overprediction of 
the reliability of the system. However, an underestimation of the soil 
resistance may result in problems during the installation process and 
fatigue damages or buckling induced during pile driving process, which 
has also to be accounted for in the design process. Taking CPT-02 at 
around 16 m as an example, the low measured qt is indicating a softer 
deposit. However, the predicted qt in turn is almost 50 MPa higher than 
the measured one with the lower bound still being more than 30 MPa 
higher than the real qt. Based on the predicted data one would assume a 
much denser material, which might lead to a less robust design. The 
opposite is encountered at e.g. CPT-01 in a depth of around 18 m, where 
the prediction highly underestimates the measured data. Here, a con
servative assumption of the strength of the sediment is made which 
potentially results in a safer design process but in turn might lead to 
higher costs since the length of the pile may be larger than required.

The predicted results show generally a very good fit in the upper 
meters. Here the input data is less variable, which can be seen in all 
measured profiles. In the first meters more consistent marine deposits 
are encountered at the test side as well as in general in the German North 
Sea. This makes prediction of the data more reliable, because of less 

Fig. 9. Prediction of the geotechnical parameters qt (left) and fs (right) along the 2D seismic line. (a-b): Best estimate of the prediction. (c-d): Coefficient of variation 
(CV) of the prediction.
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variability leads to less scatter in the computed pCPT field. In other 
studies it is also seen, that the prediction is more accurate for the upper 
part of the profiles (e.g. Forsberg et al., 2022; Qu, 2023).

Given the large distances in between the CPTs, local minima and 
maxima in the measured CPT profiles cannot always be properly repli
cated by the prediction. Especially, when local anomalies are not seen in 
adjacent profiles (e.g. CPT-04), they most likely will not be predicted 
with certainty by the applied method, which is after all a distance- 
weight-based method considering the CPTs as conditioning data. This 
is not necessarily a problem with geostatistical methods, but in direct 
comparison this can be also observed when machine learning is applied 
to the same type of geotechnical problem (e.g. Sauvin et al., 2019; Sie
mann et al., 2024).

In different profiles, e.g. CPT-01 between 17 m and 22 m or in CPT- 
02 between 15 m and 19 m, it appears that low estimated parameters are 
vertically shifted toward low measured data. This is most likely caused 
by the fact that the CPTs do not directly lie on the seismic line and have a 
distance of up to 170 m to the cross-section, causing features seen in the 
CPT to be vertically shifted due to natural changes in the depth of the 

deposits.
The larger uncertainties in CPT-05 as part of the CPT clusters, 

compared to the other CPT profiles, supports the finding of higher un
certainties with increasing distance to measured data points. Addition
ally, no primary data is available to the right of the cluster location, 
making the prediction less robust. This also explains the generally very 
similar results of the CPT profiles, together with the fact that they are 
very close to each other compared to the rest of the data, which makes 
the outcome less variable.

The observation that the uncertainty increases with depth is caused 
by several factors. With increasing depth, less information for the pre
diction becomes available. While unit I and unit II are fully penetrated 
by all CPTs, unit III only has CPT-03 reaching deeper, being the only 
information available after a certain depth. Additionally, the input data 
itself becomes more variable with depth leading to higher uncertainties 
in the prediction.

In horizontal direction, uncertainty increases with increasing dis
tance from a measured point and therefore less uncertainty is to be ex
pected if the input data is closely spaced. This is a logical consequence of 

Fig. 10. Comparison of the measured CPT profiles (black) and the predicted blind profiles (blue: qt ; green: fs), for each CPT along the 2D seismic line. In the right 
corner a map shows the position of the different CPTs along the seismic line. (For interpretation of the references to color in this figure legend, the reader is referred 
to the Web version of this article.)
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the variogram introducing more variability with distance. Additionally, 
more variability apart from the geotechnical site investigations is 
introduced by more rapid changes in the secondary variable Zp.

As stated in chapter 3.1.3 the variogram fitting procedure includes 
subjective uncertainties, especially given the long distances between the 
different CPT locations. The most sensitive model output is the kriging 
variance of error which reflects the uncertainty of the prediction. 
Therefore, changes in the variogram model will also change the 
magnitude of uncertainty of the prediction which in turn would affect 
the outcome of the monopile design calculations in chapter 4.2. 
Anyhow, testing variogram parameters and their effect on the final 
design outcome was not the main scope of this study. To have a robust 
study on this, a more complete dataset should be used with more CPTs to 
be able to construct a more representative experimental variogram.

