
Academic Editor: Arcady Dyskin

Received: 16 December 2024

Revised: 11 January 2025

Accepted: 21 January 2025

Published: 27 January 2025

Citation: Martínez García, E.; Alberti,

M.G.; Arcos Álvarez, A.A. Generation

of Penetrometric Profile of the Soil

Applying Machine Learning to

Measure While Drilling Data from

Deep Foundation Machinery. Appl.

Sci. 2025, 15, 1331. https://doi.org/

10.3390/app15031331

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Generation of Penetrometric Profile of the Soil Applying
Machine Learning to Measure While Drilling Data from Deep
Foundation Machinery
Eduardo Martínez García 1,2 , Marcos García Alberti 1,* and Antonio Alfonso Arcos Álvarez 3

1 Departamento de Ingeniería Civil: Construcción, E.T.S. de Ingenieros de Caminos, Canales y Puertos,
Universidad Politécnica de Madrid, 28040 Madrid, Spain; emartinez@menard.es

2 Menard España, 28001 Madrid, Spain
3 Departamento de Ingeniería y Morfología del Terreno, E.T.S. de Ingenieros de Caminos, Canales y Puertos,

Universidad Politécnica de Madrid, 28040 Madrid, Spain; antonio.arcos@upm.es
* Correspondence: marcos.garcia@upm.es; Tel.: +34-91-0674121

Abstract: The study performed in this article aimed to reproduce the penetrometric profile of
the soil from the perforation parameters of deep foundation and ground improvement. This
could allow for more easily interpretable information on the soil strength during execution
as well as validate the design hypotheses. To achieve this goal, a series of Machine Learning
algorithms have been used and compared with traditionally applied analytical formulas.
Dynamic time warping is used to measure the likeness of the results with the expected shape.
The results show that the algorithms are capable of better fitting the penetrometric profiles of
the soil. Tree ensemble methods stand out with the best results.

Keywords: machine learning; rigid inclusion; penetrometer; measurement while drilling;
dynamic time warping

1. Introduction
Currently, drilling rigs that work on deep foundations and ground improvements have

measurement while drilling (MWD) systems that record parameters such as rotation torque
or penetration rate. These parameters are related to the characteristics of the soil drilled.
In the context of soil drilling, compound parameters are analytical formulas that aim to
provide a more accurate assessment of soil strength based on MWD. Most of these indices
tend to smooth the profile of raw values, having a greater physical meaning and easier
interpretation [1]. However, they assume a form in the relationship between parameters
and strength that may not necessarily fit reality [2]. These formulas provide a qualitative
idea of the characteristics of the traversed soil but are not precise. For example, the results
of compound parameters do not correlate well with usual soil investigation tests such as
dynamic penetrometers, which limits their use.

The dynamic penetrometer is a type of test that consists of driving a cone of certain
characteristics into the ground. The result of the test is the number of blows necessary to
drive the cone a certain length (usually every 20 cm) along the depth reached.

Machine Learning (ML) is a branch of artificial intelligence that consists of applying a
series of algorithms through computer programs to obtain information from large data sets.

In recent years, the application of ML to the fields of civil engineering and geotechnics
has become an alternative to empirical methods. So much so that in 2018, the International
Society of Soil Mechanics and Geotechnical Engineering (ISSMGE) created a technical
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committee (TC) for Machine Learning and Big Data, TC309. Through the website of this TC,
dozens of examples of the application of ML in the field of geotechnics [3] can be consulted.

The growing interest in using ML in geotechnics is logical because soil and rock
properties vary extensively, and measurements are often influenced by the instruments
and data processing techniques [4]. This increase has been reflected in the Soil Mechanics
and Geotechnical Engineering Conference, both in the invited lectures [5,6] and in the
proceedings [7–21]. Furthermore, the International Symposium on Machine Learning and
Big Data in Geoscience (ISMLG) had a successful last edition in Cork [22]. Early steps of
this paper were presented at said symposium [23].

The first intuitive applications for ML in geotechnics are predicting soil properties [24,25],
soil types [26], or lithology [27–29]. Liang et al. even used a compound parameter, mechanical
specific energy, with ML for lithology identification [30].

An early example of the use of ML to deep foundation execution data is the work of
Goh [31], who used Neural Network (NN) to estimate the bearing capacity of driven piles
from real data collected by Flaate [32]. The results showed that the NN achieved more
reliable predictions than the driving formulas. Lee and Lee also used execution and ground
parameters to estimate the bearing capacity of driven piles using NN [33]. The predictions
obtained were better than with the Meyerhof formula [34]. Pal and Deswal [35] employed
a Gaussian regression process (GP) to predict the bearing capacity of the pile. Part of the
input data were the same as those used by Goh. The performance of the proposed model
was compared with support vector machines (SVM) and empirical relationships, obtaining
a better result. Alkroosh and Nikraz used gene expression programming (GEP) to correlate
cone penetration test (CPT) data and pile capacity in cohesive soils [36]. On the other hand,
Millán et al. used NN to predict the bearing capacity of the tip of a pile embedded in a rock
mass using an extensive set of results obtained from numerical calculations [37].

Another field of combined application of MWD and ML is mining. Beattie ([38],
p. 20) used NN for rock classification in an open-pit mine. Zhou et al. [39] also performed
rock classification work using a Gaussian classification process and MWD data. The same
authors used a clustering approach that did not require previous labelling [40]. Kadkhodaie-
Ilkhchi et al. [41] conducted a comparative study of three ML techniques using MWD data
from drilling for explosives in an iron mine. Khushaba et al. [42] also used MWD and
ML in mining for chemical composition prediction. Although not using ML, Manzoor
et al. [43] combined MWD data and close-range terrestrial digital photogrammetry (CRTDP)
to establish certain relationships between drilling parameters and rock mass structures.

Galende-Hernández et al. [44] conducted a study estimating the RMR value from
excavation front characterisation using MWD and expert knowledge in tunnelling with
explosives. The results obtained present a good correlation. Hansen et al. [45] used NN
and random forests (RF) to characterise the rock mass by its Q-class from MWD data.

Díaz et al. [46] used NN and real-time data to predict the drilling rate in a geothermal
well, showing good prediction capability. Klyuchnikov et al. [47] used ML algorithms to
classify rock types in directional oil well drilling. A review of this and other articles can be
found in the work of Silversides [48].

In the specific case of ML application to treatment with rigid inclusions, Zhang
et al. [49] used NN to analyse the behaviour of an isolated footing supported on soft
soil reinforced by rigid inclusions.

For an exhaustive review of ML applications in geotechnics, readers can
consult [6,10,12,50–58].

