Nikola Bozovié'™

, Andrija Petrovi¢®, Marija Krstic®, Mladen Cosié

1@, Sanja Jockovié* ®, Milos Marjanovicé*

PILE BEARING CAPACITY AND SETTLEMENT ESTIMATION BASED ON OPTIMISED
MACHINE LEARNING MODELS

PROCENA NOSIVOSTI I SLEGANJA SIPOVA OPTIMIZOVANIM MODELIMA MASINSKOG
UCENJA

Originalni naucni rad / Original scientific paper
Rad primljen / Paper received: 29.12.2025
https://doi.org/10.69644/ivk-2026-02-0233

Adresa autora / Author's address:

D Institute for Testing of Materials-IMS, Belgrade, Serbia
N. Bozovi¢ https://orcid.org/0009-0006-3804-6524 ,
“email: nikola.bozovic@institutims.rs

M. Cosié https://orcid.org/0000-0002-2581-2692

2 University of Belgrade, Faculty of Organizational Sciences,
Belgrade, Serbia

3 Elixir Engineering, Sabac, Serbia

4 University of Belgrade, Faculty of Civil Engineering, Belgrade,
Serbia S. Jockovi¢ https://orcid.org/0000-0002-3896-4791 ;

M. Marjanovi¢ https://orcid.org/0000-0002-7968-3873

Keywords

« pile bearing capacity
« pile settlement

« pile testing

+ machine learning

- geotechnical data

Abstract

Determining pile bearing capacity and settlement using
analytical procedures commonly applied in engineering
practice requires validation through field testing, either by
static or dynamic methods. However, test results frequently
exhibit significant deviations from calculated values. Since
pile testing is both costly and time-consuming, this study
investigates the application of eleven machine-learning algo-
rithms to predict pile bearing capacity and settlement based
on soil data at pile locations. The soil dataset is divided into
laboratory and field data, forming four prediction ap-
proaches. The applied machine-learning algorithms include
linear regression models, tree-based models, distance- and
kernel-based models, as well as ensemble and boosting
models. The database contains information on 170 piles
tested both by static and dynamic methods within the Bel-
grade area. Algorithm performance is evaluated using R’
values, with the CatBoost algorithm achieving the highest
accuracy for both capacity and settlement prediction. For
the best-performing model, the most influential parameters
are identified for all four prediction approaches. The cross-
sectional area of the pile is found to be the dominant factor
in bearing-capacity prediction, while the applied load has
the greatest influence on settlement prediction. Finally, con-
ventional analytical methods for bearing capacity and set-
tlement are performed for all piles in the database. The
results obtained using analytical calculation methods often
exhibit significant deviations from those derived from pile
load testing. By incorporating rvesults from SLT and DLT
and linking them with field and laboratory data, machine
learning provides more advanced solutions compared to
conventional analytical methods.

List of abbreviations

Kljuéne reci
nosivost $ipa
sleganje $ipa
ispitivanje Sipa
masinsko uéenje
geotehnicki podaci

Izvod

Odredivanje nosivosti i sleganja Sipova primenom stan-
dardnih analitickih postupaka u praksi zahteva validaciju
kroz terenska ispitivanja statickim ili dinamickim metodama.
Medutim, rezultati ovih ispitivanja cesto pokazuju znacajna
odstupanja u odnosu na proracunske vrednosti, dok su sama
ispitivanja skupa i vremenski zahtevna. U ovom radu prime-
njeno je jedanaest algoritama masinskog ucenja za predvi-
danje nosivosti i sleganja Sipova na osnovu parametara tla
u kojem su Sipovi izvedeni. Podaci o tlu podeljeni su na
laboratorijske i terenske, na osnovu cega su formirana Cetiri
pristupa predvidanja. Primenjeni algoritmi masinskog uce-
nja obuhvataju linearne modele, modele zasnovane na drvetu
odlucivanja, modele zasnovane na udaljenosti i jezgru, kao
i ansambl i ,,boosting “ modele. Baza podataka koris¢ena u
analizi obuhvata informacije o 170 Sipova ispitanih statickim
i dinamickim metodama na podrucju Beograda. Efikasnost
algoritama ocenjena je pomocu koeficijenta determinacije
R?, pri demu je CatBoost algoritam postigao najveéu tacnost
u predvidanju nosivosti i sleganja. Za ovaj algoritam odre-
deni su i najuticajniji ulazni parametri za sva Cetiri pristupa
predvidanja. Kao dominantan parametar u predvidanju nosi-
vosti izdvojila se povrsina poprecnog preseka Sipa, dok se u
predvidanju sleganja kao najuticajnija pokazala sila u Sipu.
Za sve Sipove iz baze izvrsen je i proracun nosivosti i slega-
nja primenom konvencionalnih analitickih metoda. Rezultati
proracuna analitickim metodama Cesto znacajnije odstupaju
od resenja koja se dobijaju ispitivanjem Sipova. Primenom
resenja dobijenih SLT i DLT ispitivanjem Sipova i poveziva-
njem sa terenskim i laboratorijskim podacima, masinsko
ucenje obezbeduje naprednija resenja u odnosu na analitic-
ke metode.

