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penetration testing with pore pressure measurement (CPTu). 
CPTu provides continuous depth profiles of several key 
parameters, including cone tip resistance (qt), sleeve friction 
(fs), and pore water pressure (u2). Direct shear wave veloc-
ity (Vs) measurements, such as those obtained through seis-
mic (S)CPTu, are only performed at a small subset of CPTu 
locations. However, in geotechnical engineering design of 
offshore wind foundations, particularly of bottom-fixed 
solutions, Vs is directly related to the soil’s small-strain 
stiffness, which is essential for the analysis of foundation 
response, cyclic loading, and dynamic behaviour (Trafford 
et al. 2022).

The sparse data coverage of Vs reflects the logistical and 
overall financial constraints associated with SCPTu tests 
(e.g. Masters et al. 2024), particularly over large offshore 
windfarm zones where hundreds of potential foundation 
locations need characterizing. As a result, it is common 
practice to estimate Vs indirectly from CPTu data using 
empirical correlations (e.g., L’Heureux and Long 2017; 

Introduction

Overview

The rapid expansion of offshore wind infrastructure and 
other marine-based developments has intensified the 
demand for efficient, scalable, and cost-effective site inves-
tigation techniques (Fischer et al. 2019; Gourvenec 2024). 
Current offshore investigation campaigns typically involve 
a combination of geophysical seismic reflection data and in-
situ geotechnical tests, mainly borehole sampling and cone 
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Abstract
Accurate estimation of shear wave velocity (Vs) is critical for offshore geotechnical design, yet direct measurements remain 
sparse due to cost and logistical constraints. Empirical correlations of Vs from cone penetration test data are derived for 
specific conditions, thus introducing uncertainty when applied more generally. Machine learning (ML) based correla-
tions have become popular, yet to date have prioritised accuracy over interpretability. To address this gap and enhance 
transparency, this study integrates the computationally efficient XGBoost technique with SHapley Additive exPlanations 
(SHAP) to predict Vs and attribute prediction contributions to individual input features. A combined open-source dataset 
of 7485 paired cone penetration test data with pore pressure measurement (CPTu) and Vs measurements was integrated 
and used for training and validation. SHAP analysis on a testing dataset of 1526 samples shows that depth, corrected cone 
resistance (qt), and sleeve friction (fs) are the most influential features, with depth increasing in importance when the Vs 
predicted deviates from the mean Vs in the training dataset. Compared to a widely used empirical correlation, the ML 
approach demonstrated superior accuracy across most cases, while also offering insight into decision-making logic. This 
study highlights the value of interpretable ML in offshore site investigations, with this specific CPTu-Vs interpretable ML 
model particularly relevant to bottom-fixed foundation designs for offshore wind developments, which are governed by 
stiffness criteria, in Vs data-limited projects.
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Wair et al. 2012). While empirical correlations are attractive 
for their simplicity and low cost, they have notable limita-
tions. Most have been developed for onshore sites and are 
calibrated on relatively narrow datasets that do not neces-
sarily capture the diversity of soil types, geological histo-
ries, or stress conditions present in marine environments. 
These correlations often assume a specific soil behaviour 
type or fixed stress state, which restricts their applicabil-
ity and introduces considerable uncertainty in cases that 
deviate from calibration conditions (Chala and Ray 2023a; 
Entezari et al. 2022; Stuyts et al. 2024). Additionally, with 
offshore developments increasingly targeting deeper waters 
and more complex stratigraphy, reliance on generic empiri-
cal correlations is becoming increasingly problematic (Hu 
and Jeng 2025). Advances in data-driven modelling and 
increased access to publicly available offshore soil investi-
gation data have created new opportunities to extract more 
information from CPTu data than empirical correlations 
allow. This has prompted a growing interest in the scientific 
community in applying machine learning (ML) methods to 
enhance prediction accuracy for key soil parameters such 
as Vs, especially when large volumes of in-situ CPTu data 
are available but direct measurements of Vs are scarce or 
incomplete (Entezari et al. 2022; Stuyts and Suryasentana 
2023; Jin et al. 2025; Chala and Ray 2023a).

The role of Vs in geotechnical design

Shear wave velocity is directly related to the soil’s small-
strain stiffness Gmax (Eq.  1), which governs how soils 
respond to cyclic and dynamic loads.

Gmax = ρVs
2� (1)

where ρ is the bulk density of the soil.
This relationship holds under small strain levels (typi-

cally < 0.001%), which are relevant for many serviceability 
limit state conditions in geotechnical and offshore engineer-
ing (Zorzi et al. 2019). These include operational deflec-
tions, dynamic amplification and resonance avoidance. 
These aspects are especially important for infrastructure 
like offshore wind turbines which are affected by millions 
of wave and wind loading cycles over their operational life 
(Damgaard 2011).

Underestimating shear stiffness can lead to overly con-
servative designs and increased material costs, whereas 
overestimating it can result in a structure’s natural frequency 
matching wave or wind loading frequencies, increasing the 
risk of resonance (Abdelghani et al. 2024). Discrepancies 
between designed and observed structural behaviour (e.g., 
natural frequency) in several offshore wind projects have 
been related to inaccurate foundation stiffness assumptions 

(Hucker et al. 2019; Abdelghani et al. 2024). In response, 
geotechnical practice should embrace ML-based approaches 
which are cost and time efficient to estimate Gmax and its 
degradation with strain (e.g. Gourvenec 2024; Charles et al. 
2023).