In this work, both analytical formulas and ML approaches have been compared
in terms of fitting the penetrometric profile of the soil drilled during the execution of
rigid inclusions. Rigid inclusions are a type of soil treatment that normally consists of
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concrete columns drilled with soil displacement. Penetrometric profiles are more useful
than compound parameters because of the already existing correlations with other soil
parameters and because they are more intuitively understood by geotechnical engineers.
Compared to previous works this article presents a more robust methodology, considers a
greater number of algorithms, addresses the issue of imbalanced data, and uses a newly
proposed method to compare lineal data in geotechnics.

2. Methodology
In this article, the ability to predict the penetrometric profile of the soil using different

compound parameters and ML algorithms has been analysed. The starting data were the
drilling records for rigid inclusions in three sites.

2.1. Compound Parameters

Compound parameters in geotechnics are analytical formulas that provide an idea of
the traversed soil resistance based on drilling data.

These parameters have a similar structure where the strength of the soil would be
directly proportional to the torque and applied force and inversely proportional to the
drilling area and velocity.

For this article, the most common compound parameters have been used as shown in
Table 1, with:

• (t)dZ=0.2m: time to perforate 0.2 m of material;
• P: thrust applied to the drilling tool;
• VR: rotational speed;
• VA: perforation rate;
• S0: area of the drilling tool;
• CR: rotational torque.

Table 1. Compound parameters.

Name Formula Reference

Penetration resistance Rp = (t)dZ=0.2m Möller et al., 2004 [59]
Somerton index Sd = P

√
VR
VA

Somerton 1959 [60]

Drilling specific energy SDE = P
S0

+ 2π
S0

·VR ·CR
VA

Teale 1965 [61]
Specific energy ES = CR·VR

VA
Pfister 1985 [62]

2.2. Machine Learning Algorithms

There are numerous algorithms, and the most appropriate one depends on the problem
being addressed. It is not something evident since each method uses a different approach.
The algorithms used for this study are listed in Table 2.

Table 2. Algorithms used in this study.

Algorithm Abbreviation

Linear regression -
Logistic regression -

Support vector machines SVM
K-nearest neighbours KNN

Decision trees DT
Random Forests RF

XGBoost XGB
Multilayer perceptron MLP
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The problem analysed can be seen as either classification or regression because the
target variable is composed by numbers, but they always take discrete values. Both
approaches have been tested to determine which one provides better results.

2.3. Available Data

Data from three sites with rigid inclusions were used. These inclusions were con-
structed using an auger that displaces the soil laterally. In all three sites, the Enteco E6050
type drill was used. An onboard Menard Emparex data acquisition system recorded depth,
penetration rate, rotational speed, torque, and thrust roughly every 8 cm. All the inclusions
had a diameter of 360 mm.

Site 1 is formed by an anthropic fill (silty sands, 1.60–2.20 m thick) that lies above a
thin organic soil layer (silty sands, 0.4–1.0 m). Below that, there is an alluvial layer of fine
sand with silt (very loose, 1.60–2.20 m), followed by altered granite, which becomes more
compact with depth. Overall, the soil is homogeneous, predominantly sandy, and the water
table lies near the surface. In Site 2 the top layer is an anthropic fill (sands and clayey sands)
about 6 m thick. Below it, alluvial materials form interlayered clays to sands extending to
about 30 m. The deepest detected layer is a dense, highly compact sand (Pliocene), which
the soil treatment does not reach. Water levels have been observed between 2 and 8 m
deep at different times. Overall, this site is more heterogeneous than Site 1, with varied
materials and a fluctuating water table. Lastly, the soil of Site 3 is essentially a dredged fill
(sandy with some fines and gravel) 4–8 m thick, placed for sea reclamation. Below it lies
quaternary sands that become denser with depth. The water table is shallow, influenced by
sea level. Overall, the terrain is predominantly sandy and fairly homogeneous.

In these worksites, a series of DPSH-B type penetrometers were executed according
to the UNE-EN-ISO22476-2 standard [63]. The result of these tests is the number of blows
required for penetrations in 20 cm sections and can be plotted against depth (Figure 1).

The features and target variable for the algorithms are included in Table 3.

Table 3. Features and target variable for the algorithm.

Algorithm Target
Variable

Depth of
Perforation

Penetration
Rate

Rotational
Speed

Rotational
Torque Thrust Penetrometer

Blows

Unit (m) (m/h) (rpm) (tm) (t) (-)
Range (0–13) (12–1300) (6.25–25.0) (0.6–19.0) (7.2–21.3) (0–30)

Further information about the available data in these works can be found in the
following reference [64].

To maintain a certain consistency in the study, the drilling and penetrometer data have
been converted to the AGS4 format [65]. This format is intended to collect geotechnical data
and can be easily converted to a Pandas data frame [66] through a dedicated library [67].

Once the data was adapted, a blow value was associated based on the closest penetrometer.

2.4. Error Induced by the Distance Between the Inclusions and the Penetrometer

In ML, one of the first and perhaps most important steps is to choose the dataset with
which to train and test the model.

For this problem, one major source of error is the changes in the terrain characteristics
between the position of the penetrometer and the inclusion. Larger distances typically
increase the mismatch in soil properties, especially in heterogeneous terrains. In Figure 2,
which represents a geological cross section, inclusions 1 and 2 would be associated with
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penetrometer P1, as it is closer than penetrometer P2. Then, inclusion 1 would have a
small error when interpreting the contact between levels 1 and 2. However, the error of
inclusion 2 is greater due to its distance to P1.
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While selecting only inclusions very close to penetrometers minimises this error,
it may also reduce the dataset size significantly. Bunieski [9] addressed this problem,
proposing methods to evaluate the error introduced by considering increasing distances to
the penetrometers. In this article, this effect was evaluated for the studied sites.

2.5. Distribution of the Penetrometer Blows

Another source of error arises from the uneven distribution of blow count values.
Figure 3 shows the number of samples for each blow value, considering a distance

between the inclusion and its nearest penetrometer of, at most, 2 m.
As can be seen, there was a significant difference in the distribution of blows. This

heterogeneity could bias the algorithms.
There are various techniques to tackle the problem of imbalanced data. In this article,

SMOTE (Synthetic Minority Over-sampling) [68] was used.
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2.6. Hyperparameters

A search was made for the most appropriate hyperparameters using GridSearchCV [69],
running 500 different combinations of the datasets. The scores function for choosing the
best combination of hyperparameters were accuracy for classification and the coefficient of
determination for regression. The algorithms and the set of verified hyperparameters can
be found in Table 4.

Table 4. Evaluated hyperparameters.

