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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,
Millén 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-
Iikhchi 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
etal. [43] combined MWD data and close-range terrestrial digital photogrammetry (CRTDP)
to establish certain relationships between drilling parameters and rock mass structures.

Galende-Hernéndez 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.

Diaz 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:

o (t)i7_002n: time to perforate 0.2 m of material;
e  P: thrust applied to the drilling tool;

VRr: rotational speed;

V4: perforation rate;

Sp: area of the drilling tool;

Cg: rotational torque.

Table 1. Compound parameters.

Name Formula Reference
Penetration resistance Rp = (t)az—0om Moller et al., 2004 [59]
Somerton index S;=P “% Somerton 1959 [60]
Drilling specific energy SDE = S% + 25—75 -V1§/'§R Teale 1965 [61]
Specific energy Es=C R-% 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.

. Target
Algorithm Variable
Depth of Penetration Rotational Rotational Thrust Penetrometer
Perforation Rate Speed Torque Blows
Unit (m) (m/h) (rpm) (tm) (®) )
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



Appl. Sci. 2025, 15,1331

50f22

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.

P-1 (Site 1)

Depth (m)

10 20 30
DPSH blow

Figure 1. Representation of penetrometer P-1 of Site 1.

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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Figure 2. Error introduced by distance between inclusion and penetrometer.
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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

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

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

Decision trees (regression) ‘min_samples_leaf”: 2, 3, 4, 5; “‘max_leaf_nodes”: None, 100, 50, 10; “ccp_alpha”: 0,

0.005, 0.015, 0.03
‘n_estimators”: 100, 300, 500; “max_depth’: 5, 10, 15, 20, None;
Random forests ‘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”: ‘11’, ‘12’
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
‘eta”: 0.01, 0.025, 0.1; “‘gamma’: 0.05, 0.5, 1.0; “‘max_depth”: 5, 12, 25;
XGBoost ‘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
‘activation”: ‘relu’, ‘identity’, ‘logistic’, ‘tanh’; “solver’: ‘adam’, ‘lbfgs’, ‘sgd’;
Multilayer perceptron ‘alpha’: 0.0001, 0.01, 0.1; “learning_rate”: ‘constant’, ‘invscaling’, ‘adaptive’;

‘learning_rate_init": 0.001, 0.1, 1.0

Count

Count

300

Site 1 Site 2

250 A

200 -

150 A

300

25 30 0 5 10 15 20 25 30
Sites 1, 2, 3

250 -

200 -

150 A

100 ~

50 A

15 20 25 30 0 5 10 15 20 25 30
DPSH blow DPSH blow

Figure 3. Number of samples for each blow count value for maximum distances of 2 m.

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.

25 7

20 T

157

10 1

25

20 T

15 1
10 A
5-.

T T T T

0 20 40 60 80 100 120 140

-

Figure 4. Comparison between two series (in blue) using DTW with a window of 5. The yellow lines
represent the path to convert one series into the other.

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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Figure 5. Comparison between two series using DTW with no window applied.

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.

O U [

MWD Reports = Position values Penetrometers Position values
-[ Reports 1-
Site 1 Site 2 Site 3

\ Penetrometers Penetrometers Penetrometers /

Blow value
assigment
<— [ & L" H ""
Characteristics of the Data pre- Best |"—
terrain and machinery processing hyperparameters Analyzing algorithm results and

comparing with analitical formulas

Figure 6. Scheme of the methodology followed.
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Depth (m)

Site 1

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.

Site 2 Site 3 Sites 1, 2, 3

10

DPSH blow

20

30 0 10 20 30 0 10 20 30 0 10 20 30
DPSH blow DPSH blow DPSH blow

—— Scaled penetration resistance Scaled Somerton index —— Scaled specific drilling energy —— Scaled specific energy ~ == Real DPSH blows

Figure 7. Mean profiles of compound parameters and real mean penetrometric profile.

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

Depth (m)

0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30
DPSH blow DPSH blow DPSH blow DPSH blow

—— KNN (classification) ~ —— DT (regression) ~—— Logistic regression ~—— MLP (classification) =~ —— DT (classification) ~—— KNN (regression) Linear regression === Real DPSH Blows

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

Depth (m)

-13
0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30
DPSH blow DPSH blow DPSH blow DPSH blow

—— SVM (classification) —— RF (regression) —— XGB (classification) —— XGB (regression) —— RF (classification) —— SVM (regression) MLP (regression) - Real DPSH Blows
Figure 8. Mean penetrometric profiles predicted by the algorithms and real mean penetrometric profile.

