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ABSTRACT: This paper introduces an automated geostatistical methodology for geological modelling utilizing Cone Penetration Test
(CPT) results. The proposed approach leverages extensive CPT data to generate high-resolution subsurface models, enhancing the
accuracy of soil property predictions across complex terrains. Automation of the geostatistical analysis streamlines the processing of
large datasets, reducing the need for manual interpretation and minimizing human error. Case studies demonstrate the effectiveness of
this method in improving the efficiency and reliability of geotechnical investigations, which are crucial for safe and sustainable
infrastructure development. The integration of automated processes in geotechnical engineering not only accelerates project timelines
but also supports more informed decision-making. This advancement represents a significant step toward modernizing subsurface

exploration techniques and optimizing construction practices.
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1 INTRODUCTION

Cone Penetration Testing (CPT) is a widely adopted in-situ
testing method in geotechnical engineering, known for its
efficiency and reliability in characterizing subsurface
conditions. Continuous measurement of tip resistance, sleeve
friction and pore pressure during penetration is a key feature of
CPT, which provides high-resolution data that is particularly
well-suited for the identification of soil stratification. Beyond
its application in stratigraphic profiling, CPT plays a
fundamental role in the design of deep foundations, especially
pile foundations (Salgado and Lee, 1999). Due to these two
rather important application areas and the rapid nature of the
test, the CPT has become the most popular in-situ test in current
Hungarian practice. Furthermore, the CPT data can be utilized
to estimate various geotechnical parameters, including
undrained shear strength, relative density, constrained modulus
(Sanglerat, 1972; Lunne and Christoffersen, 1983; Eslaamizaad
and Robertson, 1996; Kadar and Nagy, 2018; IlIés et al., 2022)
and liquefaction potential (Ban et al., 2020). These estimates
facilitate the decision-making process during the preliminary
design stage and decrease the necessity of time-consuming
laboratory testing.

Nevertheless, estimating soil parameters and site
characterization are the primary purposes for CPTs. For soil
classification, one of the main methods is Robertson, (2009) or
modified versions of it. It is based on tip resistance (qc), and
friction ratio (Rf) which is the ratio of sleeve friction (fs) and the
tip resistance (qc). This is why throughout the paper we will deal
with the values tip resistance and the In(qc)

The mentioned tasks are non-trivial and often carried out
considering empirical interpretation approaches and simplified
assumptions that may have limited applicability in engineering
practice. Many research groups and their industrial partners aim
to automate these tasks. An automatic parameter determination
(APD) framework was presented in (Marzouk et al., 2024b;
2024a). Raw CPT data is complemented with DMT and soil
drillings, mainly graph-based approaches are used to determine
constitutive model parameters, which letter feed in to the finite
element models.
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Automation is not the only challenge we face; we must also
identify areas with high uncertainty in geospatial variability. In
everyday practice, the geometric location of layers (i.e. the
geometric model of soil stratification) is often determined based
on subjective decisions and considerations. In the design
process, uncertainty generally refers to the inherent variability
of soil parameters, with no emphasis placed on uncertainties
intrinsic to geometry. Nevertheless, when considering the
management of risks inherent in geotechnical processes, the
location of soil layers and the assessment of the uncertainty
inherent in them are also of fundamental importance.

This problem has been investigated earlier (Krage, Dejong and
Boulanger, 2016) and a novel approach was presented to
geotechnical site characterization by integrating CPT data with
conditional probability mapping to identify geologic
depositional variations. In this recent work more emphasis is
placed on geospatial uncertainties addressed with geostatistical
tools. We have to identify those areas where extra sampling
may reduce uncertainties and thus the cost of foundation design.
This is an urgent task in the case of large projects covering
thousands of square meters, in order to assess the risks involved
in an efficient and cost effective way.

2  METHODOLGY IN BRIEF

The methodology focuses on the geospatial variability of the
soils. Geospatial modelling is an effective solution to
characterize spatial variability and predict the property of
interest at unsampled locations based on which the predictions
become more physics oriented rather than just relying on the
rigid values (Bai and Tahmasebi, 2022).

One of the successful ways of identifying the spatial
relationships between the data is through the semivariogram
(Matheron, 1963) (or known as variogram), representing the
spatial correlation between the sampled data. In mining, a
variogram will measure how much two samples taken from the
mining area will vary in ore content depending on the distance
between the samples.

Once the spatial relationship is recognized, it can be used
to estimate unknown points more accurately. Among such
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techniques, the most common is Kriging (Isaaks and Srivastava,
1989). However, like other weighted average-based estimators
and as a deterministic method, ordinary Kriging causes a
smoothing effect.

To mitigate this issue, Sequential Gaussian Simulation
(SGSIM) was developed. In the estimation process for each
unknown point, both actual values at sampled locations and the
estimations at the previously simulated points are considered.
Moreover, since various random paths are generated that can
pass the unsampled points in different orders, SGSIM can
produce several equally probable realizations to assess and
evaluate uncertainty (Verly, 1993).