Algorithm Evaluated Hyperparameters

Decision trees (classification)
‘criterion’: ‘gini’, ‘entropy’; ‘splitter’: ‘best’, ‘random’; ‘max_depth’: 5, 10, 15,

None; ‘min_samples_split’: 2, 4, 6, 8; ‘min_samples_leaf’: 2, 3, 4, 5;
‘max_leaf_nodes’: None, 100, 50, 10; ‘ccp_alpha’: 0, 0.005, 0.015, 0.03

Decision trees (regression)

‘criterion’: ‘squared_error’, ‘friedman_mse’, ‘absolute_error’; ‘splitter’: ‘best’,
‘random’; ‘max_depth’: 5, 10, 15, None; ‘min_samples_split’: 2, 4, 6, 8;

‘min_samples_leaf’: 2, 3, 4, 5; ‘max_leaf_nodes’: None, 100, 50, 10; ‘ccp_alpha’: 0,
0.005, 0.015, 0.03

Random forests
‘n_estimators’: 100, 300, 500; ‘max_depth’: 5, 10, 15, 20, None;

‘min_samples_split’: 2, 5, 10; ‘min_samples_leaf’: 1, 2, 5, 10; ‘max_features’:
‘log2’, ‘sqrt’, None

K-nearest neighbours ‘n_neighbors’: 2, 4, 8, 16; ‘p’: 2, 3

Linear regression

Logistic regression ‘C’: 0.001, 0.01, 0.1, 1; ‘penalty’: ‘l1’, ‘l2’

Support vector machines ‘C’: 0.1, 1, 10, 100, 1000; ‘gamma’: 1, 0.1, 0.01, 0.001, 0.0001
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Table 4. Cont.

Algorithm Evaluated Hyperparameters

XGBoost
‘eta’: 0.01, 0.025, 0.1; ‘gamma’: 0.05, 0.5, 1.0; ‘max_depth’: 5, 12, 25;

‘min_child_weight’: 1, 3, 7; ‘subsample’: 0.6, 0.8, 1.0; ‘colsample_bytree’: 0.6, 0.8,
1.0; ‘lambda’: 0.01, 0.1, 1.0; ‘alpha’: 0, 0.5, 1.0

Multilayer perceptron
‘activation’: ‘relu’, ‘identity’, ‘logistic’, ‘tanh’; ‘solver’: ‘adam’, ‘lbfgs’, ‘sgd’;
‘alpha’: 0.0001, 0.01, 0.1; ‘learning_rate’: ‘constant’, ‘invscaling’, ‘adaptive’;

‘learning_rate_init’: 0.001, 0.1, 1.0
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This computationally intensive process used the Magerit-3 supercomputer belonging
to the Universidad Politécnica de Madrid.

Once the best hyperparameters have been obtained, the behaviour of the resulting
models is analysed. The algorithms using the best hyperparameters are trained with 70%
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of the samples and tested on the rest 30%. The values shown are the mean values from 500
different train-test splits.

2.7. Measuring Performance and Dynamic Time Warping

To measure the performance of the algorithms and compound parameters, different
metrics can be used. However, it is convenient to represent the results graphically to avoid
being deceived [70].

In the situation studied, the goal is to match the overall “shape” of the penetrometric
profile. At the 4th ISMLG, Charles et al. proposed the use of dynamic time warping (DTW)
to determine similarity between pairs of cone penetration tests (CPT) [71].

DTW [72] is an algorithm designed for the comparison of time series. This algorithm
tries all possible combinations to shift one time series until it matches another (Figure 4).
The minimum displacement distance gives us an idea of the similarity between both series.
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In this paper, DTW is used to compare the expected and predicted penetrometric
profiles for each drilled inclusion. To limit the possibilities that DTW considers, a window
of 5 is used. Otherwise, the algorithm could try paths with no geotechnical meaning
(Figure 5).
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Long series can have longer distances than short ones, even in cases where the fit
between series is better. To consider this, the obtained distance is divided by the length
of the series. This gives a metric, d, with a similar meaning to MAE but considering the
resemblance in shape of the two series.

The methodology followed is summarised in Figure 6.
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3. Results
3.1. Attained Metrics

Table 5 shows the different metrics obtained when comparing the penetrometer blows
and the compound parameters. The data corresponds to distances of 2 m between the
inclusion and the penetrometer. To obtain the errors and distances for the compound
parameters, they are scaled to have the same maximum and minimum values as the
penetrometer blows for each site.

Table 6 shows the metrics values for the different algorithms studied. As in the case of
Table 5, the values shown are for distances of 2 m between the inclusion and the penetrometer.

In every site the best algorithms outperform the compound parameters in terms of R,
MAE, RMSE, and d.

Figure 7 shows the average profiles obtained for the different compound parameters,
as well as the real average penetrometric profile. The parameter values are scaled between
0 and 30 for easier comparison.
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Figure 8 shows the predicted penetrometric profiles on the test set by the different
algorithms along with the actual mean penetrometric profile.

The profile predicted by the algorithms generally fits quite well with the actual pen-
etrometric profile. With traditional analytical formulas, the fit is lower.

Additionally, another data point obtained during the drilling is the depth reached. If
we add depth as a variable to the algorithms, we obtain the correlation and determination
coefficients values of Table 7.
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When taking depth into account, the metrics significantly improve for all sites. In ad-
dition to the checks with and without depth, oversampling has been considered, obtaining
the results in Tables 8 and 9.
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Table 5. Мetrics obtained when comparing the penetrometer blows and the relevant compound parameters. Bold marks the best results for each metric and
compound parameter.

Site 1 Site 2 Site 3 Site 1, 2, 3

R MAE RMSE d R MAE RMSE d R MAE RMSE d R MAE RMSE d

Penetration
resistance 0.45 ± 0.04 7.02 ± 0.23 8.95 ± 0.25 6.78 ± 1.91 −0.06 ±

0.03 5.13 ± 0.15 6.46 ± 0.17 2.26 ± 0.97 0.44 ±
0.01

3.00 ±
0.03

4.16 ±
0.03

2.45 ±
0.29 0.36 ± 0.04 6.12 ± 0.28 7.80 ± 0.32 3.92 ± 2.51

Somerton
index 0.42 ± 0.04 6.28 ± 0.30 7.81 ± 0.34 5.81 ± 1.20 −0.10 ±

0.02 5.03 ± 0.27 6.36 ± 0.26 2.66 ± 1.12 0.41 ± 0.01 3.31 ± 0.04 4.28 ± 0.04 2.61 ± 0.39 0.40 ±
0.04

4.96 ±
0.26

6.47 ±
0.29 3.77 ± 1.84

Drilling
specific
energy

0.45 ± 0.03 5.03 ±
0.36

6.60 ±
0.39

4.99 ±
1.90 0.09 ± 0.03 4.93 ± 0.26 6.18 ± 0.33 2.92 ± 2.10 0.24 ± 0.01 5.65 ± 0.12 6.78 ± 0.13 3.62 ± 1.91 0.37 ± 0.04 5.50 ± 0.27 6.79 ± 0.33 3.81 ± 2.20

Specific
energy

0.58 ±
0.02 7.29 ± 0.40 8.99 ± 0.40 6.12 ± 1.79 0.01 ± 0.03 4.81 ±

0.15
6.11 ±

0.17
2.13 ±

0.90
0.44 ±

0.01 3.05 ± 0.04 4.63 ± 0.04 2.49 ± 0.22 0.37 ± 0.04 6.72 ± 0.43 8.39 ± 0.43 3.63 ±
2.23

Table 6. Metrics obtained when comparing the penetrometer blows and values given by the algorithms. Bold marks the best results for each metric and algorithm.