While direct measurements of Vs through SCPTu or 
downhole geophysics are available, they are costly and 
sparse, and laboratory experiments, such as those using 
bender elements, often underestimate field stiffness by 
30–50% due to sample disturbance and scale effects (Gomez 
and Stuyts 2022). Consequently, engineers often rely on 
empirical correlations between CPTu cone resistance (qt) 
and either Vs or Gmax. However, such correlations can 
exhibit large prediction errors and are sensitive to factors 
including effective stress, void ratio, overconsolidation, and 
soil type, with accuracy tending to break down in layered, 
cemented, or unusual depositional environments (Stuyts et 
al. 2024). Therefore, as offshore developments expand into 
increasingly complex geological settings, particularly in 
the North Sea and Atlantic margins, there is a clear need to 
enhance our estimation of Vs from CPTu data.

Why empirical approaches fall short

Many empirical approaches for estimating Vs from CPTu 
data are based on simplified fixed-form regression models 
that relate Vs to qt, fs, and additional derived CPTu parame-
ters such as the soil behaviour type index (Ic). These models 
are widely adopted in practice due to their simplicity, acces-
sibility, and small data requirements. However, such cor-
relations are typically calibrated on generalised onshore soil 
behaviour assumptions. They often presume homogeneity, 
isotropy, and predictable drainage conditions that are fre-
quently violated in offshore and glaciomarine environments, 
such as the North Sea (Stuyts et al. 2024). Importantly, the 
issue lies not with the input parameters themselves but with 
the static nature of these regression-based models. Such 
models cannot easily adapt to local variations or account 
for more complex interactions between variables. Studies 
have reported that while empirical models may perform rea-
sonably in clean sands (± 30%), errors can exceed ± 100% 
in sensitive clays, silty units, or stratified profiles (Entezari 
et al. 2022). These large errors in sensitive clays and silty 
units may partly result from the partly drained or und-
rained behaviour of these soils, which makes the correlation 
between CPTu data and Vs more complicated and depen-
dent on the CPTu penetration rate.

These challenges have prompted a shift in focus towards 
approaches that can move beyond fixed empirical assump-
tions. ML offers a different modelling framework, one that 
can learn complex, nonlinear relationships directly from 
data without requiring pre-defined equations or site-specific 
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calibration. Rather than assuming a fixed form, ML tech-
niques optimise their structure based on the available data, 
making them well-suited for applications where soil behav-
iour is highly variable (Khawaja et al. 2024). For this rea-
son, ML presents a compelling alternative for improving Vs 
predictions from CPTu data in offshore settings where tradi-
tional empirical correlations are insufficient.

Similar uses of machine learning

A growing number of studies have explored the use of ML 
techniques to predict Vs from cone penetration test data, 
particularly CPTu. A variety of ML techniques have been 
trialled in this context, ranging from ensemble models like 
Random Forest and Gradient Boosting to kernel-based 
methods such as Support Vector Machine, and Artificial 
Neural Network, including deep learning architectures (i.e. 
DNN) (Entezari et al. 2022 and 2024; Chala and Ray 2023a, 
2023b; Marin-Moreno et al. 2024).

However, no single technique has yet emerged as univer-
sally superior (Entezari et al. 2024). Instead, suitability of a 
technique tends to be highly context-dependent and shaped 
by the volume and quality of available training data, the 
geological variability of the sites, and the balance needed 
between predictive performance and model transparency 
(Koldasbayeva et al. 2024). Ensemble-based tree models, 
such as Random Forest and Extreme Gradient Boosting 
(XGBoost), have gained traction for their capabilities in 
capturing complex, nonlinear relationships while maintain-
ing relatively low sensitivity to noise and multicollinearity 
(Chala and Ray 2023a, 2023b). Compared to simple regres-
sion models or more opaque deep learning architectures, 
these ensemble methods strike a trade-off between accuracy 
and interpretability (Zhang et al. 2023).

Interpretability remains a broader challenge across many 
high-performing ML algorithms. For instance, neural net-
works offer exceptional flexibility in modelling nonlinear 
patterns and have shown strong results in studies involving 
diverse soil types (e.g. Marin-Moreno et al. 2024). Yet their 
‘black box’ nature, characterised by dense, abstract internal 
representations, makes them harder to interpret in practice. 
By attributing prediction contributions to individual input 
features, explainable artificial intelligence techniques such 
as SHapley Additive exPlanations (SHAP), enable a trans-
parent interrogation of the model’s internal logic, an impor-
tant asset in geotechnical contexts where model outputs 
may influence design or safety-related decisions (Chala and 
Ray 2025). While these techniques can be applied to DNNs, 
they are often more computationally intensive than tree-
based models like XGBoost or Random Forest (Hamilton 
and Papadopoulous 2023). The XGBoost technique offers 
a good balance between predictive accuracy and ability to 

assess complex feature interactions (Chen et al. 2024) and 
importance, e.g. by quantifying how frequently each feature 
contributes to decision trees splits, and its computationally 
cheaper than Random Forest (Bentejac et al. 2021), which 
allows for quicker training. This makes it particularly suit-
able for computability with robust post hoc interpretability 
frameworks like SHAP.

Despite advances in ML techniques, the quality and pre-
processing of input data remain foundational to their appli-
cation for soil property characterisation. The presence of 
outliers (defined as datapoints that lie outside from most of 
the data space), missing features, training data leakage, or 
resolution mismatches between Vs measurements and CPTu 
data, can significantly degrade model reliability if not prop-
erly addressed. It has been consistently observed that the 
best-performing models are those built on well-curated, rep-
resentative datasets, highlighting the ongoing importance of 
data cleaning, feature engineering, and thoughtful model 
evaluation (Entezari et al. 2022; Chala and Ray 2023a, 
2023b). Furthermore, because Vs behaviour is inherently 
influenced by site-specific factors like sediment age, over-
consolidation, and mineralogy, even the most sophisticated 
ML techniques can require site-specific recalibration before 
being applied to a different geological setting (Entezari et al. 
2022). Even with robust data pre-processing and validation, 
ML techniques are influenced by both aleatoric and epis-
temic uncertainty. In our application, aleatoric uncertainty 
mainly arises from the potential measurement error in CPTu 
and Vs data (caused by factors such as geophone offsets, 
deviations of the wave propagation path from the assumed 
straight trajectory, and the traditional soil isotropy assump-
tion), which cannot be resolved even with larger training 
datasets or more advanced techniques (Thompson et al. 
2021). In contrast, epistemic uncertainty is driven by the 
ML model’s limited exposure to certain conditions such as 
underrepresented soil types and/or Vs ranges. Both types of 
uncertainty reinforce that perfect predictions are not achiev-
able (Smith et al. 2024), and that some level of error and 
uncertainty are to be expected.

