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ABSTRACT: Shear wave velocity (V) is a vital parameter for assessing subsurface conditions, soil stiffness, and seismic
site response. Despite the comparably rapid testing technique and data recording, an accurate estimation of Vj is challenging
due to the complexity and time-consuming nature for determining the arrival time of the shear wave in field and laboratory
testing. Field measurements of V, capture the soil's intact condition through seismic testing, whereas laboratory measure-
ments are often less representative due to sample disturbances, especially in sensitive soft clays. Traditional empirical cor-
relations between cone penetration tests with pore pressure measurement (CPTu) data and V often show variability due to
site-specific conditions and soil heterogeneity. This study investigates the potential of machine learning (ML) models to
enhance the accuracy of predicted values of V from CPTu data, providing a robust alternative to commonly accepted cor-
relations. A comprehensive dataset was compiled from a sensitive soft clay deposit, including CPTu measurements as input
data and corresponding V from cross-hole seismic testing (CH). ML algorithms, specifically Random Forests (RFs) and
Multivariate Linear Regression (MVLR), were used to train predictive models from this dataset. The predictive capabilities
of the ML models were rigorously compared with established empirical CPTu-V; correlations. This study examines the
interdependency of input parameters and selects the most relevant ones using performance metrics. Preliminary results show
that ML models significantly outperform traditional CPTu-V; correlations, exhibiting lower prediction errors and higher
consistency across diverse datasets. The presented ML models and their accuracy can be particularly applied for challenging
conditions such as offshore environments where in addition to the time-consuming work to detect V, expensive operations
and technical limitations are to be considered. In conclusion, this study demonstrates the potential of ML to provide highly
adaptable and precise method for predicting Vs from CPTu data, addressing the limitations of conventional approaches.

Keywords: Machine learning (ML); predictive model; cone penetration test (CPT); shear wave velocity (V); sensitive soft
lacustrine clay.

1 INTRODUCTION V, can be measured using various methods in both
laboratory and field environments. Reliable labora-
tory measurements require minimally disturbed soil
samples obtained through high-quality sampling and
specialized setups, such as Resonant Column (RC)
devices, Oedometers, or Triaxial apparatus with Pi-
ezo Electric Ring Actuators (P-RAT) and Bender El-
ements (BE) for V, assessment. However, these
methods are often costly, requiring drilling for sam-
pling and only providing data on a limited number of
samples. Sampling disturbances can lead to differ-
ences in V, compared to in-situ conditions, poten-

Shear wave velocity (V;) is a major parameter used
in geotechnical and offshore engineering, providing
key insights into the dynamic and elastic properties
of geomaterials. It plays a vital role in evaluating the
stiffness of the ground, which is essential for various
geotechnical design and analysis tasks. V is directly
proportional to the small-strain shear modulus (Go) -
a parameter characterizing the stiffness of soil sub-
jected to very small deformations. The relationship is
expressed as Gy = pV,?, where p represents the soil's
bulk density.
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tially misrepresenting site variability in soil stratigra-
phy. In contrast, in-situ measurements are generally
preferred as they preserve natural soil conditions, re-
ducing errors from sampling-related stress release
and distortions. Techniques like S-wave Refraction
Survey, Multichannel Analysis of Surface Waves
(MASW), Down-Hole (DH) testing, and Cross-Hole
(CH) testing are widely used to measure V; directly
in the field. Each method provides different accuracy,
spatial resolution, and applicability depending on
project requirements.

The Seismic Cone Penetration Test with pore wa-
ter pressure measurement (SCPTu) provides a com-
prehensive profile of the subsurface by a single test,
combining the strengths of both cone penetration
testing (CPT) and seismic testing. The SCPTu pro-
vides continuous information on soil stratigraphy,
stiffness, strength, and dynamic properties through
the application of well-established correlations, such
as those by Robertson (1990), by means of V,.Over
the past few decades, various empirical methods have
been developed to estimate V based on data obtained
from CPT tests (Long and Donohue, 2010); Robert-
son (2009)).