Site 1 Site 2 Site 3 Sites 1, 2, 3

R MAE RMSE d R MAE RMSE d R MAE RMSE d R MAE RMSE d

Linear
regression 0.56 ± 0.03 4.64 ± 0.14 5.88 ± 0.16 4.65 ± 1.25 0.39 ± 0.04 2.45 ± 0.11 3.47 ± 0.19 3.69 ± 2.52 0.49 ± 0.05 3.12 ± 0.15 3.98 ± 0.21 2.46 ± 0.29 0.51 ± 0.02 4.07 ± 0.10 5.35 ± 0.12 4.44 ± 2.10

DT (Classi-
fication) 0.67 ± 0.04 3.87 ± 0.13 5.63 ± 0.19 2.72 ± 0.10 0.39 ± 0.04 2.52 ± 0.15 4.04 ± 0.22 2.89 ± 0.54 0.26 ± 0.1 3.28 ± 0.28 5.30 ± 0.46 2.73 ± 0.13 0.62 ± 0.02 3.53 ± 0.10 5.35 ± 0.16 2.03 ± 0.15

DT (Re-
gression) 0.70 ± 0.02 3.81 ± 0.13 5.10 ± 0.18 2.96 ± 0.08 0.43 ± 0.05 2.40 ± 0.14 3.46 ± 0.23 2.91 ± 0.3 0.47 ± 0.06 2.98 ± 0.15 4.14 ± 0.25 2.07 ± 0.15 0.65 ± 0.03 3.52 ± 0.18 4.80 ± 0.17 3.15 ± 0.18

KNN
(Classifica-

tion)
0.69 ± 0.02 3.83 ± 0.11 5.64 ± 0.18 5.10 ± 0.09 0.41 ± 0.04 2.44 ± 0.17 3.96 ± 0.19 3.87 ± 0.18 0.30 ± 0.07 3.00 ± 0.23 5.00 ± 0.21 2.60 ± 0.08 0.66 ± 0.02 3.36 ± 0.11 5.21 ± 0.17 5.68 ± 0.12

KNN (Re-
gression) 0.77 ± 0.02 3.38 ± 0.14 4.52 ± 0.20 3.80 ± 0.06 0.49 ± 0.02 2.25 ± 0.09 3.32 ± 0.14 3.69 ± 0.09 0.49 ± 0.04 2.94 ± 0.19 3.87 ± 0.27 2.41 ± 0.07 0.72 ± 0.02 3.09 ± 0.04 4.30 ± 0.06 5.12 ± 0.09

Logistic
regression 0.42 ± 0.05 5.25 ± 0.2 7.36 ± 0.32 4.87 ± 0.28 0.31 ± 0.02 2.47 ± 0.10 3.68 ± 0.19 3.43 ± 0.05 0.35 ± 0.07 3.13 ± 0.18 5.25 ± 0.27 2.76 ± 0.06 0.38 ± 0.01 4.66 ± 0.12 6.54 ± 0.17 5.11 ± 0.10

MLP (Clas-
sification) 0.73 ± 0.03 3.47 ± 0.11 5.09 ± 0.22 6.03 ± 0.28 0.35 ± 0.06 2.46 ± 0.16 3.88 ± 0.26 5.23 ± 0.53 0.33 ± 0.12 2.86 ± 0.28 4.89 ± 0.38 2.28 ± 0.21 0.62 ± 0.03 3.51 ± 0.12 5.31 ± 0.16 6.06 ± 0.36

MLP (Re-
gression)

0.79 ±
0.02 3.23 ± 0.17 4.31 ± 0.21 5.94 ± 0.42 0.46 ± 0.03 2.30 ± 0.11 3.23 ± 0.14 3.99 ± 0.34 0.58 ± 0.05 2.88 ± 0.17 3.76 ± 0.23 2.49 ± 0.13 0.71 ± 0.02 3.24 ± 0.11 4.40 ± 0.14 6.41 ± 0.75

RF (Classi-
fication) 0.73 ± 0.03 3.38 ± 0.16 5.08 ± 0.27 1.10 ±

0.05 0.52 ± 0.03 2.18 ± 0.07 3.56 ± 0.17 0.82 ±
0.27 0.38 ± 0.07 2.91 ± 0.26 5.02 ± 0.42 1.93 ± 0.15 0.72 ± 0.02 2.87 ±

0.11 4.60 ± 0.17 0.78 ±
0.10

RF (Re-
gression)

0.79 ±
0.02

3.16 ±
0.12 4.36 ± 0.16 1.36 ± 0.03 0.54 ± 0.07 2.13 ±

0.12 3.25 ± 0.24 1.31 ± 0.17 0.63 ± 0.05 2.46 ± 0.16 3.34 ±
0.24 1.08 ± 0.03 0.75 ±

0.02 2.89 ± 0.05 4.10 ±
0.12 1.51 ± 0.10

SVM (Clas-
sification) 0.72 ± 0.02 3.53 ± 0.15 5.23 ± 0.21 6.00 ± 0.24 0.49 ± 0.04 2.22 ± 0.14 3.52 ± 0.24 4.43 ± 0.37 0.40 ± 0.13 2.78 ± 0.22 4.81 ± 0.32 2.36 ± 0.11 0.68 ± 0.02 3.28 ± 0.11 4.91 ± 0.16 6.42 ± 0.29
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Table 6. Cont.