Abbreviation Full name BiLSTM Bidirectional Long Short-Term memory
Al Artificial Intelligence CB CatBoost
ANFIS Adaptive Neuro-Fuzzy Inference system CNN Convolutional Neural Network
ANN Artificial Neural Network DLT Dynamic Load Test
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Pile bearing capacity and settlement estimation based on ...

Procena nosivosti i sleganja Sipova optimizovanim modelima ...

DNNs Deep Neural Networks

DT Decision Tree

ER Elastic Net Regression

GB Gradient Boosting

GBM Gradient Boosting Machine
GEP Gene Expression Programming
GNN Graph Neural Network
KNN K-Nearest Neighbours

LR Linear Regression

LsR Lasso Regression

LSTM Long Short-Term Memory
MAE Mean Absolute Error

ML Machine Learning

MSE Mean Squared Error

PINNs Physics-Informed Neural Networks
PSO Particle Swarm Optimization
R2 Coefficient of Determination
RF Random Forest

RNN Recurrent Neural Network

RR Ridge Regression

RVMs Relevance Vector Machines
SHAP SHapley Additive exPlanations
SLT Static Load Test

SVM Support Vector Regressor
XGB XGBoost

INTRODUCTION

Pile capacity prediction is a critical task in geotechnical
engineering, where reliable predictions can significantly
improve design efficiency and reduce costs. Traditional
methods rely on empirical formulas, field testing, or labora-
tory experiments. However, these methods are often time-
consuming, expensive and limited by the assumptions in-
herent in the models.

Over the years, various experimental and theoretical
methods have been developed to evaluate pile capacity and
settlement, yet each approach has limitations. Among these,
the Static Load Test (SLT) is widely used for determining
pile behaviour under working loads, although expensive and
time-consuming. Dynamic load test (DLT) has gained global
acceptance as an alternative, leveraging wave propagation
theory. Numerous studies confirm a strong correlation be-
tween capacity estimates from DLT and SLT, demonstrating
DLT reliability and efficiency (Likins and Rausche /28/;
Souza et al. /1/, Cuajao et al. /2/). Nonetheless, DLT may
require multiple tests per project which can increase costs
and extend schedules.

To overcome these challenges, engineers and researchers
increasingly employ artificial intelligence (AI) and machine
learning methods that excel in identifying complex, nonlin-
ear relationships within geotechnical data (e.g., Das and
Basudhar /3/; Lee and Lee /4/). Recent studies reveal prom-
ising, ML-based solutions for enhancing pile capacity predic-
tions. Reliable bearing capacity estimation is crucial for opti-
mising geotechnical designs and minimising overall costs.
While traditional techniques rely on empirical formulas and
field tests with inherent assumptions, ML approaches offer
adaptability and robustness, paving the way for more effi-
cient and reliable prediction of pile capacity.

Artificial Neural Networks (ANN) rank among the earliest
machine learning (ML) methods introduced in geotechnical
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engineering. Goh /5/ pioneered their use, demonstrating
ANN’s effectiveness in modelling complex nonlinear be-
haviour. Still, these models require meticulous hyperpa-
rameter tuning to prevent overfitting or underfitting. For
example, Ghorbani et al. /6/ develops an adaptive neuro-
fuzzy inference system (ANFIS, a form of ANN-based
model) to correlate cone penetration test (CPT) results with
ultimate pile capacity, achieving a correlation coefficient
around 0.96 on a dataset of 108 case histories. Studies have
also combined ANNs with metaheuristic optimisation to
enhance accuracy. Armaghani et al. /7/ introduces a hybrid
PSO-ANN (particle swarm optimisation optimised ANN) to
forecast the settlement of rock-socketed piles, obtaining an
R? of ~ 0.89 on test data. These results confirm that ANN-
based approaches can capture the nonlinear relationships
between soil properties, pile characteristics, and bearing
behaviour with high fidelity. In parallel, Support Vector
Machines (SVM) have gained attention for pile capacity pre-
diction due to their robustness in high-dimensional spaces
(Pal and Deswal /8/; Samui /9/).

While some researchers find SVM models to be outper-
formed by tree-based ensembles, others report competitive
performance when SVM hyperparameters are well-tuned.
For instances, recent research has demonstrated that SVM
can effectively predict pile bearing capacity with competi-
tive accuracy compared to conventional methods and ensem-
ble models (Galib et al. /29/). With careful feature selection
and parameter calibration, SVMs can be potent tools for
pile capacity prediction even though they are somewhat less
common in recent literature than ANN or ensemble models.