Collectively, these avenues emphasise a transition from 
‘black box’ ML modelling toward interpretable, uncertainty-
aware, and generalisable ML systems suited for geotechni-
cal applications (e.g. Phoon et al. 2022).

Motivation and aim of this study

Most published work on ML-based techniques for in-situ 
soil parameter characterisation has focused on accuracy. 
However, to build trust in these techniques and increase their 
adoption in engineering practice interpretability is essential. 
To address this, here we investigate the combined applica-
tion of the XGBoost and Shapely Additive exPlanations 
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here it was decided the amount of training data to be maxi-
mized. After this filtering, the datasets were scanned for 
missing values, and any row with incomplete observations 
was removed. To enable further geotechnical interpretation 
and to support a broader feature selection for the XGBoost 
technique, the normalized CPTu parameters (Qt, Fr, and 
Bq) and soil behaviour type index (Ic; e.g. Robertson 2009) 
were also included (Eqs. 2-5) as input features.

Qt = qt − γ · z
z(γ − γw) � (2)

Fr = fs
qt − γ · z

× 100� (3)

Bq = u2 − γw · z
qt − γ · z � (4)

where z is the depth in meters, γ is the assumed unit weight 
of soil (18 kN/m3), and γw is the unit weight of water (9.8 
kN/m3).

Ic = [(3.47 − logQt)
2 + (logFr + 1.22)2]0.5� (5)

Two additional derived features were included: ratio of 
qt to fs (qt/fs) and the product of Bq and Fr (Bq ∗ Fr). The 
engineered feature Bq ∗ Fr was introduced to enhance the 
model’s ability to capture potential non-linear relationships, 
even though it lacks a direct physical basis, as it combines 
two parameters that are otherwise unconnected in the exist-
ing feature set. The final training and validation dataset con-
sisted of 7485 samples of paired CPTu and Vs parameters 
(Table 1; dataset provided as an online resource in the sup-
porting information). This dataset was randomly split into 
two subsets with 95% of the samples used for model train-
ing and 5% withheld, i.e. not used during model fitting or 
feature selection, as a validation set to evaluate the learning 
process. The random split ensured that the distribution of 
soil types was broadly preserved in both subsets. Relation-
ships between all the parameters in the dataset is presented 
in Fig. 1.

To assess model performance, a separate testing set 
comprising 45 SCPTu profiles from the Dutch sector of the 
North Sea containing 1526 paired Vs and CPTu measure-
ments (RVO 2023) was used (Table 1; dataset provided as 
an online resource in the supporting information). Although 
sourced independently from the processed training dataset, 
some overlapping CPTu sites with the testing dataset were 
identified which may have resulted in some training data 
leakage. As such, while the test data consists of previously 
unseen measurement intervals and unaveraged CPTu inputs 
it does not strictly constitute a completely site-independent 

(SHAP) techniques for CPTu-derived prediction and inter-
pretation of Vs.

Methods

Dataset description and preprocessing

Three seismic CPTu datasets were utilised in this study, 
sourced from separate offshore and onshore field campaigns. 
These included pre-processed, curated offshore CPTu pro-
files with push speeds of 2 cm/s from the Dutch sector of 
the North Sea (Stuyts 2024) and from the German sector of 
the North Sea (BSH 2024), and onshore CPTu profiles from 
Austria and Germany (Oberhollenzer et al. 2021). From all 
three data sources, the curated at source input parameters 
depth, cone penetration resistance (qt), sleeve friction (fs), 
shoulder pore pressure (u2), and shear wave velocity (Vs) 
were extracted. The Stuyts dataset differs from the others in 
that CPTu inputs were pre-processed and averaged over 1 m 
intervals at source to align with the sampling rate of Vs mea-
surements, whereas the other datasets used a point-to-point 
pairing with depth (with a tolerance of ± 4 cm).

The datasets were then filtered to remove any physi-
cally invalid measurements, such as negative qt and fs 
measurements, and potentially unrealistic CPTu measure-
ments at depths less than 1 m. Although ISO22476-1:2022 
(ISO 2022) recommends discarding the upper 5 m of data, 
generally this is a conservative threshold. In practice, data 
from depths below 1–2 m are often considered reliable and 

Table 1  Soil types in the training and validation dataset and in the test-
ing dataset. Note that soil types with Vs above 600 m/s are grouped 
here as “Other” and primarily include non-siliciclastic materials such 
as chalk from the BSH (2024) dataset (see Ramboll, 2021)
Soil type Soil behaviour 

index (Ic)
Frequency Pro-

por-
tion 
(%)

Training and validation dataset
Gravelly to Dense Sand Ic < 1.31 565 7.55
Clean to Silty Sand 1.31 < Ic < 2.05 3600 48.10
Silty Sand to Sandy Silt 2.05 < Ic < 2.60 1537 20.53
Clayey Silt to Silty Clay 2.60 < Ic < 2.95 686 9.16
Silty Clay to Clay 2.95 < Ic < 3.60 919 12.28
Organic Soils—Clay Ic > 3.60 62 0.83
Other Not applicable 116 1.55
Testing dataset
Gravelly to Dense Sand Ic < 1.31 23 1.51
Clean to Silty Sand 1.31 < Ic < 2.05 1062 69.59
Silty Sand to Sandy Silt 2.05 < Ic < 2.60 86 18.74
Clayey Silt to Silty Clay 2.60 < Ic < 2.95 107 7.01
Silty Clay to Clay 2.95 < Ic < 3.60 48 3.15
Organic Soils—Clay Ic > 3.60 0 0.00
Other Not applicable 0 0.00
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measurements every 1 m, a negligible error results from this 
approximation.