Site 1 Site 2 Site 3 Sites 1, 2, 3

R MAE RMSE d R MAE RMSE d R MAE RMSE d R MAE RMSE d

SVM (Re-
gression) 0.76 ± 0.02 3.32 ± 0.09 4.66 ± 0.17 8.68 ± 0.32 0.45 ± 0.04 2.32 ± 0.04 3.52 ± 0.10 4.69 ± 0.22 0.51 ± 0.04 2.74 ± 0.18 4.14 ± 0.3 2.53 ± 0.2 0.69 ± 0.01 3.20 ± 0.08 4.51 ± 0.12 9.68 ± 0.65

XGB (Clas-
sification) 0.71 ± 0.02 3.55 ± 0.08 5.23 ± 0.15 1.55 ± 0.04 0.42 ± 0.05 2.22 ± 0.09 3.58 ± 0.13 3.06 ± 0.08 0.29 ± 0.11 3.18 ± 0.35 5.28 ± 0.51 2.86 ± 0.17 0.66 ± 0.02 3.18 ± 0.10 4.99 ± 0.20 1.01 ± 0.14

XGB (Re-
gression)

0.79 ±
0.03 3.21 ± 0.15 4.34 ±

0.23 1.79 ± 0.04 0.56 ±
0.05 2.20 ± 0.14 3.18 ±

0.27 1.20 ± 0.14 0.62 ±
0.06

2.44 ±
0.21 3.62 ± 0.36 1.07 ±

0.05 0.74 ± 0.01 3.01 ± 0.08 4.19 ± 0.11 2.01 ± 0.06

Table 7. Metrics obtained when comparing the penetrometer blows and the values given by the algorithms considering depth. Bold marks the best results for each
metric and algorithm.

Site 1 Site 2 Site 3 Sites 1, 2, 3

R MAE RMSE d R MAE RMSE d R MAE RMSE d R MAE RMSE d

Linear
regression 0.86 ± 0.01 2.86 ± 0.09 3.60 ± 0.14 2.28 ± 0.71 0.39 ± 0.04 2.46 ± 0.11 3.47 ± 0.18 3.70 ± 2.96 0.54 ± 0.04 2.91 ± 0.15 3.85 ± 0.25 2.17 ± 0.26 0.67 ± 0.02 3.69 ± 0.08 4.65 ± 0.10 4.45 ± 2.37

DT (Classi-
fication) 0.89 ± 0.01 1.91 ± 0.09 3.29 ± 0.13 0.82 ± 0.03 0.62 ± 0.11 1.81 ± 0.22 3.22 ± 0.48 1.71 ± 0.75 0.95 ± 0.01 0.62 ± 0.07 1.44 ± 0.16 0.22 ± 0.02 0.85 ± 0.01 2.00 ± 0.08 3.45 ± 0.11 1.05 ± 0.22

DT (Re-
gression) 0.90 ± 0.01 2.10 ± 0.13 3.08 ± 0.20 1.41 ± 0.05 0.74 ± 0.04 1.50 ± 0.12 2.65 ± 0.22 1.07 ± 0.43 0.96 ± 0.01 0.62 ± 0.06 1.31 ± 0.07 0.26 ± 0.02 0.87 ± 0.01 1.94 ± 0.08 3.08 ± 0.14 1.39 ± 0.17

KNN
(Classifica-

tion)
0.90 ± 0.01 2.26 ± 0.12 3.41 ± 0.22 1.99 ± 0.03 0.63 ± 0.06 1.85 ± 0.07 3.28 ± 0.22 4.09 ± 0.12 0.66 ± 0.07 1.81 ± 0.35 3.47 ± 0.56 1.18 ± 0.06 0.86 ± 0.01 2.02 ± 0.09 3.42 ± 0.17 5.34 ± 0.08

KNN (Re-
gression) 0.90 ± 0.01 2.13 ± 0.06 2.99 ± 0.13 1.88 ± 0.05 0.69 ± 0.06 1.65 ± 0.10 2.7 ± 0.25 3.86 ± 0.08 0.78 ± 0.04 1.65 ± 0.18 2.91 ± 0.31 1.20 ± 0.05 0.88 ± 0.01 1.88 ± 0.05 2.93 ± 0.10 4.97 ± 0.08

Logistic
regression 0.85 ± 0.01 2.77 ± 0.15 3.97 ± 0.17 2.38 ± 0.07 0.26 ± 0.08 2.60 ± 0.15 3.85 ± 0.24 3.73 ± 0.06 0.31 ± 0.06 2.84 ± 0.19 4.99 ± 0.24 2.53 ± 0.14 0.62 ± 0.03 3.80 ± 0.21 5.35 ± 0.23 5.05 ± 0.11

MLP (Clas-
sification) 0.88 ± 0.01 2.17 ± 0.12 3.43 ± 0.18 3.48 ± 0.58 0.44 ± 0.04 2.33 ± 0.16 3.66 ± 0.25 5.01 ± 0.49 0.84 ± 0.04 1.41 ± 0.11 2.62 ± 0.23 1.14 ± 0.11 0.82 ± 0.01 2.34 ± 0.07 3.68 ± 0.07 5.46 ± 0.21

MLP (Re-
gression) 0.91 ± 0.01 2.10 ± 0.08 2.99 ± 0.13 2.78 ± 0.18 0.64 ± 0.04 2.09 ± 0.14 2.93 ± 0.02 4.96 ± 0.51 0.90 ± 0.02 1.34 ± 0.15 2.00 ± 0.21 1.47 ± 0.18 0.85 ± 0.02 2.36 ± 0.09 3.25 ± 0.18 5.54 ± 0.40

RF (Classi-
fication) 0.91 ± 0.02 1.67 ± 0.13 2.98 ± 0.26 0.40 ±

0.04 0.78 ± 0.04 1.35 ± 0.10 2.46 ± 0.20 0.70 ± 0.49 0.91 ± 0.03 0.89 ± 0.15 1.87 ± 0.34 0.21 ± 0.03 0.90 ± 0.01 1.49 ± 0.09 2.73 ± 0.18 0.47 ±
0.19

RF (Re-
gression)

0.94 ±
0.01

1.56 ±
0.05

2.41 ±
0.15 0.67 ± 0.02 0.83 ± 0.03 1.34 ± 0.08 2.17 ± 0.14 1.08 ± 0.26 0.97 ± 0.00 0.52 ± 0.05 1.03 ± 0.09 0.26 ± 0.01 0.92 ± 0.01 1.53 ± 0.04 2.40 ± 0.07 0.77 ± 0.07

SVM (Clas-
sification) 0.90 ± 0.02 2.01 ± 0.16 3.21 ± 0.32 3.08 ± 0.28 0.62 ± 0.05 1.86 ± 0.09 3.17 ± 0.23 4.19 ± 0.22 0.83 ± 0.02 1.38 ± 0.09 2.58 ± 0.18 1.24 ± 0.07 0.85 ± 0.01 2.06 ± 0.05 3.38 ± 0.11 5.87 ± 0.31
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Table 7. Cont.