It can be concluded, that the application of geostatistical simulation 
works well on the given data set. However, compared to other windfarm 
areas in the pre-investigation phase, rather many of geotechnical site 
investigation is available. Here, this method can obtain advantages in 
contrast to machine learning methods. A direct comparison of different 
prediction methods in Siemann et al. (2024), did not show a superior 
method on the given data set. Nevertheless, for more sparsely distrib
uted data, it is expected that data driven methods may show a more 
robust performance, given that enough training data is available.

The prediction results as shown in Fig. 10 can be used for continuous 
evaluation of the study area, obtaining advantage against discrete 
measured points. This can support area-wide decision making in early 
windfarm development, although care must be always taken regarding 
the uncertainties attached to it. Considerations for improvement of the 
CPT prediction are given in the supplementary material section S1.

4.2. Comparison of the derived design pile lengths

The pile lengths were calculated at the CPT locations given in Fig. 10
to allow for a comparison from the blind tests. The discrepancies in 
vertical direction (compare chapter 4.1) have not been evaluated or 
corrected. For CPT-01 the detailed results of the calculations are 
exemplary summarized in Fig. 11. For the other CPTs these graphs are 
provided in the supplementary material, Figs. S6–S9.

The x-axis in Fig. 11 shows the pile length, while the y-axis shows the 
percentage of realizations for which G(X) ≥ 0 for this particular pile 

length, i.e. for which no failure occurs. The deterministic pile lengths for 
the approaches MD and QD (s Table 2 and Fig. 7) are drawn as vertical 
lines. The focus here lies on the probabilistic approach P, for which the 
CDF is displayed in orange.

The pile length calculated by approach MD1, i.e. using the measured 
CPT, results in the reference length of 25.75 m. In this approach no 
consideration of any reliability evaluation is included. For CPT-01 the 
best estimate (mean, approach QD0) of the pCPT results in an almost 
similar pile length of 25.8 m. From Fig. 10 this may not readily expected, 
since the pCPT matches well the measured tip resistance in the top 15 m, 
but underestimates it from 15 m to 20 m and takes a larger value from 
20 m downwards. However, for assessing the lateral deformation of the 
pile, the top third and the bottom third of the pile length (see Supple
mentary Material Figs. S4–S5) are most influencing the soil-pile inter
action. Thus, the underestimation between 15 and 20 m does not play a 
significant role for this particular case, while the under- and over
estimation in the top and bottom third balance each other. The esti
mations for QD-1, QD-1.645 and QD-2 are on the safe side, i.e. resulting 
in a larger design pile length. The probabilistic evaluation with a target 
probability of failure of 1.9⋅10− 3 (99.8 % quantile) results in a pile 
length of 26.9 m, i.e. on the safe side between − 1.0 and − 1.645 standard 
deviations. Compared to the deterministically chosen design profile this 
leads to a 0.6 m shorter pile and thus a more economic design without 
reducing the safety.

It is evident, that the results for the quantile values of the pCPT- 
prediction used as input for the approaches QD p do not match the 
quantile values of the CDF of the pile length. While for the CDF re
alizations accounting for autocorrelation over depth are used, which 
produce different quantiles of the pCPT-distribution in every depth, the 
quantile approach uses the same quantile value over the total depth. In 
using the probabilistic approach the chances are very small that a 
realization has the same quantile at every depth, whereas the quantile 
approach produces this explicitly.

A summarized comparison of the results of all CPTs for all methods is 
shown in Fig. 12. Instead of presenting the actual pile lengths, the dif
ference in pile length in relation to approach MD1 (using the measured 
CPT) as reference length (red line at Δ = 0 m) is presented. The classi
fication of unsafe (“pile length derived from pCPT is shorter than from 
the measurement”) and safe (“pile length derived from pCPT is longer 
than from the measurement”) is not based on a reliability assessment, 

Fig. 11. Calculation results for CPT-01 showing the results for the calculation schemes to derive monopile length presented in Table 2. Deterministic approaches are 
presented as vertical lines, for the probabilistic approach the CDF is displayed in orange, the design pile length derived as the 99.8 % quantile. (For interpretation of 
the references to color in this figure legend, the reader is referred to the Web version of this article.)
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but is the comparison of the blind test to the measurement. On the x-axis 
the approaches for every considered CPT are grouped. In gray shades the 
approaches QD p are depicted. The best estimate (mean - QD0) addi
tionally is bordered with a black line. The blue bar represents the 
deterministic design profile and the green bar the probabilistic pile 
length.