Several studies have shown that ensemble methods, such
as Random Forest (RF), Gradient Boosting Machines
(GBM), and XGBoost, offer high accuracy in predicting pile
capacity. Kardani et al. /10/ optimised six ML algorithms
using particle swarm optimisation, where PSO-tuned
XGBoost achieved the best accuracy (R? = 0.9615). Amjad
et al. /13/ confirmed the superiority of XGBoost over other
ML models using a dataset of 200 driven piles. Arbi et al.
/14/ extends this analysis to layered soils, using grid and
random search techniques to tune XGBoost, RF and SVM
models. XGBoost again emerges as the best performer.

Deep learning approaches have become increasingly pop-
ular. Pham et al. /11/ combines genetic algorithms with deep
neural networks (DNNs) for architecture optimisation,
achieving excellent results on a dataset of 472 driven piles.
Benbouras et al. /12/ tested 11 ML algorithms and found
DNNSs outperform others in predicting driven pile capacity.
Kumar et al. /15/ compares DNN, CNN, RNN, LSTM, and
BiLSTM, with DNN providing the highest accuracy. PINNs
(Physics-Informed Neural Networks) are introduced by Al-
Atroush /16/ to integrate theoretical geotechnical equations
into the training loss, improving interpretability and gener-
alisation.

Hybrid ML models leveraging evolutionary algorithms
have also demonstrated strong performance. Pham et al. /11/
used genetic algorithms for feature selection and DNN opti-
misation. Khan et al. /17/ employs gene expression pro-
gramming (GEP) to derive an interpretable explicit formula
for axial pile capacity and uses SHAP for model interpreta-
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tion. Khatti et al. /18/ tested 33 variants of relevance vector
machines (RVMs) optimised via genetic and particle swarm
algorithms for modelling time-dependent capacity in cohe-
sive soils.

A growing trend is integrating geotechnical knowledge
into ML models. Xiong et al. /30/ develops a physics-in-
formed ML framework incorporating soil-pile interaction
features to enhance model reliability. Al-Atroush /16/ uses
PINNSs to embed Meyerhof's equations into the ML model.
These methods show promise in improving the generalisa-
tion and trustworthiness of ML models in engineering prac-
tice.

Igoe et al. /19/ train ML models on synthetic data from
finite element simulations of screw piles, with Gaussian Pro-
cess Regression outperforming traditional theoretical models.
Seo et al. /20/ develops ML models for precast piles using
data that capture disturbance and construction effects,
further expanding ML’s applicability beyond traditional
empirical datasets.

Thottoth et al. /22/ investigates the ultimate compression
capacity of under-reamed bored piles in both clay and sand
strata. They train ANN and RF models on a dataset of instru-
mented under-reamed pile load tests and report prediction
performances with R? exceeding 0.80 - a positive result given
the complex geometry and load-transfer mechanism of
under-reamed piles. Helical piles, which are screw-like piles
often used in soft or expansive soils, have also been studied
via ML. Shuman et al. /23/ compiles a database of full-scale
load tests on large-diameter helical piles and supplements it
with numerical simulation data (about 3,600 finite element
analyses covering varied soil properties and pile configura-
tions) to broaden the range of conditions. Using this aug-
mented dataset, they develop ANN, decision tree, and RF
models to predict pile settlement under service loads. The
best results come from ensemble methods, with the RF,
achieving an R? ~ 0.96 for the largest pile diameters. This
study not only highlights the adaptability of ML models to
helical pile design but also demonstrates a practical approach
to overcome data scarcity by incorporating synthetic data.

Multiple studies target specific pile types or engineering
problems. Palalane and Dithinde /21/ focus on bored piles
in sandy soils. Cao et al. /24/ predict the stiffness and resid-
ual bearing capacity of bridge pile groups using dynamic test
data. Onyelowe et al. /25/ develop ML models for piles sock-
eted in rock, using SHAP analysis to highlight critical fea-
tures.

This paper presents the application of ML algorithms for
predicting the bearing capacity and settlement of piles. Four
prediction approaches are conducted, based on input param-
eters divided into three groups, according to how they are
obtained. These groups reflect the conventional analytical
procedures typically employed in pile design. These ap-
proaches are: (i) LAB, which applies parameters obtained
in the laboratory; (ii) CPT, based on cone resistance param-
eters from the CPT test; (iii) SPT, that relies on the number
of blows required for a specific cone penetration, as deter-
mined by the SPT test, and (iv) SUMA, which integrates all
parameters obtained through previously described methods.
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RESEARCH METHODOLOGY

The methodological framework adopted in this study
combines systematic data preprocessing, multi-model train-
ing, and cross-validation to identify the best performing
machine learning models for predicting pile bearing capac-
ity and settlement. The entire workflow is implemented in
Python using the scikit-learn, XGBoost, and CatBoost librar-
ies. Figure 1 illustrates the step-by-step methodological flow
adopted in this research. The whole process consists of four
different stages: data acquisition and structuring, application
of ML algorithms, evaluation of results; and finally inter-
pretation of ML models.