Site 1 Site 2 Site 3 Sites 1, 2, 3

R MAE RMSE d R MAE RMSE d R MAE RMSE d R MAE RMSE d

SVM (Re-
gression) 0.90 ± 0.01 2.06 ± 0.07 3.07 ± 0.18 2.15 ± 0.12 0.62 ± 0.04 1.94 ± 0.11 2.93 ± 0.20 6.61 ± 0.75 0.80 ± 0.04 1.82 ± 0.17 2.82 ± 0.27 1.82 ± 0.14 0.85 ± 0.01 2.27 ± 0.06 3.30 ± 0.10 9.74 ± 0.44

XGB (Clas-
sification) 0.90 ± 0.01 1.78 ± 0.12 3.14 ± 0.20 0.45 ± 0.04 0.52 ± 0.06 1.98 ± 0.14 3.44 ± 0.27 2.47 ± 0.61 0.85 ± 0.04 1.23 ± 0.20 2.51 ± 0.38 1.17 ± 0.09 0.88 ± 0.02 1.70 ± 0.12 3.06 ± 0.22 0.55 ± 0.09

XGB (Re-
gression) 0.93 ± 0.01 1.59 ± 0.09 2.50 ± 0.18 0.48 ± 0.02 0.86 ±

0.02
1.18 ±

0.05
1.92 ±

0.09
0.59 ±

0.22
0.98 ±

0.00
0.39 ±

0.06
0.88 ±

0.13
0.16 ±

0.01
0.93 ±

0.01
1.49 ±

0.03
2.33 ±

0.06 0.48 ± 0.05

Table 8. Metrics obtained when comparing the penetrometer blows and the values given by the algorithms considering oversampling. Bold marks the best results
for each metric and algorithm.

Site 1 Site 2 Site 3 Sites 1, 2, 3

R MAE RMSE d R MAE RMSE d R MAE RMSE d R MAE RMSE d

Linear
regression 0.56 +0.03 4.95 +0.16 6.19 +0.20 5.50 +1.34 0.37 ± 0.04 3.27 ± 0.16 4.16 ± 0.21 3.02 ± 5.82 0.26 ± 0.14 4.17 ± 0.20 4.91 ± 0.26 3.51 ± 0.91 0.50 ± 0.02 5.00 ± 0.14 6.29 ± 0.17 3.40 ± 6.54

DT (Classi-
fication) 0.65 ± 0.03 4.21 ± 0.20 6.04 ± 0.28 1.88 ± 0.07 0.04 ± 0.05 2.81 ± 0.14 4.28 ± 0.22 1.76 ± 0.53 0.37 ± 0.09 3.11 ± 0.23 4.78 ± 0.30 1.26 ± 0.13 0.60 ± 0.04 3.80 ± 0.15 5.74 ± 0.25 1.73 ± 0.16

DT (Re-
gression) 0.67 ± 0.03 4.04 ± 0.18 5.67 ± 0.30 2.13 ± 0.05 0.41 ± 0.07 2.85 ± 0.17 4.20 ± 0.28 1.93 ± 0.30 0.34 ± 0.01 3.26 ± 0.31 4.71 ± 0.44 1.53 ± 0.17 0.63 ± 0.04 3.75 ± 0.20 5.40 ± 0.32 2.23 ± 0.16

KNN
(Classifica-

tion)
0.71 ± 0.03 3.72 ± 0.18 5.49 ± 0.30 5.33 ± 0.11 0.43 ± 0.06 2.55 ± 0.18 4.13 ± 0.24 4.74 ± 0.12 0.33 ± 0.07 3.13 ± 0.24 5.02 ± 0.27 2.68 ± 0.11 0.67 ± 0.03 3.34 ± 0.13 5.19 ± 0.21 6.38 ± 0.15

KNN (Re-
gression) 0.72 ± 0.01 3.66 ± 0.06 5.20 ± 0.08 5.00 ± 0.16 0.46 ± 0.07 2.64 ± 0.14 4.05 ± 0.29 4.84 ± 0.17 0.31 ± 0.10 3.36 ± 0.27 4.98 ± 0.41 2.56 ± 0.18 0.69 ± 0.02 3.29 ± 0.08 4.98 ± 0.12 6.31 ± 0.22

Logistic
regression 0.51 ± 0.04 6.31 ± 0.35 8.41 ± 0.38 8.74 ± 0.35 0.30 ± 0.07 5.69 ± 0.45 7.23 ± 0.43 8.24 ± 0.04 0.27 ± 0.07 3.82 ± 0.22 5.76 ± 0.33 3.76 ± 0.49 0.52 ± 0.03 5.80 ± 0.34 8.08 ± 0.42 5.85 ± 0.30

MLP (Clas-
sification) 0.65 ± 0.02 4.58 ± 0.16 6.44 ± 0.27 6.86 ± 0.67 0.35 ± 0.05 4.00 ± 0.27 5.76 ± 0.35 6.35 ± 0.31 0.29 ± 0.11 3.46 ± 0.34 5.26 ± 0.35 3.09 ± 0.39 0.59 ± 0.03 4.57 ± 0.24 6.62 ± 0.32 7.20 ± 0.51

MLP (Re-
gression) 0.76 ± 0.01 3.59 ± 0.09 4.76 ± 0.10 6.48 ± 1.07 0.37 ± 0.02 3.22 ± 0.14 4.35 ± 0.16 6.60 ± 1.15 0.35 ± 0.13 3.83 ± 0.30 4.81 ± 0.39 3.53 ± 0.58 0.65 ± 0.03 3.93 ± 0.14 5.16 ± 0.21 11.0 ± 1.46

RF (Classi-
fication) 0.70 ± 0.02 3.81 ± 0.15 5.59 ± 0.22 1.03 ±

0.05 0.48 ± 0.04 2.57 ± 0.16 4.07 ± 0.21 1.12 ±
0.40 0.46 ± 0.06 2.81 ± 0.21 4.53 ± 0.22 1.00 ±

0.08 0.67 ± 0.03 3.34 ± 0.13 5.33 ± 0.18 0.89 ± 0.11

RF (Re-
gression)

0.77 ±
0.03

3.32 ±
0.16

4.56 ±
0.20 1.36 ± 0.04 0.55 ±

0.04
2.26 ±

0.13
3.27 ±

0.19 1.36 ± 0.22 0.49 ± 0.09 2.97 ± 0.17 4.16 ± 0.28 1.33 ± 0.09 0.73 ±
0.01

3.02 ±
0.08 4.35 ± 0.12 1.27 ± 0.09

SVM (Clas-
sification) 0.67 ± 0.03 4.05 ± 0.24 5.85 ± 0.28 5.88 ± 0.17 0.41 ± 0.04 3.25 ± 0.14 4.74 ± 0.16 4.63 ± 0.25 0.33 ± 0.08 3.14 ± 0.23 5.01 ± 0.33 2.75 ± 0.21 0.64 ± 0.02 4.02 ± 0.18 5.96 ± 0.24 6.36 ± 0.29

SVM (Re-
gression) 0.74 ± 0.03 3.65 ± 0.16 4.96 ± 0.28 9.46 ± 1.42 0.40 ± 0.08 3.14 ± 0.21 4.67 ± 0.81 19.44 ±

3.33 0.18 ± 0.17 4.16 ± 0.25 5.36 ± 0.43 4.75 ± 0.67 0.67 ± 0.01 3.80 ± 0.10 5.13 ± 0.11 20.56 ± 2.0
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Table 8. Cont.