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. Metrics 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 Site1,2,3
R MAE RMSE d R MAE RMSE d R MAE RMSE d R MAE RMSE d
Penetration )5\ 604 7004023 8954025 678+191  0%E 5134015 6464017 2264097 O E 3.00 + 416+ 245+ (504004 6124028 7804032 3924251
resistance 0.03 0.01 0.03 0.03 0.29
Somerton 45 (004 6284030 7814034 5814120 “OWOF 5034007 6364026 2664112 0414001 3314004 4284004 2614039 ~ 00E 4.96 + 647+ 484
index 0.02 0.04 0.26 0.29
Drilling 5.03 + 6.60 + 499 +
specific 045 0.03 e o Do 0094003 4934026 6184033 2924210 0244001 5654012 678+0.13 3624191 0374004 5504027 6794033 3814220
energy i ’ ’
Specific 0.58 + 481+ 611+ 213 + 044 + 363+
oy o8 7294040 8994040 6124179  0.01+0.03 b o Pyl s 3054004 4634004 2494022 0374004 6724043 8394043 o
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
re;‘e‘:;z 056003 464+014 5884016 465125 039004 245+011 3474019 369425 049+005 3124015 398+021 2464029 051£002 4074010 535+012 444%210
DﬁTCgfllg‘fsl 0674004 387 +013 5634019 2724010 039+004 2524015 404+022 289+054 026401 3284028 5304046 2734013 0624002 353+010 535+0.16 2.03+0.15
g?ezs(ii) 0704002 3814013 5104018 2964008 0434005 2404014 346+023 291+03 0474006 2984015 4144025 207+0.15 0654003 3524018 4804017 3154018
KNN
(Classifica-  0.69+£0.02 3834011 564+018 5104009 0414004 244+017 396+0.19 387+018 0304007 3004023 5004021 260+008 0.66+002 336+011 5214017 5.68+0.12
tion)
I;giigs' 0774002 3384014 4524020 3804006 0494002 2254009 3324014 3694009 049+004 294+019 3874027 2414007 0724002 3094004 4304006 5124009
r(}g"r%‘:s?gn 0424005 525402 7364032 4874028 0314002 2474010 3.68+019 3434005 0354007 3134018 5254027 276+006 0384001 466+012 6544017 511+0.10
I‘ghfﬁf;ﬁ; 073+003 3474011 5004022 603+028 035006 246+016 3.88+026 523+053 0334012 2864028 489+038 228+021 0624003 351+012 5314016 6.06+036
MLP (Re- 0.79 +
oression) e 3234017 4314021 5944042 0464003 230+011 323+014 3994034 0584005 285+017 3764023 2494013 0714002 324+011 4404014 6414075
RE(Classi- 734 003 3384016 5084027  FOF 054003 2184007 3564017  O82F 0384007 2014026 5024042 1934015 0724002  7E 404017  07BE
fication) 0.05 0.27 0.11 0.10
RF (Re- 0.79 + 3.16 + 213+ 334+ 0.75 + 410 £
sression) e o 4364016 1364003 054007 s 3254024 1314017 0634005 246+0.16 o 1.08 + 0.03 5 2.89 +0.05 o 1.5140.10
SVM(Clas- 77 1 000 3534015 5234021 6004024 0494004 2224014 3524024 4434037 0404013 2784022 4814032 2364011 0684002 3284011 4914016 642+ 029