The first stage involves collecting, cleaning, and struc-
turing the geotechnical data used for model training. The
database incorporates results from field investigations and
laboratory testing, and as previously described, is organised
into four prediction approaches (LAB, CPT, SPT & SUMA).
Each database entry corresponds to a single pile, with soil
parameters averaged along the shaft in proportion to layer
thickness. This standardised representation ensures consistent
feature scaling and reduces data sparsity across the models.

In the second stage, eleven supervised learning algorithms
are applied to predict two target variables: the bearing capac-
ity (Y1) and the settlement (Y) of piles.

The force (Q) and settlement (s) values used for model
training and validation are obtained from static and dynamic
load tests performed on piles. The predicted force corre-
sponds to the bearing capacity that the pile must satisfy under
actual service conditions, without the application of safety
factors (i.e., serviceability limit state). The predicted settle-
ment is then computed based on this force.

In most cases, the ultimate limit state is not reached during
static or dynamic pile load testing. The reliability of extrap-
olation methods for ultimate bearing capacity depends on
the achieved settlement level: the closer this level is to the
ultimate state, the greater the reliability. When constructing
a structural model, it is essential to know the actual settle-
ment under working load conditions.

The models cover four major ML families: a) Linear re-
gression models: Linear (LR), Ridge (RR), Lasso (LsR) and
Elastic Net (ER) regression models; b) Tree-based models:
Decision Tree (DT) and Random Forest (RF); ¢) Kernel- and
distance-based models: Support Vector Regressor (SVM)
and K-Nearest Neighbours (KNN); d) Ensemble and boost-
ing models: Gradient Boosting (GB), XGBoost (XGB), and
CatBoost (CB).

All models are implemented through a pipeline that inte-
grates preprocessing and regression into a single workflow.
This ensures that scaling, encoding, and training are consist-
ently applied within each cross-validation fold, thus avoiding
data leakage. Hyperparameter optimisation is performed
using GridSearchCV, where parameter combinations are
evaluated based on the negative mean squared error (MSE)
criterion. The tuning process identified the most suitable
configurations for each algorithm and dataset variant.

The third stage focuses on evaluating and comparing the
predictive performance of all models. To ensure robustness,
a five-fold cross-validation (KFold) procedure is employed
allowing every sample to serve as both training and valida-
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tion data across iterations. Three widely used regression
metrics are computed for each model: coefficient of deter-
mination (R?), mean squared error (MSE) and mean absolute
error (MAE). Although MSE and MAE are commonly ap-
plied in such analyses, this study reports comparative algo-
rithm performance exclusively through the R? metric.

PREDICTION CAPACITY
/SETTLEMENT OF PILES
DATASET

PREDICTION APPROACHES

o]p = st

[N
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ilad
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Ps Ps
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Linear
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Ridge Regression
(RR)

Lasso Regression
(LsR)

Elastic Net Decision Tree Random Forest
Regression (ER) (DT) (RF)
Support Vector K-Nearest Gradient
Machine (SVM) | | Neighbors(KNNJ}| | Boosting (GB)

to visualise the overall importance and effect of individual
features. This analysis provides global interpretability, by
ranking the most influential parameters across the entire
dataset. By integrating SHAP analysis as the final step, the
fourth stage ensures that the machine learning results are
not only accurate, but also explainable and aligned with
established geotechnical principles, reinforcing the engineer-
ing credibility of the proposed approach.

DATA SUMMARY AND PREPARATION

For the purposes of this research, a database is compiled
consisting of 170 samples (i.e., piles). All piles underwent
load testing to confirm the calculation models of piles for
construction of various structures within the territory of Bel-
grade. The pile execution technologies included bored piles,
Franki piles, CFA piles, SDP piles, and driven piles.

Prior to testing each of the 170 piles, a full geotechnical
investigation is performed, including geotechnical boreholes
with sampling and laboratory analysis, as well as conducting
field cone (CPT) and standard (SPT) penetration tests. Based
on the obtained data, the stratigraphy along each pile and
the corresponding layer depths are determined. All parame-
ters along the pile shaft are averaged proportionally to the
thicknesses of the corresponding soil layers.

As a result, four prediction approaches are established
(LAB, CPT, SPT, and SUMA) as shown in Table 1.

Table 1. Summary of prediction approaches and input parameters.