Model development and training

Model framework

The predictive framework that was adopted in this project 
(Fig. 2) uses XGBoost, an ensemble learning algorithm that 

evaluation. For each CPTu profile in the testing set, the 
same input features as those used during training were 
included. As with the training dataset, the depths of Vs 
and CPTu measurements in the testing dataset may not 
exactly match up. Therefore, the depth of each measured 
Vs value was matched to the predicted Vs from the closest 
CPTu measurement depth using a nearest-neighbour search 
implemented with a k-dimensional tree algorithm. Since 
CPTu measurements are recorded every 0.02 m and seismic 

Fig. 1  Pairwise scatter plots and density distribution (main diagonal) of input features in the training and evaluation datasets coloured by soil type. 
The inset shows a heat map of frequency and corresponding percentages of data points by soil type and Vs range for the testing dataset
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where yi is the true Vs value for the i-th observation, ŷi is 
the model prediction, and Ω(fk) is a regularisation term that 
penalises the complexity of each tree fk. In this project, the 
loss function l(yi, ŷi) was defined to be the squared error 
between true and predicted Vs value:

l(yi, ŷi) = (yi − ŷi)
2� (7)

  

constructs a sequence of decision trees to perform super-
vised regression (Chen and Guestrin 2016). The training 
objective was to minimise the discrepancy between pre-
dicted and true Vs values, while also regularising model 
complexity to prevent overfitting. Formally, XGBoost aims 
to minimise a regularised objective function:

L =
n∑

i=1
l (yi, ŷi) +

K∑
k=1

Ω(fk)� (6)

Fig. 2  Schematic flow diagram of 
the methodology behind develop-
ing, training and evaluating the 
performance of the XGBoost 
model
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Following hyperparameter optimisation, recursive feature 
elimination with cross-validation (RFECV) was performed 
to assess input dimensionality and remove input features 
that did not contribute to prediction performance. RFECV 
functions by training a model using the tuned hyperparam-
eters, ranks input features based on importance, and then 
removes the least important features before retraining and 
re-evaluating performance. At each iteration, five-fold CV 
was again used to compute an average validation RMSE, 
and the process continued until removing further features 
degraded model performance. The subset of input features 
that yielded the lowest mean RMSE was then selected, and 
this reduced feature set was then used in all subsequent 
training, validation, and testing phases.

Final model training

The final XGBoost model was trained using the optimal 
hyperparameters and the set of input features identified by 
RFECV. As mentioned, model fitting was performed using 
95% of the dataset, with the remaining 5% withheld as a 
validation set. The purpose of this validation set was to 
track generalisation performance during training and sup-
port early stopping, which was applied with a patience of 
20 rounds. Early stopping terminated training once the 
validation RMSE failed to improve over 20 consecutive 
boosting rounds, thereby preventing overfitting and reduc-
ing any unnecessary model complexity. The final optimised 
XGBoost model pipeline is provided as an online resource 
in the supporting information.

The prediction for each observation was computed as the 
sum of outputs from K regression trees:

ŷi =
K∑

k=1

fk (Xi) , fkϵF � (8)

where Xi is the feature vector for the i-th sample and F  
is the space of all possible regression trees. The model is 
trained sequentially, with each tree fk fitted to the residual 
errors of the current ensemble, progressively reducing the 
overall loss. The regularisation term encourages simpler 
trees and helps prevent overfitting.

Pre-training optimisation and feature selection

Prior to final model training, a sequence of optimisation 
and feature selection steps were applied to configure and 
better constrain the model. Hyperparameter optimisation 
was conducted using the Optuna optimisation framework 
(Akiba et al. 2019) with a Tree-structured Parzen Estima-
tor (TPE) sampler, a Bayesian optimization algorithm that 
approximates the distributions of the prior with non-para-
metric densities (Bergstra et al. 2011), used to efficiently 
explore a predefined range of hyperparameters over 100 tri-
als (Fig. 3a). The Optuna objective function minimised the 
root mean squared error (RMSE) between the predicted and 
true Vs values using five-fold cross-validation (CV) on the 
training dataset. In each trial, the training data were parti-
tioned into five folds, with the model trained on four folds 
and validated on the fifth. This process was repeated five 
times and the mean RMSE across all folds was returned to 
Optuna to determine the best hyperparameters.

Fig.  3  a Training and validation RMSE loss curve over boosting 
rounds for the optimised XGBoost model. Validation is based on the 
5% of data withheld in training. The inset shows the Optuna optimisa-

tion history with no significant performance gain after 100 trials. b 
Residual plot for the training dataset
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Soil-type-specific evaluation and empirical equation 
comparison

Prediction performance across different soil types was eval-
uated using the soil behaviour type index (Ic) value to under-
stand whether the model exhibited consistent performance 
across different soil types, or whether certain soil types show 
systematic under- or over- prediction trends and/or larger 
errors. For performance comparison, an empirical correla-
tion applicable to clays, silts and sands was used. This cor-
relation combines Mayne’s (2007) correlation between soil 
unit weight and normalised shear wave velocity (Vs1) with 
Robertson and Cabal (2010) correlation between soil unit 
weight and CPTu data (Eqs. 13-17):

γ = 4.17ln (Vs1) − 4.03� (13)