Sequantial Gaus simulation alogirthems include the
following steps according to (Bai and Tahmasebi, 2022):

i) Transform the hard data into a standard normal
distribution based on the normal score transformation.

ii) Compute the experimental variogram and fit it with an
appropriate variogram model based on the normal score
transformed data.

iii) Define a random path such that it passes through all the
unsampled locations only once.

iv) Repeat the following steps for each visiting point along
the random path: a) Search for the sampled data and
previously simulated points. b) Conduct the Kriging with
the selected neighboring points to get the linear
estimation and its corresponding variance. ¢) Randomly
sample a residual from a normal distribution with the
mean of zero and variance of calculated Kriging variance
and add it to the Kriging estimation to get the simulated
value. Alternatively, randomly sample a value from a
normal distribution with the mean of Kriging estimation
and variance of calculated Kriging variance as the
simulated value. d) Assign the simulated value to its
location so that it can be used for the future nodes, which
allows the covariance between any two of the simulated
values also to follow the given variogram model.

2.1 Application of machine learning models

Although in this study no machine learning methods were
applied, we would venture for a brief overview as they have
huge potential.

A study by Rauter and Tschuchnigg, (2021) on a dataset of
490 pairs of traditional soil classifications (drilling) and
includes measured CPTs explored the potential of the following
three: i) support vector machine (SVM), ii) artificial neural
network (ANN), and random forest models (RFM) machine
learning (ML) for classifying soil types using the mentioned
data set. From these three RFM emerged as the most suitable
method.

While Bai and Tahmasebi, (2022) compared the
application of physics-informed machine learning (PIML) to
the sequential Gauss simulation.

3 INVESTIGATED SITE

The briefly described methodology is presented for a chosen
site in Hungary.

3.1 Layout of the CPT sounding

At the chosen site the CPT-s are arranged in a grid pattern. It
both eased the direction identification for the variograms and
SGS simulation.
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Figure 1. CPT layout of the case study

3.2 Example of a variogram

Altogether, five layers were identified with the CPT soundings.
As promised earlier, in this case study we will focus on the tip
resistance (qc) more specifically on its natural logarithm In(qc)
as its distribution is closer to normal distribution.

The variogram of each layer was determined (see Figure 2
and Figure 3) using Isatis.neo software to identify the spatial
relationships between the data. Later the variograms were
utilized to carry out the sequential Gauss simulation presented
in the forthcoming section.
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Figure 2. Horizontal and vertical variograms of the site, 1* layer
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Figure 3. Horizontal and vertical variograms of the site, 4™ layer




3.3 Sequential Gauss Simulation

Using the variograms that had been obtained, the
measurement data were extended to the entire study area with
the aid of sequential Gaussian simulation. A total of 100
simulations were conducted using this method, yielding 100 tip
resistance distributions with equal probability of occurrence.
Through the evaluation of these metrics, it is possible to
ascertain the most probable distribution of tip resistance, in
addition to the standard deviation of the generated values. The
latter is a reliable measure of the uncertainty in the qc values
estimated from the exploration data at different locations.

The mean and standard deviation graphs were created
based on the results of 100 realizations. For visualization
purposes 10 m x 10 m x 0,1 m spatial grid was applied. The
mean graph (see Figure 4) clearly shows that the predicted
values smooth out nicely, and the individual outliers of the
realizations disappear. The stratification is clearly visible in the
vertical direction. The standard deviation graph (see Fig. 5) is
the only one with a different scale. It clearly shows that the
standard deviation is close to 0 near the CPTs. (At some points,
the graph shows surprisingly high values.)

O

Figure 5. Standard deviation of the 100 realizations

The two attached scenarios provide examples of different
results of the SGS calculation. The figures show several unique
local differences. With a sufficient number of realizations, the
most probable soil model can be given by calculating the
median or mean value. The representation of the standard
deviation or variance values draws attention to those parts of
the calculated soil model where the calculation is most
uncertain and where additional data (new CPT) may need to be
included.
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Figure 7. One of the 100 realizations (2), In(q.) values

A more detailed picture of the generated results can be obtained
by examining the results of the simulation in a cross-section.
Figure 8 provides an illustration of a cross-section. In this
context, dark green denotes regions of elevated tip resistance
values, yellow and light green indicate average values, and red
indicates areas where the simulation resulted in lower tip
resistance values. It can be observed that the generated values
are similar to the measured qc values in the vicinity of the
measurement points. However, as the distance from the
measurement point increases, the variability increases
proportionately.

Figure 8. Cross-section of SGS simulation with CPT measurements.

4  CONCLUSIONS AND FUTURE WORK

Although, in the past geoscience tools were mainly utilized for
ore research, the method presented in the paper proves that it
can be used to deal with geotechnical uncertainties such as the
tip resistance of the cone penetration measurements.

Although, there are commercially available software for
variogram calculation and carrying out sequential Gauss
simulation as it was presented in this paper they are not
specifically tailored to the needs of geotechnical engineers. The
consortium of FUGRO Consult Kft. and the Department of
Engineering Geology and Geotechnics at the Budapest
University of Technology and Economics aim to develop a pile
foundation design tool with a code incorporated in identifying
the areas with high uncertainty in the soil parameters. By
specifically targeting these areas with extra sounding a more
economical deep foundation design can be achieved.
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