sification)
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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
th’;gf)' 076 £002 3324009 4664017 868+032 045004 2324004 352+010 469+022 0514004 2744018 414403 253402 069+001 320+008 4514012 9.68+0.65
éﬁf’;&iﬁ 0714002 3554008 5234015 1554004 0424005 2224009 3584013 3064008 0294011 3.18+035 528+051 2864017 0664002 3184010 4994020 1.01+0.14
;(rceil(gr‘f) or %;E 321+0.15 4'03.‘;? 1.79 + 0.04 0.(]5;5:& 2204014 3;2? 120+ 0.14 0'06})6* 2‘3421i 3.62+ 036 1}%? 0744001 3014008 4194011 201006
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
re;re‘::izn 086+001 2864009 3.60+014 2284071 0394004 246+011 3474018 3704296 0544004 291+015 385+025 2174026 0.67+002 3694008 4654010 445+237
ljfi;il:sil 0894001 1914009 3294013 0824003 062+011 1814022 3224048 1714075 0954001 0624007 144+0.16 0224002 0854001 200+008 345+011 1054022
g?:;gi‘:) 0904001 2104013 3.084020 1414005 0744004 1504012 2654022 1074043 0964001 062+006 1314007 0264002 08741001 1944008 3084014 1394017
KNN
(Clgsosrilf)ica— 0904001 2264012 3414022 1994003 0634006 1854007 3284022 4094012 0664007 1814035 3474056 1184006 0864001 2024009 3424017 5344008
I;gglg‘; 0904001 2134006 2994013 1884005 069+006 165+010 274025 3864008 0784004 165018 2914031 1204005 0884001 1884005 293+010 4.97+008
rg“g"r‘iissstiign 085+£001 2774015 3974£017 238+£007 026008 260+015 38541024 373£006 031+£006 284019 499+024 253+£014 0624003 380+£021 535+£023 505+0.11
I\S/fhfa(t%ij 0884001 2174012 3434018 3484058 0444004 2334016 366025 5014049 0844004 1414011 2624023 114+011 0824001 2344007 3.68+007 546021
gﬁiﬁ% 0914001 2104008 2994013 278+0.18 064004 2094014 293+002 496+051 0904002 1344015 2004021 147+018 0854002 236+009 325+0.18 554 =040
Rfigchlg;;‘ 0914002 167+£0.13 2984026 0'04_((’) 4:'[ 0784004 1354010 2464020 0704049 0914003 089+015 1874034 0214003 0904001 1494009 273+0.18 0'043;
gfiéi‘;) O'g.‘(’ni 1'05‘35i zﬁllsi 0674002 0834003 1344008 2174014 1084026 0974000 0524005 1.03+009 0264001 092+001 1534004 2404007 077 +0.07
SVM(Clas- 1904 002 2014016 3214032 3.08+£028 0624005 1864009 31742023 4194022 083+002 138009 2584018 1244007 0854001 206+005 338+011 587031
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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
Zitii(if)' 090+001 2064007 3.07+£018 215+012 0624004 1944011 293+020 6614075 080004 1.82+017 2824027 1824014 085+001 2274006 330010 9.74+0.44
)élcfi]ga(t?éii- 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+0.27 247 +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- 0.86 + 118 + 1.92 + 0.59 + 0.98 + 0.39 + 0.88 + 0.16 + 0.93 + 149 + 2.33 +
gression) 093+001 1594009 2504018  048+002 0.02 0.05 0.09 0.22 0.00 0.06 0.13 0.01 0.01 0.03 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
re;g::izn 056+0.03  495+0.16 6194020  550+1.34 0374004 327+016 416+021 3.02+582 026+0.14 417+020 491+026 351+091 050+0.02 500+014 6294017 3.40+6.54
Dgcéilg‘rsl)m 0.65+0.03 4214+020 604028 1.88+0.07 0044005 2814014 428+022 1764053 037+£009 3.11+023 4784030 1264013 0.60+004 3804015 574+025 1.73+0.16
g?:;gi‘:) 0.67+0.03 4044018 567+030 213+005 0414007 285+0.17 420+028 193+030 0344001 3264031 4714+044 153+017 063+004 3.75+020 540+032 2.23+0.16
KNN
(Classifica-  0.71+0.03 372+0.18 549+030 533+0.11 043+0.06 255+0.18 4134+024 4744012 0334007 3134024 502+027 268+011 067+003 334+013 519+021 6.38+0.15
tion)
I;ggigs' 0724001 3.66+006 520+£008 500+0.16 046+0.07 264+0.14 405+029 484+0.17 0314010 336+027 498+041 2564018 069+002 329+008 498+0.12 6.31+0.22
r:g(i‘(igss?gn 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
gkfﬁféﬁ? 0.65+0.02 4584016 644+027 686+067 035+005 400+027 576+035 635+031 0294011 3464+034 5264035 3.094+039 059+003 457+024 6.62+032 7.20+051
;&iﬁ% 076 £0.01 3594009 476+0.10 648+107 0374002 3224014 4354016 6.60+115 035+0.13 3.83+030 4814039 353+£058 0.65+003 3934014 516+£021 11.0+146
Rl.: (C_lassi- 0.70 +0.02 3.81 +0.15 5.59 +0.22 103 £ 0.48 +0.04 2.57+0.16 4.07 +£0.21 L2+ 0.46 +0.06 2.81 +£0.21 453 +0.22 1.00 £+ 0.67 +0.03 3.34+0.13 5.33+0.18 0.89 +0.11