Site 1 Site 2 Site 3 Sites 1, 2, 3

R MAE RMSE d R MAE RMSE d R MAE RMSE d R MAE RMSE d

XGB (Clas-
sification) 0.68 ± 0.02 3.83 ± 0.20 5.72 ± 0.30 1.05 ± 0.06 0.43 ± 0.08 2.68 ± 0.21 4.25 ± 0.29 1.21 ± 0.32 0.43 ± 0.06 2.79 ± 0.21 4.59 ± 0.30 1.63 ± 0.07 0.67 ± 0.02 3.39 ± 0.11 5.31 ± 0.17 1.00 ±

0.15

XGB (Re-
gression) 0.76 ± 0.02 3.39 ± 0.14 4.68 ± 0.18 1.13 ± 0.04 0.49 ± 0.04 2.40 ± 0.08 3.54 ± 0.16 1.16 ± 0.19 0.51 ±

0.06
2.71 ±

0.14
3.95 ±

0.30 1.14 ± 0.11 0.73 ±
0.01 3.08 ± 0.04 4.40 ±

0.08 1.05 ± 0.06

Table 9. Metrics obtained when comparing the penetrometer blows and the values given by the algorithms considering depth and oversampling. Bold marks the
best results for each metric and algorithm.

Site 1 Site 2 Site 3 Sites 1, 2, 3

R MAE RMSE d R MAE RMSE d R MAE RMSE d R MAE RMSE d

Linear
regression 0.86 ± 0.01 2.94 ± 0.09 3.74 ± 0.14 2.46 +0.79 0.37 ± 0.04 3.41 ± 0.18 4.26 ± 0.21 7.25 ± 4.80 0.39 ± 0.08 3.75 ± 0.19 4.55 ± 0.24 3.18 ± 0.46 0.66 ± 0.02 4.23 ± 0.09 5.29 ± 0.12 5.50 ± 3.44

DT (Classi-
fication) 0.87 ± 0.01 2.17 ± 0.13 3.63 ± 0.22 0.83 ± 0.06 0.57 ± 0.06 2.03 ± 0.14 3.52 ± 0.24 1.45 ± 0.35 0.75 ± 0.08 1.60 ± 0.29 2.98 ± 0.43 0.63 ± 0.15 0.80 ± 0.01 2.35 ± 0.10 3.96 ± 0.15 1.04 ± 0.14

DT (Re-
gression) 0.88 ± 0.01 2.28 ± 0.10 3.47 ± 0.14 1.15 ± 0.03 0.68 ± 0.05 1.90 ± 0.16 3.12 ± 0.29 0.99 ± 0.17 0.73 ± 0.07 1.77 ± 0.20 3.15 ± 0.41 0.78 ± 0.12 0.83 ± 0.01 2.33 ± 0.09 3.72 ± 0.13 1.07 ± 0.07

KNN
(Classifica-

tion)
0.89 ± 0.02 2.21 ± 0.12 3.37 ± 0.24 2.33 ± 0.15 0.68 ± 0.06 1.68 ± 0.12 2.99 ± 0.25 4.53 ± 0.10 0.64 ± 0.07 1.83 ± 0.26 3.66 ± 0.52 1.32 ± 0.11 0.86 ± 0.01 1.99 ± 0.07 3.42 ± 0.17 5.81 ± 0.15

KNN (Re-
gression) 0.89 ± 0.01 2.26 ± 0.07 3.34 ± 0.13 2.40 ± 0.11 0.69 ± 0.04 1.79 ± 0.14 2.99 ± 0.21 4.62 ± 0.17 0.66 ± 0.07 1.90 ± 0.22 3.44 ± 0.41 1.27 ± 0.08 0.86 ± 0.01 2.03 ± 0.06 3.33 ± 0.16 5.57 ± 0.13

Logistic
regression 0.84 ± 0.01 3.49 ± 0.11 4.67 ± 0.12 4.70 ± 0.47 0.38 ± 0.04 4.51 ± 0.21 6.17 ± 0.25 7.45 ± 0.40 0.57 ± 0.13 2.58 ± 0.29 4.24 ± 0.51 2.18 ± 0.15 0.68 ± 0.02 4.66 ± 0.15 6.41 ± 0.23 6.25 ± 0.17

MLP (Clas-
sification) 0.84 ± 0.03 2.7 ± 0.18 4.11 ± 0.38 3.78 ± 0.57 0.52 ± 0.06 2.80 ± 0.19 4.42 ± 0.29 5.51 ± 0.47 0.66 ± 0.09 1.98 ± 0.27 3.52 ± 0.49 1.53 ± 0.18 0.77 ± 0.02 3.03 ± 0.12 4.66 ± 0.17 6.65 ± 0.47

MLP (Re-
gression) 0.90 ± 0.01 2.34 ± 0.10 3.16 ± 0.13 3.31 ± 0.37 0.60 ± 0.03 2.65 ± 0.11 3.56 ± 0.14 7.64 ± 1.20 0.77 ± 0.09 1.94 ± 0.30 2.88 ± 0.55 2.07 ± 0.52 0.82 ± 0.01 2.75 ± 0.05 3.71 ± 0.13 6.50 ± 0.33

RF (Classi-
fication) 0.90 ± 0.01 1.88 ± 0.12 3.26 ± 0.20 0.47 ± 0.03 0.68 ± 0.07 1.70 ± 0.16 3.09 ± 0.36 0.82 ± 0.04 0.79 ± 0.03 1.43 ± 0.14 2.91 ± 0.29 0.54 ± 0.06 0.88 ± 0.01 1.75 ± 0.09 3.15 ± 0.13 0.54 ±

0.13

RF (Re-
gression)