Machine Learning (ML) has been widely applied
in numerous scientific and engineering fields, with
growing use in geotechnical engineering. Numerous
ML algorithms have been implemented for use in di-
verse geotechnical applications, including soil classi-
fication (Godoy et al., 2020), liquefaction analysis
(Demir and Sahin, 2023), and V, prediction (Chala
and Ray, 2023). The integration of ML techniques in
geotechnical engineering has yielded promising re-
sults, demonstrating improvements in both efficiency
and accuracy. For instance, Entezari et al. (2022) de-
veloped ML models to predict Vi from SCPTu data
in both cemented and uncemented soils, incorporat-
ing the influence of geospatial information. Addition-
ally, Chala and Ray (2023) assessed the effectiveness
of various ML algorithms for classifying soils ac-
cording to the soil behavior types as suggested by
Robertson (1990).

This study aims to predict V, based on CH testing
and compare it with recent studies using V, measure-
ments from SCPTu. V; values from CH testing are
generally considered more accurate than those from
seismic SCPTu, where wave disturbances can occur
as the wave travels through various soil layers.
SCPTu uses two accelerometers within the rod,
spaced apart, to help mitigate this effect, but near-
field effects, influenced by cone penetration, still
have a notable impact. Thus, CH testing is often pre-
ferred for projects that require highly precise V;

measurements, such as critical infrastructure design
or detailed seismic site analyses. For this purpose, the
dataset for model development in this study includes
V, (CH) as the output and CPTu data as input. The
data was retrieved by measurements in the region of
the city of Rosenheim, located in southern Germany,
where a soft sensitive lacustrine deposit forms a layer
of up to 300 m in depth. The secondary aim of this
study is to enhance the prediction of V, by comparing
two machine learning (ML) algorithms: Random For-
ests (RFs) (Breiman 2001) and Multivariate Linear
Regression (MVLR) (Duggan 1977). The results of
these ML models are then compared to the empirical
equations proposed by Piratheepan (2002). The per-
formance of both ML and empirical models was as-
sessed using various performance metrics. Addition-
ally, the study examined the impact of utilizing all
raw data from CPTu versus using specific parameters
such as depth (z), cone tip resistance (qc), and sleeve
friction (f;) as input data to evaluate the accuracy of
ML models in comparison to empirical models.

2 DATASET ACQUISITION

To investigate a data-driven approach for estimating
V, from CPTu data, we used a dataset of Vs and CPTu
measurements from sensitive lacustrine clay near
Rosenheim, Southern Germany. CPTu data were
collected from a 150 x 40 m site and included two
soundings with 2000 recordings each (1 cm
intervals), conducted to a depth of 20 m. The focus
was on using all raw data from the CPTu soundings
for predictive modelling, which included qc, f;, pore
pressure (u»), inclination (I), sounding speed (cm/s)
and the friction ratio (Ry = (f/qc) x 100). Figure 1(a—
f) presents graphs plotting all these measured quanti-
ties.

Unlike recent studies that used DH testing from
SCPTu to pair V-CPTu data points in ML models,
this study employs CH testing per ASTM
D4428/D4428M-07 to capture V; depth profiles. The
maximum distance between CH and CPTu test sites
is 12 m. In CH testing, the S-wave source and
receiver are positioned at the same depth, with
seismic excitation repeated at various depths. Data
are averaged using acquisition software to enhance
the signal-to-noise ratio. Testing was conducted at 1
m depth intervals in a 3-inch ABS plastic tube with a
4 m distance. The measuredVs results shown in
Figure 1(g). Horizontally polarized S-waves were
generated, and receiver-probe distances were depth-
related using inclinometer data..
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Figure 1 — Plotted profiles of measurements as a-f) input data from CPTu tests and g) output data from Cross-Hole test in

Rosenheim region, south of Germany.

3 PREDICTION: METHODS & RESULTS

The primary objective of this study is to evaluate the
effectiveness of predictive methods to derive V from
CPTu tests (1D-Models), focusing on the performance
of well-established empirical equations versus ad-
vanced ML algorithms.