γ

γw
= 0.27log10 (Rf) + 0.36log10

(
qt

Pa

)
+ 1.236� (14)

where γ is the soil unit weight and γw is the unit weight of 
water (9.8 kN/m3); Rf is the friction ratio (%), defined as 
Rf = 100 · fs

qt
; Pa is the atmospheric pressure (0.1 MPa); 

and Vs1 is defined as

Vs1 = Vs

(
Pa

σ′
v

)0.25
� (15)

where σ′
v is vertical effective stress under hydrostatic condi-

tions and is defined as

σ′
v = z (γ − γw)� (16)

where z is depth. By combining Eqs. 13-16, the following 
relation between Vs and CPTu data is obtained:

Vs =
exp

(
γ+4.03

4.17
)

(
Pa

z(γ−γw)

)0.25 � (17)

SHAP analysis

Interpretability of ML predictions is, arguably, as impor-
tant as accuracy and uncertainty quantification. To attribute 
predictions to specific input features and to interpret the 
trained XGBoost model, the SHapley Additive exPlanations 
(SHAP) technique was employed. SHAP is a model-agnos-
tic interpretability framework grounded in cooperative game 
theory, which assigns each feature a Shapley value repre-
senting its contribution to a given model output (Lundberg 
and Lee 2017). The core concept is to treat each prediction 

Evaluation metrics

The evaluation focused on both global performance and on 
the analysis of model behaviour across Vs ranges and soil 
types. Model accuracy was assessed using three standard 
statistical metrics, RMSE, mean absolute error (MAE), and 
the coefficient of determination (R2) (Eqs. 9-11):

MAE = 1
n

n∑
i=1

|yi − ŷi|� (9)

R2 = 1 −
∑n

i=1(yi − ŷi)
2

∑n
i=1(yi − y)2 � (10)

RMSE =

√√√√ 1
n

n∑
i=1

(yi − ŷi)
2� (11)

where y is the mean of all true Vs values. RMSE places 
greater weight on larger errors, while MAE provides a more 
balanced view of the average prediction errors and is less 
sensitive to outliers. The R2 score indicates the proportion 
of total variance in the target variable that is explained by 
the model’s predictions.    

To account for an imbalance in true Vs values across the 
testing dataset related to an overrepresentation of mid-range 
values (200–400 m/s) in the training dataset (inset in Fig. 1), 
the weighted R2 was also computed. This was achieved by 
grouping the true Vs values into 50  m/s magnitude bins 
between 0 and 550 m/s and calculating a weighted average 
of R2 across each bin. This weighted R2 value depends on 
bin size and was calculated by:

R2
weighted =

m∑
j=1

wjR2
j � (12)

where wj = nj
n  is the fraction of test samples in bin j, nj is 

the number of samples in that bin, n is the total number of 
samples, and m is the total number of bins. The weighted R2 
value introduces data density information into the overall R2 
estimate, providing a more balanced assessment of model 
generalisation across the full Vs range. However, it is noted 
that increased data density within a bin does not necessarily 
indicate greater accuracy within that bin.

Prediction errors were defined as the difference between 
the measured and predicted Vs values (ϵi = yi − ŷi) such 
that positive values indicate underprediction and negative 
values overprediction.
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Results and discussion

Model optimisation and training performance

The predictive performance of the XGBoost model was 
first optimised using the Optuna framework with a Tree-
structured Parzen Estimator (TPE) sampler over 100 tri-
als (Fig. 3a). Rapid convergence was achieved within the 
first 10 trials with a value of around 73 m/s. The relatively 
quick convergence and flatlined performance gain in later 
hyperparameter configurations demonstrates the efficiency 
of the TPE approach in navigating the hyperparameter 
space. It also supports that an increased number of trial runs 
would unlikely improve model performance. The selected 
hyperparameters chosen by Optuna from the best trial, and 
consequently used on all the following model training and 
evaluation tasks, are summarised in Table 2. Notably, the 
model adopted a relatively small learning rate (0.0102) and 
high regularisation (reg_lambda = 5.04, reg_alpha = 0.92; 
Table 2), indicating a conservative training regime to reduce 
overfitting.

To further safeguard against overfitting, early stopping 
was employed using the 5% validation set from the training 
data. The learning curves across boosting rounds for both 
the training and validation sets display steady declines, with 
validation loss plateauing after ~ 650 rounds, at which point 
training was terminated (Fig.  3a). The small divergence 
between training and validation curves indicates the mod-
el's satisfactory generalisation capability on unseen data, as 
increased divergence can be indicative of excessive overfit-
ting. Figure 3b shows that the prediction errors (i.e. residu-
als) are mostly scattered around the horizonal—zero error 
line but with a slight funnel shape between 100 and 400 m/s, 
indicating increasing prediction error at higher values or a 
small degree of heteroscedasticity.

Despite the iterative feature removal process, RFECV 
retained all 10 input features in the final model configura-
tion (depth, fs, qt, u2, Qt, Fr, Bq, Ic, qt/fs, and Bq ∗ Fr). This 
indicates that each feature improved prediction performance 
during training.

Model testing performance

Figure  4 presents the global predictive performance of 
the trained model in the testing dataset. Figure  4a shows 
48.2% of all Vs predictions within ± 10% of the true value 
and 79.4% within ± 20%. An increase in scatter and under-
prediction is evident at Vs magnitudes above ~ 350 m/s (as 
also shown in the residual plot presented in the supporting 
information Figure S1f). This discrepancy aligns with the 
training data distribution, where only 15% of samples have 
Vs > 350 m/s, limiting generalisation in the upper Vs range, 

as a cooperative game, where features act as players con-
tributing to the final outcome. The SHAP value for a feature 
represents its average marginal contribution to the model 
prediction across all possible subsets of features. In prac-
tice, exact computation of SHAP values is computation-
ally very expensive for models with many input features. 
However, for decision tree-based models such as XGBoost, 
the TreeExplainer algorithm provides an efficient and exact 
method of computing SHAP values by leveraging the inter-
nal structure of the tree ensemble (Lundberg et al. 2020).