fication) 0.05 0.40 0.08
RF (Re- 0.77 + 332+ 456 + 0.55 + 226 + 327 + 0.73 + 3.02 +
gression) 0.03 016 020 1.36 £ 0.04 0.04 013 0.19 136+022 049+0.09 297+0.17 416+028 1.33+0.09 0.01 0.08 4354012  1.27+0.09
i}ggﬁgﬁ? 0.67+0.03 405+024 585028 588+0.17 0414004 325014 474+0.16 4634025 0332008 3.14+023 5014033 2754021 0.64+002 4024018 596024 6.36+0.29
SVM (Re- 19.44 +
aression) 0744003 3654016 496+028 946+142 040+0.08 3.14+021 4.67+081 333 0184017 416+025 536+043 475+0.67 067+001 380+0.10 513+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- ot 002 3834020 5724030 1054006 043+008 268+021 4254029 1214032 0434006 2794021 4594030 1634007 0674002 3394011 5314017  “00F
foation, 0680, 83 +0. . . . . 4340, 68 +0. . . 2140. 43 +0. . . 59+ 0. 63+0. . . . . 31+0. -
XGB(Re- o0 000 3394014 4684018 1134004 0494004 2404008 3544016 1164019 01+ 271+ 395+ gqph011 0 OBE 3081006 0E 054006
gression) 0.06 0.14 0.30 0.01 0.08
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
re;‘e‘:;fm 086+£001 294+009 3744014 2464079 037004 3414018 4264021 725+480 039008 3754019 4554024 318+046 0664002 4234009 529+012 550=344
DﬁTcgil:;;“ 0874001 2174013 3634022 0834006 0574006 2034014 3524024 1454035 0754008 1604029 298+043 0634015 0804001 235+010 396+015 1.04+0.14
g?ezs(ii) 088+£001 2284010 3474014 1154003 068=005 1904016 3124029 099+017 073+£007 1774020 315+041 078+012 083+001 2334009 372+013 1.07=007
KNN
(Classifica- 0894002 2214012 3374024 2334015 068006 168+012 2994025 453+010 0644007 1834026 366+052 1324011 086+001 199+007 3424017 5814015
tion)
I;zglg‘; 089+001 2264007 3344013 2404011 069-004 1794014 299+021 462+017 066+007 1904022 344+041 127+008 0864001 203+006 333+0.16 557+0.13
r;;%;ss?ocn 0844001 3494011 4674012 4704047 0384004 4514021 6174025 7454040 0574013 2584029 4244051 2184015 0684002 466+0.15 6414023 625+017
I\s/ftha(tE:olij 0844003 274018 4114038 378+057 0524006 2804019 4424029 551+047 066009 198+027 3524049 1534018 0774002 303+012 466+017 6.65=047
g&;ﬁ*) 0904001 2344010 3164013 3314037 060+003 2654011 356+014 764+120 0774009 1944030 288+055 207+052 0824001 2754005 3714013 650+033
RE(Classi- 95 001 1884012 326402 47+ +£007 170401 9 + 24004 079+ 1434014 2914029 4+ £001 1754009 3.15+0.1 0.54 +
foation 090001 1885012 3262020 047003 068007 170£016 3094036 082:004 0794003 1430, 914029 0544006 088+£001 1754009 3.15+0.13 o1
RF (Re- 0.93 + 182+ 270 + 161+ 252+ 0.90 + 269 +
gression) o o h 073+002 074+ 005 o o 1124031 0874005 1374025 2304047 058+0.13 e 1.76 +0.05 h 0.8240.12
Sg}?égfj 0884001 2244010 3524017 2974030 0614005 2114011 349+017 374+016 0664007 1864025 3554049 136+012 0814002 240+009 3894012 578+0.18
zlﬁgf) 089+001 2224009 3264015 597+116 0554006 2.66+023 3.90+031 133‘3397i 0744008 2044017 3114035 2794037 0834002 2624011 3724021 141'0253i
XGB(Clas- 404 000 1884013 3274025 %¥E  oe5i004 1824014 3224024  7F  gmio0s  MAE 5550017 1204007 0854001 1974008 3504011 0604011
sification) 0.04 0.11 0.12
XGB (Re- 0.75 + 0.89 + 217 + 048 + 0.90 & 174 +
prossiony 0924001 1833008 2752015 060002 o 164+010 254+019 0.88+0.19 oor 1284022 o A oo o 2714010  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).

Site 1 Site 2 Site 3 Sites 1,2, 3
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—— REF (regression) (depth) —— XGB (regression) (depth) —— SVM (regression) (depth) = Real DPSH Blows

Figure 9. Mean penetrometric profiles predicted by the algorithms and real mean penetrometric
profile considering depth.

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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Figure 10. Values of the correlation coefficient for the different algorithms depending on the maximum
distance to the penetrometer considered.

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



Appl. Sci. 2025, 15,1331

18 of 22

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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