Extreme Gradient]

Boosting (XGB) CatBoost (CB)

VALIDATION OF TESTING DATASET
R®, MSE, MAE

SELECTION OF THE BEST ALGORITHM FOR
4 PREDICTION APPROACHES

@-é ¥2-s

VARIABLE VARIABLE
IMPORTANCE IMPORTANCE
ANALYSIS PREDICTION MODELS ANALYSIS
Vs

ANALYTICAL METHODS

Figure 1. Methodological flowchart of this study.

The fourth stage of the methodological framework focuses
on the interpretation of the trained machine learning models
using Shapley Additive Explanations (SHAP). SHAP is
employed as the sole interpretability technique in this study
to ensure a transparent understanding of how each input fea-
ture influences the predicted pile bearing capacity and settle-
ment. After identifying the best-performing algorithm based
on the highest mean R? value, the model is retrained on the
entire dataset using the same preprocessing workflow applied
during the training phase. The SHAP explainer is then used
to compute Shapley values for each observation and each
input variable, quantifying their contribution, both in magni-
tude and direction to the model’s output, relative to the
global mean prediction. A SHAP summary plot is generated
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Approach Input parameters
¢s (friction angle at shaft)
¢t (friction angle at tip)
¢s (cohesion at shaft)”
ct (cohesion at tip)*
ov (effective overburden
pressure at tip) Laboratory tests on field
Mys (compressibility modulus [samples
at shaft)™
Mut (compressibility modulus
at tip)™
L (pile length)
A (cross-sectional area)
qes (cone resistance at shaft)
qct (cone resistance at tip)
LA
SPT;s (number of SPT blows
at shaft)
SPT |SPT: (number of SPT blows
at tip)
L, A
LAB, CPT, and SPT models |Combination of all three
combined sources
* Only for bearing capacity prediction
** Only for settlement prediction

Source of parameters

LAB

Cone Penetration Test

CPT (CPT)

Standard Penetration
Test (SPT)

SUMA

For the prediction of settlement, in addition to the afore-
mentioned input parameters, the measured load from the
load tests also serves as an input parameter for all four ap-
proaches. In the LAB and SUMA approaches, the compressi-
bility modulus is added as an input parameter, as it directly
governs the deformation response relevant for settlement
calculations. On the other hand, cohesion is excluded since
it represents apparent, and generally unreliable, strength
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parameterisation, and is not relevant for predicting settle-
ment. The shear strength of the soil, defined by Mohr-Cou-
lomb’s law, is implemented in bearing capacity calculations
and therefore retains as input parameters for predicting pile
bearing capacity.

Using these input parameters, pile bearing capacity and
settlement predictions are carried out by applying eleven
machine learning algorithms according to the measured load
(Y1) and settlement (Y») data obtained from the pile load
tests. Table 2 summarises the resulting database.

Table 2. Summary of dataset.

Count | Mean SD Min Max
L (m) 170 15.4 4.3 5.0 252
A (m?) 170 0.4 0.2 0.1 1.8
o (kN/m?) 170 254.9 95.8 72.0 509.0
s () 170 25.9 6.1 13.0 51.9
o () 170 29.2 7.7 16.0 55.0
cs (kN/m?) 170 14.0 34.8 1.0 385.3
ct (kN/m?) 170 20.2 56.6 0.0 500.0
Mys (kN/m?) | 170 |32950.4 | 130197.5 | 5464.3 | 1000000.0
Muw (kN/m?) | 170 |42297.1 | 129457.5 | 4000.0 | 1000000.0
ges (MPa) 170 12.0 12.3 3.1 90.0
qct (MPa) 170 20.1 14.2 5.0 90.0
SPT, 170 15.3 8.6 4.4 60.0
SPT 170 23.9 10.0 7.0 60.0
Y1-Q (kN) 170 | 2553.7 | 2066.6 | 500.0 9894.0
Y2-s (mm) 170 6.4 4.0 0.7 18.5

To justify the averaging procedure, four piles from the
database are analysed in PLAXIS 2D /34/. For each single
pile, two axisymmetric finite-element models are created:
(1) with the real stratigraphy and (ii) with the averaged-shaft
stratigraphy (Fig. 2). Both models use 15-noded triangular
elements to create the mesh. Soil behaviour is represented
by the Mohr-Coulomb model, with drained conditions ap-
plied in the analysis, while the pile is modelled as linear
elastic. Pile-soil interaction is modelled using interface ele-
ments (Rine= 0.8). Calculations are carried out in three
phases. The initial phase involves activating the self-weight
of the soil. In the second phase, installation effects are taken
into account, while in the final phase the pile load is applied.
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Figure 2. Results of pile settlement under axial load for Pile 1
(2600, L = 12.3 m).

Standard boundary conditions are applied: vertical bounda-
ries are fixed in the horizontal direction, the bottom bound-
ary is fully fixed, and the top boundary is left free. Figure 2
shows one example of pile modelling in Plaxis 2D with real
and average stratigraphy while Table 3 represents the used
parameters for soil model in the first and second case.