0.93 ±
0.01

1.82 ±
0.10

2.70 ±
0.18 0.73 ± 0.02 0.74 ± 0.05 1.61 ±

0.09
2.52 ±

0.20 1.12 ± 0.31 0.87 ± 0.05 1.37 ± 0.25 2.30 ± 0.47 0.58 ± 0.13 0.90 ±
0.01 1.76 ± 0.05 2.69 ±

0.11 0.82 ± 0.12

SVM (Clas-
sification) 0.88 ± 0.01 2.24 ± 0.10 3.52 ± 0.17 2.97 ± 0.30 0.61 ± 0.05 2.11 ± 0.11 3.49 ± 0.17 3.74 ± 0.16 0.66 ± 0.07 1.86 ± 0.25 3.55 ± 0.49 1.36 ± 0.12 0.81 ± 0.02 2.40 ± 0.09 3.89 ± 0.12 5.78 ± 0.18

SVM (Re-
gression) 0.89 ± 0.01 2.22 ± 0.09 3.26 ± 0.15 5.97 ± 1.16 0.55 ± 0.06 2.66 ± 0.23 3.90 ± 0.31 13.39 ±

3.37 0.74 ± 0.08 2.04 ± 0.17 3.11 ± 0.35 2.79 ± 0.37 0.83 ± 0.02 2.62 ± 0.11 3.72 ± 0.21 14.05 ±
1.23

XGB (Clas-
sification) 0.90 ± 0.02 1.88 ± 0.13 3.27 ± 0.25 0.46 ±

0.04 0.65 ± 0.04 1.82 ± 0.14 3.22 ± 0.24 0.67 ±
0.11 0.82 ± 0.03 1.21 ±

0.12 2.55 ± 0.17 1.20 ± 0.07 0.85 ± 0.01 1.97 ± 0.08 3.50 ± 0.11 0.60 ± 0.11

XGB (Re-
gression) 0.92 ± 0.01 1.83 ± 0.08 2.75 ± 0.15 0.60 ± 0.02 0.75 ±

0.04 1.64 ± 0.10 2.54 ± 0.19 0.88 ± 0.19 0.89 ±
0.04 1.28 ± 0.22 2.17 ±

0.52
0.48 ±

0.11
0.90 ±

0.01
1.74 ±

0.05 2.71 ± 0.10 0.68 ± 0.09
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In most cases oversampling leads to a worse performance. The best option would be
to take depth into account without oversampling in this case (Figure 9).
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3.2. Effect of Distance

Figure 10 shows the value of the correlation coefficient for the different algorithms
based on the maximum distance between the data and its corresponding penetrometer.

In general, the behaviour was similar in the different sites. The maximum correlation
coefficient was not reached at the minimum distance since the number of samples is small.
The highest correlations were reached at about 2 m, from which the correlation coefficients
decrease until reaching an asymptotic branch.
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4. Discussion
In this article the correlation between the drilling data of rigid inclusions and the

values of dynamic penetrometers has been analysed. The goal was for drilling data to
provide the same information as penetrometers.

The results obtained show that the analytical formulas are too rigid for the range of
terrains analysed. ML algorithms showed to be better adapted to the penetrometric profile
of the ground.

It was also decided to introduce depth as an input variable for the algorithms. By
taking the depth into account, a significant improvement in the coefficients was achieved.

It must be considered that by adding depth to the set of input variables, we are
turning the data into a kind of time series, in the sense that the values can now be ordered
sequentially. Time series present a very strong correlation with the variable that functions
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as time, masking other possible relationships. It could cause the algorithms to be unable to
predict changes in the nature of the terrain layers.

However, the nature of the terrain is related to the depth at which it is found. We are
indirectly giving information to the algorithms such as the increase in friction in the tool or
the difficulty in displacing the ground depending on the depth. The introduction of the
depth must be done with caution, considering that it could mask the presence of layers that
do not follow the prevailing trend.

On the other hand, the sequential nature of the drilling data allows the use of tech-
niques such as DTW. This metric is easily understandable for the visual comparison of
series in a plot.

Regarding oversampling, it has not proven useful in this case.
About the effect of distance when choosing the data set, it is observed that the maxi-

mum correlation coefficient was not reached at the minimum distance since the number
of samples was small and the model is not behaving well in the training set. The highest
correlations were reached considering a distance of about 2 m from which the correlation
coefficients decreased. This validates the distance chosen to initially train the algorithms.

Regarding the algorithms used, after the analysis carried out, the regression approach
seems to have better results.

The algorithms that have shown the best results for these datasets have been the tree
ensemble methods (RF and XGB). This is expected, as these algorithms are top performers
for tabular data. In general, XGB regressor has shown the best results.

The models perform slightly better in the train set than in the test set, which is to be
expected. However, in some cases, the performance in the train set is perfect, a signal of
overfitting. This could be solved with some adjustment to the hyperparameters given by
grid search that are adjusting too much to the train set.

This paper is one of the few that deal with data from rigid inclusions. Compared with
previous works this article presents a more robust methodology and addresses the issue
of imbalanced data. The paper employs a shape-based metric—dynamic time warping
(DTW)—to compare the predicted and actual penetrometric profiles, allowing for a more
nuanced assessment of profile similarity than standard error metrics alone. The use of DTW
for this kind of application is a newly proposed approach. In addition, the performance of
the most important kind of algorithm has been analysed. The proposed methodology is
a starting point for the characterisation of the bored soil based on the analysis of drilling
data during the execution of rigid inclusions.

5. Conclusions
ML algorithms can reproduce with a reasonable level of accuracy the soil penetrometric

profile from the drilling values of rigid inclusions. The results obtained represent an
improvement compared to the traditional analytical formulas, which do not faithfully
adapt to the blow values for the range and type of terrain analysed.

Attention must be paid to possible errors introduced during the selection of the data set
(especially important is the distance between the inclusions and their nearest penetrometer). In
practice, a distance of 2 m presented good results, but this depends on the site, number of avail-
able penetrometers, etc. Practitioners must evaluate what suit is best for their current situation.

Taking depth into account improves overall predictions, but engineers and researchers
should remain alert to the possibility that abrupt changes in soil properties may be over-
looked by algorithms relying heavily on depth as a predictor.

Tree ensemble methods are confirmed as the algorithms to use in this kind of problem,
especially the XGB regressor.
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The methodology to use DTW for drilling data proposed in this paper gives a useful
metric to measure the similarity between obtained and expected results, going beyond
traditional error measurements to compare overall profile shapes.

In this way, ML algorithms applied to drilling data can become a useful tool to gain
more information about the terrain and validate the design hypotheses in deep foundations
and ground improvement. Nonetheless, the identified limitations and the sensitivity to
dataset selection should guide practitioners in responsibly adopting these methods for
real-world applications.
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