Each prediction ŷi can then be decomposed into the sum 
of a model baseline and the total contribution from each 
individual SHAP value for each feature:

ŷi = ϕ0 +
M∑

j=1
ϕj� (18)

where ϕ0 is the expected model output over the training 
data (i.e. the baseline or global mean value) and ϕj is the 
SHAP value of feature j for a specific prediction. This addi-
tive property enables SHAP to provide insights at both 
global and local levels.

Globally, SHAP values can be aggregated across all 
samples to assess the average magnitude of each feature’s 
contribution, revealing which input features most strongly 
influence predictions overall, i.e. their importance. Locally, 
SHAP values explain individual predictions by showing 
how each feature increases or decreases the predicted Vs 
value relative to the baseline. This interpretability frame-
work enables both diagnostic insight into model behaviour 
and a deeper understanding of the relative influence of 
CPTu inputs on predicted Vs. However, such influence is 
not necessarily causal in reality.

Table 2  Optimised hyperparameter values of the XGBoost model (see 
supporting information, Table S1  for a more detailed description of 
these parameters)
Hyperparameters Search 

span
Opti-
mised 
values

Number of trees (n_estimators) 200–
1200

826

Maximum depth of trees 2–6 6
Learning rate 0.01–0.1 0.010
Subsampling ratio 0.6–0.9 0.610
Column subsampling ratio per tree 
(colsample_bytree)

0.5–1 0.531

Column subsampling ratio per level 
(colsample_bylevel)

0.5–1 0.934

L1 Regularisation term on weights (reg_alpha) 0.1–1.5 0.922
L2 Regularisation term on weights (reg_lambda) 1–8 5.035
Minimum loss reduction required to make a 
further split (gamma)

0.1–2 1.955

Minimum child weight 2–10 2
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distribution in true Vs magnitudes using a weighted R2 
(Eq. 12), the performance improved to 0.68. The MAE and 
R2 values for all the CPTu profiles in the testing dataset are 
presented in the supporting information Figures S2 and S3.

Figure 5 shows a summary of model performance. Addi-
tional results comparing the data density distribution for Vs 
in the training, testing and predicted datasets is provided in 
the supporting information (Figure S4). The error distribu-
tion evaluated via both the Cumulative Distribution Func-
tion (CDF) and histogram (Fig. 5a and b) approximates a 
normal distribution with both mild skewness (0.46) and 
kurtosis (0.92), indicating low asymmetry and no signifi-
cant long tail and peakedness. The median error of 9.8 m/s 
indicates a small underestimation, i.e. small systematic 
bias, while the histogram-fitted mean error is + 13.9  m/s, 

which represents ~ 20% of the testing data. Figure 4b shows 
that the prediction errors in the testing dataset are randomly 
scattered around the horizonal—zero error line, there is no 
clear structure in the shape of the errors, and the error is 
mostly uniformly distributed across the prediction range (no 
funnel shape). These observations indicate that the model 
can capture the underlaying CPTu-Vs relation and general-
izes reasonably well. For completeness, the collection of 
residual plots for the training, validation and testing datasets 
is presented in the supporting information Figure S1.

The trained XGBoost model demonstrated reasonable 
predictive capability with a MAE of 38.7 m/s and RMSE of 
51.0 m/s when evaluated against the testing dataset of 1526 
instances. The overall R2 was 0.44, reflecting a moderate 
explanatory power. However, when accounting for uneven 

Fig. 4  Global predictive accuracy 
during testing. In (a) the error 
bands of ± 10% and ± 20% cover 
48.2% and 79.4% of predictions, 
respectively, and are obtained by 
adding ± 10% and ± 20% to the 
horizontal axes (prediction axes) 
values of the 1:1 line
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mean = –21.1 m/s in ‘silty clay to clay’) indicate a tendency 
to overpredict Vs in cohesive soils. In contrast, coarse soils 
such as ‘clean to silty sand’ exhibit positive errors (mean = 
+ 16.9 m/s), while ‘gravelly to dense sand’ and ‘silty sand to 
sandy silt’ show near-zero median errors (Fig. 7), suggest-
ing more balanced predictions. Skewed error distributions 
in certain soil classes likely reflect both data imbalance and 
presence of outliers.

Differences in soil-specific behaviour are further illus-
trated in the stacked cumulative distribution of absolute 
relative errors shown in Fig. 8. The model performs best in 
coarser, sandier soils where 90% of predictions fall within 
25–28% relative error for ‘clean to silty sand’ and ‘silty 
sand and sandy silt’, which collectively comprise over 85% 
of the testing data. In contrast, the 90th percentile error in 
‘silty clay to clay’ is substantially higher at 43%, indicating 
poorer generalisation in fine-grained soils.

Model performance is influenced by both Vs magnitude 
and soil type, driven in part by physical variability in CPTu to 
Vs relationships and imbalanced training data. Fine-grained 

with a ± 1σ range of − 35.2 to + 63.0  m/s. CDF percentiles 
(15.9% and 84.1%) span from − 32.5  m/s to + 59.0  m/s, 
broadly consistent with the ± 1σ range. This near-normal 
error distribution indicates a statistically predictable pattern 
of deviations, an important consideration for geotechnical 
applications. The model exhibits a tendency to overestimate 
Vs values below 200 m/s, remains approximately unbiased 
between 200 and 300 m/s, and increasingly underpredicts at 
Vs > 300 m/s (Fig. 5c). Mean absolute relative error analysis 
shows that 25% of predictions have an error of 5%, and 95% 
fall within a 30% error (Fig. 5d).