The following main observations can be summarized: 1) For every 
CPT the approaches MD2, QD-1.645, QD-2 and P are on the safe side. 2) 
For every CPT the approach QD2 is on the unsafe side.

CPT-04 gives the largest difference on the unsafe side for QD0 of 
− 0,4 m, whereas CPT-05 gives it on the safe side with 0.3 m. Comparing 
to Fig. 10 the reason lies in the over-respectively underestimation of the 
top 0 to 15 m. For CPT-04 this even overpowers the influence of the large 
overestimation at the bottom.

It is obvious that neither approach QD0 (mean) nor the approaches 
QD1 or QD2 should be used for any design calculations. Since the 
approach QD-1 provides the same result as the measurement for CPT-03, 
it is also not advisable to use only one standard deviation for a design 
value. A good deterministic estimate in this case seems to be QD-1.645 
with the 5% quantile. As well the probabilistic approach results in a 
design on the safe side, which is in more than half of the cases also less 
conservative than the QD-1.645 results. This allows for the conclusion, 
that the reliability-based design using a stochastic analysis of possible 
CPT realizations at potential WTA locations not investigated in a 
geotechnical campaign is a reliable method to assess pile dimensions for 
a later detailed design and further results here in a more economic 
design. Hence, the here presented approach is very promising, especially 
in the earlier phases of an offshore wind project, where WTG positions 
are not finally decided on yet and relocation of single positions are 
likely.

5. Conclusion

Geotechnical site investigation campaigns for offshore wind farm 
design are expensive and scarcely available in early design phases. Using 
an example from the North Sea a method is presented and validated that 
combines CPT-data and seismic data as guided variable with a geo
statistical co-simulation framework to predict the CPT-tip resistance qt 
and sleeve friction fs at any given location in the field. Despite the large 
distances between the CPT measurement locations, using the leave-one 
out assessment the predicted CPT-profiles are in good agreement with 
the measured data. The application of the predicted CPT-parameters is 

demonstrated by applying different schemes to the design process of 
offshore monopile foundations, demonstrated exemplary for the deri
vation of the design length of the pile under lateral loading. The un
certainty in the CPT-estimates obtained using the prediction methods 
have been successfully applied using both deterministic and reliability- 
based design approaches. Especially the use of individual realizations 
within the reliability-based approach has proven to be promising, since 
the autocorrelation in the CPT measurements was inherently included 
and the design pile length can be explicitly linked to a specific target 
reliability level.

The evaluation of the reliability of the design (safe vs. unsafe) was 
performed by comparing the computed pile length to the one obtained 
using the true measured CPT. While the mean value of the CPT predic
tion as deterministic estimate can produce unsafe designs, it was shown 
that using the design CPT-Parameters from the 5%-quantile value 
(− 1.645⋅standard deviations for a normal distribution) or less, the 
resulting pile length was obtained on the safe side for every investigated 
CPT location. The optimization of the pile length using the reliability- 
based design approach for the given target reliability level resulted in 
a safe estimate of the pile length with respect to the limit state of the 
horizontal pile head displacement. Hereby the provided uncertainty can 
be incorporated directly and excessive overdesign could be avoided.

This study included the effect of variability in the soil parameters 
resulting from the geostatistical interpolation process. Other sources of 
uncertainty (e.g., measurement, transformation and model uncertainty) 
have not been included yet. This would however, also affect the evalu
ation prediction of the CPT profiles. For a definite evaluation of the 
reliability level and a better comparison with a deterministic design 
profile by engineering judgement this will be incorporated in future 
studies. An improvement of the presented calculations is also possible by 
incorporation of laboratory results and defining soil units before eval
uating the pCPTs for every realization. Especially the last point requires 
closer investigation since a change of the soil unit could, in the case of p- 
y-curves, result in a different model formulation, which introduce 
another kind of uncertainty. Also, a handling of the shift of soil layer 
changes in vertical direction due to the projection on the seismic line 
should be further investigated. While in the presented cases this effect 
was proven to be negligible, due to the position and the effect of aver
aging out over depth, the case may be different for the ULS design 
criteria such as end bearing or drivability assessment, as for those limit 
states local minima and maxima at a specific depth (pile tip) are critical. 
This would be also the case for other offshore foundation systems like 

Fig. 12. Difference of pile lengths for the different calculation schemes (see Table 2) in relation to the measured CPT for the different CPT locations, rounded to 10 
cm steps.
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jackets. A separate study should be conducted on this topic.
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