Table 3. Geotechnical profile for Pile 1 (600, L = 12.3 m) and
Pile 2 (800, L = 12.3 m). H - layer thickness, y - soil unit weight,
¢ - friction angle, ¢ - cohesion, My - compressibility modulus for
presented layer.

Layer H (m) | y kN/mM?) | (°) | ¢ (kPa) | My (kN/m?)
embankment 4 19 16 2 2000
clay 1.5 19 15 10 5000
silt 5 19 20 2 10000
sandy-gravel 1.8 19 30 0 18000
Avg shaft 12.3 19 196 2.7 7959

Under the action of load Q on the pile of length L and
diameter D, the calculated settlement obtained from the
model with real stratigraphy (Urea) and from the model with
averaged stratigraphy (Uavg) is derived. The comparison of
settlements in Table 4 is presented through the difference
between the calculated settlements Ureal and Uayg, expressed
as AU, as well as through the comparison of calculated settle-
ments (Ureal and Uaye) with measured settlements Uy ob-
tained from the SLT test.

The validation study demonstrates that thickness-weighted
shaft averaging introduces negligible bias in pile settlement
predictions. Across four case studies re-analysed in PLAXIS
2D, the averaged-shaft models reproduce settlements within
0.01-0.36 mm (< 9 % relative difference) of the full stratig-
raphy models, indicating that global pile deformation under
service-level loads is only marginally influenced by accurate
layering along the shaft provided the toe layer is modelled
explicitly. Comparisons with static load tests further confirm
that both approaches yield errors << mm, consistent with
the dispersion observed in repeated field tests. Although the
percentage of difference between the calculated settlement
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and measured settlement for pile 3 appears large, this dis-
crepancy is of limited practical significance due to the very
small absolute magnitude of settlements involved. These
results justify the use of averaged-shaft parameters in dataset
preparation, as they effectively reduce dimensionality and
noise without compromising the accuracy required for ma-
chine-learning applications.

ing, XGBoost, Random Forest, and particularly CatBoost
are better suited for modelling the nonlinear relationships
present in geotechnical datasets. On the contrary, Support
Vector Machine and linear models (LR, RR, LsR, ER) show
limited prediction capability, reflecting their reduced flexi-
bility in modelling complex soil-structure interactions.

Table 6. R? for settlement (Y2) prediction.

Table 4. Pile settlements under axial load (Plaxis 2D). Y2 Approach
Pile 1 2 3 4 ML Model LAB CPT SPT SUMA
D (mm) 600 800 800 600 LR 0.452 0.000 0.051 0.587
L (m) 12.3 123 15.5 20.0 RR 0.464 0.057 0.094 0.705
GIy La o Foos oo | o
UReal (mm) 2.36 4.02 0.60 4.36 DT 0:534 0:373 0:430 0:546
UAvg (mm) 2.52 4.38 0.57 4.37 RF 0.657 | _0.637 | 0.528 0.714
AU (mm)/(%) 0.16/6.8 | 0.36/9.0 | 0.03/-5.0 | 0.01/0.2 SVM 0.694 0.578 0.452 0767
U SLT (mm) 2.73 3.49 112 4.29 KNN 0.677_| 0571 | 0551 0.627
UReal vs. USLT -0.37/ +0.53/ -0.52/ +0.07/ GB 0.713 0.642 0.551 0.740
(mm)/(%) 13.7 +15.1 -46.4 +1.6 XGB 0.694 | 0.632 | 0572 0.747
UAvg vs. USLT 021/ | +0.89/ | -0.55/ | +0.08/ CB 0751 | 0.691 | 0.570 0.761
(mm)/(%0) -7.8 1254 -49.1 +1.9 For bearing-capacity prediction, field-based approaches

ML RESULTS AND COMPARISON

Comparison of eleven ML algorithms on the pile bearing
capacity and settlement estimation and the importance of
influencing variables are presented in this section. Dataset is
partitioned into training and testing dataset by cross valida-
tion process. To compare the performances of OML algo-
rithms trained on the training dataset, R%, mean squared
error, and absolute squared error are generally applied to
the testing dataset as a validation procedure for the executed
process. Results comparing the predicted and measured
values for bearing capacity and settlement are presented by
R? metric parameter for the best-performing algorithm
among the eleven optimised ML algorithms.

Results of the testing dataset

Table 5 presents the R? values for each ML algorithm
across the four prediction approaches used to estimate pile
bearing capacity, whereas Table 6 provides corresponding
results for predicting pile settlement. These results refer to
the test dataset, which contains 20 % of the total samples
from the database.

Table 5. R? for bearing capacity (Y1) prediction.