Soil-specific variations are detailed in Figs.  6 and 7. 
Model error increases with Vs magnitude across all soil 
types (Fig. 6). For example, in ‘clean to silty sand’, MAE 
increases from 22.4 m/s (50–150 m/s) to 145.5 m/s (450–
550  m/s), while in ‘silty sand to sandy silt’, the MAE 
increases from 17.8 m/s to 131.5 m/s over the same range. 
Higher errors are observed in fine-grained soils, such as 
‘silty clay to clay’ and ‘clayey silt to silty clay’, where sam-
ple sizes are small (Fig. 6). The largest negative errors (e.g., 

Fig.  5  Summary of global performance for the testing dataset. a 
Cumulative probability distribution of prediction errors. b Histogram 
of prediction errors with fitted normal distribution curve. c Prediction 

errors across the measured Vs range. d Frequency of absolute relative 
errors in 5% bins. In the legend, σ is standard deviation
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The model appears to capture these patterns effectively in 
well-represented soil types.

Another important source of uncertainty arises near soil 
classification thresholds. When the soil behaviour tracks a 
soil type boundary such as that between ‘silty sand to sandy 
silt’ and ‘clayey silt to silty clay’, classification ambiguity 
degrades performance. This uncertainty is not due to data 
limitations, but rather to the inherent fuzziness in soil type 
transitions (Robertson 2010), introducing epistemic uncer-
tainty. Addressing this may require additional soil type spe-
cific features (e.g. Schorpp et al. 2024).

soils exhibit higher MAEs and a greater proportion of out-
liers, likely due to their complex microstructures, higher 
compressibility, and variable drainage conditions during 
testing (Karlsrud et al. 2005). These conditions complicate 
the relationship between CPTu inputs and Vs, particularly in 
partially drained scenarios where the pore pressure response 
may not reliably reflect stiffness. In contrast, coarse-grained 
soils, characterised by better drainage and stronger corre-
lations between cone resistance and stiffness, yield lower 
errors and more predictable responses (Robertson 2009). 

Fig. 7  Median and mean error per 
soil type. The discrepancy between 
mean and median error for ‘clean 
to silty sand’ and ‘silty sand to 
sandy silt’ shows that there are sig-
nificant outlier predictions in these 
soils. Except for ‘silty clay to clay’, 
all other soils are underpredicted 
on average, supporting the model’s 
overall prediction error of 9.8 m/s

 

Fig. 6  MAE per soil type across 
100 m/s measured ranges for the 
testing dataset of 1556 samples. 
The frequency of measured Vs 
values in each range is shown in 
brackets
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Model performance against an empirical correlation

Benchmarking the XGBoost model performance against 
Robertson and Cabal (2010) empirical correlation provides 
insights into the added value of the proposed ML approach 
(Fig.  9). Across all 1526 test samples, the Robertson and 
Cabal (2010) based correlation showed an R2 of − 2.4, indi-
cating a performance worse than calculating the mean of the 
Vs for the entire testing set. This empirical correlation out-
performed the XGBoost model in only 20.4% of cases on 
average, with only 17.8% of total predictions within ± 10% 
of measured values and 34% within ± 20% (the XGBoost 
model provides 48.2% and 79.4% coverage, respectively). 
Hence, the proposed XGBoost model shows superior per-
formance overall, but the performance of both approaches 
varies across the Vs spectrum (Fig. 9). The percentage of 
instances where the empirical correlation outperforms the 
ML model increases consistently at higher Vs magnitudes. 
This behaviour once again reflects the model’s lower per-
formance and ability to generalise at Vs ranges with limited 
training data. Ultimately, this may support a more nuanced 
interpretation that empirical correlations and ML models are 
not mutually exclusive but complementary. The ML model 
offers higher fidelity in well-characterised regimes, while 

The model demonstrates high fidelity in predicting Vs 
for most of the dataset, particularly in the mid-range (250–
350 m/s), where both data density is large and soil response 
is more consistent. This is in line with previous studies also 
using XGBoost and a larger non-open source dataset com-
prising > 200,000 datapoints (Entezari et al. 2022, 2024). 
The near-normal, symmetrical distribution of errors with 
low bias is encouraging for engineering applications, where 
understanding the range and distribution of potential error is 
often as important as minimising it (Kotulski and Szczepin-
ski 2009). The reduced performance at lower (< 150  m/s) 
and higher (> 400 m/s) Vs values highlights the importance 
of a balanced dataset. Improving prediction in these regions 
may require targeted data augmentation and more tailored 
feature engineering.

Overall, these findings emphasize that the XGboost 
model presented can learn generalisable relationships 
between CPTu parameters and Vs when sufficient represen-
tative training data are available. Still, care must be taken 
in extending predictions to underrepresented soil types or 
Vs ranges. Future work should focus on enhancing training 
coverage and incorporating adaptive modelling strategies 
for soils with more complex behaviours.

Fig. 8  Stacked cumulative distribution of absolute relative errors by 
soil type. Each curve represents an individual soil type, with the verti-
cal dashed lines marking the 90th percentile relative error and stack 

heights indicating the proportion of the testing dataset associated with 
each soil type
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highlights that under specific conditions, certain inputs can 
exert disproportionately large effects, potentially contribut-
ing to mispredictions in those cases.

Figure 11 shows an example of how SHAP operates at 
the individual point prediction level for the lowest, median, 
and highest Vs predictions. Each plot decomposes the indi-
vidual prediction into additive contributions from each 
input feature, showing how they interact to shift the out-
put from the model’s mean prediction of Vs during train-
ing (284.9 m/s) towards the final prediction. Depth is the 
most important feature for the highest (451.8 m/s) and low-
est (81.6 m/s) Vs prediction examples and all features con-
tribute with increases (except for u2) and decreases (except 
Bq*Fr and Fr), respectively. In contrast, the median predic-
tion (300.2 m/s) example does not show depth as the most 
important feature and instead shows a more balanced pro-
file with fs and qt providing positive contributions and the 
remaining features negative contributions mostly. The over-
all result is a slight increase from the model mean, with no 
single feature substantially dominating the outcome.