3.1 Empirical Correlation Method

Previous studies have explored the relationships
between SCPTu data including V (DH). In this study,
empirical equations for clays proposed by Hegazy and
Mayne (1995); Long and Donohue (2010); Robertson
(2009) were applied on the dataset. However, these
equations yielded coefficients of determination (R?) of
less than 0.5, indicating poor suitability for the specific
conditions investigated. The results of this evaluation
are not included in this publication. To focus on utiliz-
ing the raw data from CPTu tests, this study employed
an empirical equation for clays proposed by Pi-
ratheepan (2002) employed as presented in Equation
1:

Vs =169.23 - qCO.103 . fs—o-012 . ZO.129 (1)

where Vi is in m/s, qc and f; are in MPa. All these pa-
rameters are measured at depth z (m). According to
statistical analysis, this equation produced an R? of
0.644, indicating a better fit with the data compared to
the empirical models mentioned above. However, the
Root Mean Squared Error (RMSE), which measures
the average deviation between predicted and actual
values, was 20.411, indicating low predictive accu-
racy.
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3.2 Machine Learning-Based Method

ML, a branch of artificial intelligence, develops
algorithms that allow computers to learn from data and
make predictions or decisions without explicit
programming. These models typically require large
datasets for training.

Dataset
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Figure 2. Flowchart illustrating the machine learning mod-
els utilized for predicting V.

This section details the methods for training and
testing ML models for predicting V. RFs builds an en-
semble of decision trees, averaging predictions to en-
hance accuracy and reduce overfitting, making it ver-
satile in ML applications. MVLR, a fundamental sta-
tistical method, establishes a linear link between de-
pendent and independent variables to predict new out-
comes.

The dataset was randomly divided into 80% for
training and 20% for testing. The models in this study
were trained using two distinct sets of input parame-
ters. The first input set (Input 1) consisted of all the
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raw data obtained from the CPTu as illustrated by Fig-
ure 1. The second input set (Input 2) included a refined
subset of the CPTu data, specifically focusing on g, fs,
and z. This approach evaluated model performance
with comprehensive and targeted datasets, clarifying
the impact of specific parameters on prediction
accuracy. The total procedures are described in Figure
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Figure 3. Effect of Number of Trees on Random Forest Per-
formance and Hyperparameters.

Assessing the impact of increasing the number of
trees on Random Forest performance using out-of-bag
(OOB) error calculation is a well-established and
effective method. As shown in Figure 3, beyond a
certain threshold—typically around 100 trees—further
increasing the number of trees in the ensemble does
not significantly enhance performance or efficiency.
The optimized hyperparameters (depicted in Figure 3)
indicate that the minimum number of observations per
leaf is 1 for both Input 1 and Input 2. Additionally, the
maximum number of splits per tree is lower for Input
1 compared to Input 2, which is attributed to the
number of features considered in each input.

Figures 4 and 5 present comparisons between the
actual V; values and those predicted by the optimized
ML models for both input sets (Input 1 and Input 2),
along with 10% error margins (red dashed lines). The
green line represents an ideal match between actual
and predicted values. Results indicate that the RFs
model outperformed the MVLR model, achieving a
higher R? and lower RMSE values in both training and
testing datasets. Input 1 produced a lower RMSE than
Input 2, with RFs consistently demonstrating superior
accuracy compared to MVLR across both input sets.

The residual plots in Figures 4 and 5 show a ran-
dom distribution of points around the zero-error line,
suggesting that RFs predictions are unbiased and ef-
fectively capture the underlying data patterns better
than the MVLR. Additionally, the frequency distribu-
tion of residuals (blue bars) for the RFs model exhibits
a nearly symmetric, normal distribution of errors,
which is preferable compared to the MVLR model.

Lower mean and standard deviation values further in-
dicate that Input 1 delivers better performance in re-
ducing prediction errors. In addition, the normal distri-
bution of the predicted error for the RFs model with
Input 1 displays a pronounced peak, indicating that the
data points are more tightly clustered around the mean.

4  DISCUSSION

The optimized ML models were evaluated against the
empirical correlation method using statistical metrics
and a comparison of V; predictions. This analysis
aimed to assess the models' accuracy. Key findings are
summarized below.

4.1 Statistical Metrics

In addition to the widely recognized R? and RMSE
metrics such as the A10-I metric, performance index
(PD), and scatter index (SI) were used to assess the pre-
dictive performance of the two ML models and one
empirical regression method (REG) from Equation 1
in this study.