Y Approach
ML Model LAB CPT SPT SUMA
LR 0.338 0.478 0.640 0.375
RR 0.553 0.486 0.662 0.658
LsR 0.472 0.483 0.652 0.531
ER 0.554 0.492 0.662 0.666
DT 0.701 0.816 0.906 0.791
RF 0.785 0.863 0911 0.831
SVM 0.314 0.208 0.496 0.478
KNN 0.777 0.818 0.874 0.842
GB 0.818 0.875 0.890 0.826
XGB 0.815 0.876 0.900 0.828
CB 0.834 0.869 0.921 0.875

Across all evaluated machine-learning algorithms, ensem-
ble and boosting models and Tree-based models consistently
demonstrate superior performance compared to linear and
kernel-based algorithms. Models such as Gradient Boost-
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(CPT and SPT) generally provide more reliable results than
laboratory-only inputs, reflecting the advantage of measure-
ments obtained in undisturbed soil conditions. CatBoost
again delivers the strongest performance, with SPT achiev-
ing the highest R? of 0.921 and the remaining approaches
showing competitive values: LAB (0.834), CPT (0.869), and
SUMA (0.875). All four prediction approaches fall within a
relatively narrow accuracy range of 0.83-0.92, indicating that
bearing-capacity prediction is generally more robust across
approaches compared to settlement. These findings clearly
show that field tests remain the most reliable basis for bear-
ing capacity evaluation.

For predicting pile settlement, CatBoost achieves the most
reliable results across all prediction approaches, most notably
in LAB (0.751) and SUMA (0.761). These two approaches
outperform CPT and SPT (both below 0.7), primarily be-
cause they include the compressibility modulus (My), a key
stiffness parameter directly measured in oedometer tests.
SVM also performs competitively in SUMA (0.767), while
Random Forest and Gradient Boosting show solid perfor-
mance, particularly within LAB and SUMA subsets. Linear
models, especially Linear Regression, exhibit the weakest
results, as illustrated by the CPT configuration where LR
yields an R? of 0.000, confirming that linear models cannot
adequately capture settlement behaviour of geomaterials.

Figures 3 and 4 graphically show regression plots of the
measured and predicted (calculated) values of bearing capac-
ity (Qm) and pile settlement (s), respectively.
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Figure 3. Regression plots for bearing capacity prediction using
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Figure 4. Regression plots for settlement prediction using
CatBoost algorithm.

The all of four prediction approaches are presented for one
random test set of CatBoost algorithm.

Variable importance analysis

In this section, the SHAP-based feature-importance results
are presented to identify which input parameters govern the
predicted pile bearing capacity and settlement. The bar plots
summarise the contribution of each variable based on the
CatBoost, selected in the previous stage as the best-perform-
ing algorithm. These plots enable comparison across predic-
tion approaches and support the evaluation of the geotech-
nical relevance of identified feature rankings. Although the
SHAP analysis offers a clear ranking of feature contributions,
some results need to be interpreted from a geotechnical per-
spective. SHAP explains how the model distributes predic-
tive importance within the dataset, not how the soil actually
behaves.

Figure 5 presents the variable importance scores for bear-
ing capacity prediction across the four prediction approaches,
while Fig. 6 summarises the corresponding results for settle-
ment prediction.
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Figure 5. Results of Variable Importance for prediction of bearing
capacity using CatBoost algorithm.
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Figure 6. Results of Variable Importance for prediction of
settlement using CatBoost algorithm.

For bearing capacity, the cross-sectional area is consist-
ently identified as the dominant variable, which is expected
since both tip and shaft resistance increase with pile size.
For field-based approaches (CPT and SPT), the results align
with geotechnical practice, with penetration resistance and
geometry, contributing at similar levels to bearing-capacity
prediction. For laboratory-based approaches (LAB and
SUMA), cohesion (c) appears with higher importance than
expected, while the friction angle (¢) shows a relatively low
contribution, which does not fully correspond to soil mechan-
ics understanding. One would expect a more pronounced
influence of friction angle. The main reason for their reduced
importance here is the way the soil data are processed. By
averaging soil parameters along the pile shaft, much of the
variation between layers is smoothed out. This smoothing
may mask the effect of friction angle in the model, despite
its practical importance. In addition, when geometric param-
eters explain a large part of the variation, the contribution
of strength-related parameters can appear smaller than ex-
pected.