These breakdowns highlight that the magnitude of SHAP 
contributions can vary considerably between samples and 
helps identify when the model may rely too heavily on a 
single variable such as depth, i.e. when the difference in Vs 
between the point sample and the mean in the training data-
set is significant, potentially at the expense of mechanical 
parameters (i.e. qt, fs, u2).

SHAP analysis in this study consistently revealed that 
depth, fs, and qt dominate model predictions, in line with 
physical understanding of CPTu behaviour and findings 

general empirical correlations are most useful in underrep-
resented zones. Combining both approaches, or exploring 
hybrid methods, could offer a more robust solution for prac-
tical site investigations with varying data quantity, richness 
and quality (Gao 2024).

Interpretability through SHAP Explanations

Calculated SHAP values provide a unified framework for 
attributing prediction contributions and behaviours to each 
input feature, as shown in Fig. 10. The top three contributors 
for the testing dataset are depth, fs, and qt (Fig. 10a), which 
is consistent with established geotechnical understanding 
and reinforces the physical relevance of these parameters in 
controlling Vs behaviour. Input features impact predictions 
differently depending on their magnitude. For example, high 
depth, fs and qt generally result in large positive Vs contri-
butions with respect to the baseline or global model mean 
value (i.e. high positive SHAP values), while low to medium 
u2 tends to provide negative Vs contributions with respect 
to the baseline (i.e. negative SHAP values) (Fig. 10b). The 
variability and skew in SHAP value distributions (Fig. 10c) 
indicates that the model consistently draws on depth, fs, and 
qt input features to drive predictions, but their influence 
varies considerably depending on sample. Features like u2, 
Fr, qt/fs have more compact distributions, suggesting they 
exert less consistent and/or weaker influence overall. The 
presence of a few outliers in some features, especially for 
high values of u2 providing positive SHAP values (note that 
most u2-related SHAP values are negative; Fig. 10b and c), 

Fig. 9  Relation between testing data grouped in 50 m/s bins and percentage of instances where the Robertson and Cabal (2010) empirical correla-
tion outperforms the XGBoost model
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methods and suggests that interpretable ML has a valuable 
role to play in geotechnical parameters prediction.

Conclusions

In this study we developed and assessed an interpretable 
ML framework based on the XGBoost technique, integrated 
with SHAP, to predict Vs from CPTu data. This approach 
enables not only accurate prediction but also transparency 
in the model’s internal decision-making logic. SHAP-based 
interpretability analysis confirms quantitatively that the 
most influential features driving predictions are the directly 
measured mechanical parameters qt and fs, as well as depth. 
Notably, the influence of depth increases as predicted Vs 
values deviate from the mean Vs of the training dataset.

from another study which also used SHAP (Chala and Ray 
2025). This confirms that the model was not driven by spu-
rious patterns but was learning from mechanically mean-
ingful inputs. This analysis also revealed a complicated 
and heterogeneous feature contribution behaviour. While 
certain features are generally important (e.g. depth, qt, fs), 
their actual impact varied substantially between samples 
especially in transitional mixed soils and on soils with Vs 
velocities that deviate substantially from the mean Vs value 
of the training dataset.

Overall, the transparency provided by SHAP on how 
input features control the final Vs prediction allows for a 
closer physics-based interpretation of the results and for 
diagnosing when and why relationships between CPTu 
parameters and Vs may work or break down. This level of 
transparency is rarely achievable with traditional empirical 

Fig. 10  a Mean absolute SHAP value of each input feature and its aver-
age effect on predictions. b SHAP summary plot showing how each 
input feature contributes to the final prediction. Features are ordered 
by importance in the final prediction determined by their mean SHAP 
absolute value. The horizontal spread within each feature indicates the 
variability in contribution for different samples, the vertical spread is 
to avoid overlapping points and so indicates density of data points, 

while the colour gradient distinguishes the magnitude of each feature. 
For example, low depth values result in lower Vs predictions. c Log-
transformed box plot of SHAP values for each feature in the interquar-
tile range, i.e. from the 25th to 75th percentile. Within each blue box, 
the green horizontal lines indicate the median of the log-transformed 
SHAP values and the whiskers the range from 5 to 95th percentiles
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The model demonstrates satisfactory predictive perfor-
mance, achieving a MAE of 39 m/s, a weighted R2 of 0.68 
and with 79.4% of predictions falling within ± 20% of true 
Vs values. When benchmarked against a widely used empir-
ical correlation, the model exhibits superior performance, 
particularly within the 250–350 m/s Vs range and in ‘clean 
to silty sands’. Prediction errors from the ML approach 
increase at high Vs magnitudes, in fine-grained soils, and 
in soils with mechanical properties in between soil types; 
and correspond to features poorly represented in the train-
ing data set.

The effectiveness and generalisability of ML-based tech-
niques for CPTu-based Vs prediction are contingent upon 
the availability of diverse and balanced datasets across soil 
types and Vs ranges, as well as an improved understanding, 
and ideally quantification, of epistemic uncertainty associ-
ated with sparsely sampled regimes. Ultimately, this study 
underscores that interpretable ML is not merely a ‘black 
box’ alternative, but a potentially powerful, transparent 
tool, capable of supporting offshore geotechnical site inves-
tigation and risk assessment. As the availability of publicly 
accessible geotechnical datasets increases and industry 
standards continue to evolve, approaches that combine both 
high predictive accuracy with model interpretability could 
become central to offshore infrastructure development.

Supplementary Information  The online version contains 
supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​0​7​​/​s​1​​1​0​0​1​-​0​

Fig. 11  SHAP waterfall plots for the maximum, median and minimum 
Vs point prediction (indicated by f(x)). Each input feature provides 
its own contribution (in m/s) to either increase or decrease the pre-
diction away from the baseline (i.e. global mean value E [f(x)] = 

284.936  m/s). The y-axis is ordered in terms of feature importance 
and shows the exact value for each input feature that produced the 
prediction
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