The A10-I metric holds particular significance in
engineering as it indicates the proportion of samples
falling within a 10% deviation from the predicted val-
ues compared to the true value. In an ideal model, this
metric would equal one, representing perfect predic-
tive accuracy. The Pl s calculated using a combination
of statistical metrics (Chala and Ray, 2023). Lower
values signify better model performance. Similarly,
the SI, often computed as the ratio of RMSE to the
mean of the observed values, is another indicator
where lower values reflect enhanced model accuracy.
Table 1. Summary of statistical metrics for RFs and MVLR

using training and testing datasets for input 1 (all raw data
of the CPTu)

Model Dataset A10-1 PI SI
Train 1.00 0.0019 0.0026
REs Test 1.00 0.0052 0.0075
Train 0.863 0.0498 0.0660
MVLR Test 0.868 0.0491 0.0649

Table 2. Summary of statistical metrics for RFs, MVLR and
REG using training and testing datasets for input 2 (only z,
qe, fs from CPTu)

Model Dataset A10-1 PI SI
RF Train 1.00 0.0068 0.0096
s Test 0.99 0.0170 0.0239
Train 0.656  0.0871 0.1031
MVLR  rest 0703 00863 0.01014
REG - 0.750  0.0659 0.0844
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Table 1 and 2 provide a summary of the statistical
metrics from the results of the data predicted by the
ML models and the results of the REG methods for In-
put 1 and Input 2, respectively. Based on the results
from both the training and testing datasets, the RFs
model consistently outperforms both the MVLR and
REG across various metrics. Furthermore, the RFs
demonstrates superior predictive performance when
using Input 1, compared to Input 2, further emphasiz-
ing the benefit of utilizing comprehensive input data in
model training.

4.2 Vs Results Comparison

To assess the accuracy of the machine learning (ML)
and regression models, Figure 6 presents a comparison
between the predicted V; values and the in-situ profile.

Figures 6(a) and 6(b) compare prediction outcomes
for Input 1 and Input 2. The RFs model (red dashed
line) shows close alignment with the measured CH
values (blue line) for both inputs, underscoring its
strong predictive capability. The MVLR model (green
dashed line) performs better with all CPTu data (Input
1) than with selected parameters z, q. and f; (Input 2),
where accuracy decreases. In contrast, the empirical
correlation method (black dashed line) displays a
poorer fit, with a notable difference from measured V
values. Additionally, results from Input 2 of MVLR
align closely with regression model outputs, suggest-
ing that using more raw data improves MVLR accu-
racy.
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Figure 6. True V, profile compared with predicted Vs using
RFs, MVLR and Regression methods.

5 CONCLUSIONS

This study emphasizes the importance of assessing Vs,
an important parameter for describing soil stiffness
and the soil's dynamic behavior. Due to the limitations
and the high effort involved in laboratory testing, that
requires high quality samples hence maintaining an as
much possible as undisturbed soil state, in-situ V;
measurements , such as those obtained through CH,
are preferred for reflecting in-situ soil conditions. The
study investigates ML models, such as RFs and
MVLR, as alternatives to conventional empirical
methods. The following conclusions can be drawn
from CPTu and CH data in soft sensitive, fine-grained
lacustrine sediments:

e ML models can effectively predict V;
measurements from CPTu input data by
comparing the results to those from CH testing,
outperforming the traditional SCPTu-based DH
testing data as available in literature.

e The RFs model consistently outperforms the
MVLR and empirical models across all metrics,
with superior predictive performance when using
a comparably small set of parameters for model
training. This highlights the importance of com-
prehensive input data (1D length coverage).

e Increasing the quantity and diversity of input data
improves the performance of the MVLR model,
while the RFs model consistently provides accu-
rate predictions for two tested input sets (input set
1: 3 parameters and input set 2: 7 parameters).

e Increasing the amount of data (variable and
coverage) in ML models improves prediction
accuracy, while in empirical models, it leads to
greater dispersion and a decreased accuracy.

The authors plan to focus future work on improving
the model by incorporating geospatial variability and
integrating both DH and CH testing data. This will aim
to enhance the model's overall performance and accu-
racy. Experimental data from other test sites where
CPTu and CH measurements have already been con-
ducted will be used to verify the models in terms of
reliability.
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