For settlement prediction, the input load (Y) and oedom-
eter modulus (M,s) emerge as key parameters in the LAB and
SUMA approaches, which is expected because settlement is
primarily governed by stiffness, and M, directly controls the
compressibility of the soil matrix. The friction angle (¢),
however, shows a higher relative importance than antici-
pated. Although ¢ is not part of traditional settlement formu-
lations, its contribution reflects the indirect link between
friction angle and stiffness in granular and mixed soils.
Higher values of ¢ generally correspond to higher relative
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density, higher small-strain stiffness, and reduced compress-
ibility under service stress levels. In the CPT and SPT ap-
proaches, the applied load again appears as the dominant fac-
tor, supported by penetration-based parameters that capture
deformation characteristics relevant to settlement prediction.
It is noteworthy that the remaining variables also exhibit
non-negligible importance, confirming that all included fea-
tures contribute meaningfully to the prediction process and
reflect parameters commonly used in engineering practice.
Overall, the SHAP analysis captures several key geotechnical
relationships: geometry governing bearing capacity, stiffness
controlling settlement, and field-test parameters providing
stronger predictive signals than laboratory-derived inputs.

COMPARISON BETWEEN ANALYTICAL METHODS
AND ML BASED PREDICTIONS

In routine engineering, analytical calculations of pile bear-
ing capacity and settlement are used for design purposes.
Most often, the pile capacity is calculated in several ways,
and an assessment of the capacity is made based on the ob-
tained results. The confirmation of specific capacities is car-
ried out by testing the piles using static or dynamic methods.
The most commonly used analytical approaches include the
Meyerhof method, which relies on laboratory-derived soil
parameters, and LPC-CPT method, based on cone penetra-
tion test results. In practice, piles are rarely calculated based
on SPT test results, and the literature recommends various
approaches for determining pile capacity using SPT data
(Décourt /31/; Shooshpasha et al. /26/; Dai /27/).

For the purposes of this research, the capacities of all 170
piles are determined using the Meayerhof method, LPC-CPT
method, and Decourt method based on the results of SPT
tests. For most of the tested piles, design calculations are
carried out using the Serbian national standard that is in use
before Eurocode 7. The allowable pile capacity according to
the Meyerhof method is calculated using mobilised shear-
strength parameters, where the internal friction angle is re-
duced as tan ¢ = tan ¢/1.5 and cohesion as cn = ¢/2.5. For
the LPC-CPT method, safety factors of 2 for shaft
resistance and 3 for toe resistance are applied. The resulting
capacities represent the maximal values allowable under
service (working) load conditions.

Eurocode 7 has since been adopted as the official stand-
ard for pile design (SRPS EN 1997-1:2017 /32/; SRPS EN
1997-1/NA:2020 /33/). It is based on the application of par-
tial factors in determining the design capacity of piles, re-
quiring that the design action Eq is less than design resistance
Rq4. Here, Eq denotes the factored actions relevant to the
Ultimate Limit State. The calculation in this study is also
carried out using Eurocode 7, according to the Meayerhof
method and LPC-CPT method. However, since the predicted
values of bearing capacity relate to pile bearing capacities
close to the serviceability limit state, the design capacity
values (Rq) are reduced by a factor of 1.3875, assuming 75 %
of the permanent load with a factor of Yy = 1.35 and 25 % of
variable load with a factor of Y= 1.5. In this way, a compar-
ison between the pile bearing capacity, according to former
regulations, and the design capacity of piles, according to the
actual regulations is ensured.
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For all the piles in the database, the predicted settlement
is calculated according to Poulos method, i.e., the axial stiff-
ness of the pile is determined, based on the linear relation-
ship between the load and the settlement of the pile. This
procedure involves determining the influencing factors based
on the geometric data of the pile, the elastic modulus of the
concrete of the pile, the elastic modulus and the Poisson's
ratio of the soil in which the pile is installed.

Table 7 presents the effectiveness of each analytical
method using the R? parameter by comparing their results for
each sample from the database with measurements from
static and dynamic load tests. The calculated pile bearing
capacities obtained using analytical methods based on the
former national regulations are denoted as R and calculated
pile bearing capacities according to the Eurocode 7 are de-
noted as R’. The values of R’ are reduced by the factor
1.3875 to ensure their direct comparability with values of
R, as previously explained. The labels LAB, CPT, and SPT
refer to the Meyerhof method, the LPC-CPT calculation pro-
cedure, and Decourt method, respectively, while k, denotes
the calculated axial pile stiffness according to the Poulos
method.

The R? values for pile bearing capacities are less than 0.5
which indicates a significant deviation between the meas-
ured and calculated bearing capacities. The analytical cal-
culation according to the LPC-CPT method stands out as the
more reliable method, with R? = 0.455, compared to calcu-
lation methods based on the application of soil parameters
determined in the laboratory and the results of SPT. Due to
the comparison of measured and calculated axial stiffness
of the piles, a coefficient of R? = 0.437 is obtained.

Table 7. Representation of effectiveness of analytical methods
compared with measured values.

Analytical methods R?
R-LAB 0.363
R-CPT 0.455
R-SPT 0.382

R’-LAB 0.259
R’-CPT 0.451
K 0.437

Presented results indicate a significant contribution of
applying machine learning algorithms in predicting pile bear-
ing capacity and settlement. Statistical analysis has con-
firmed a high level of reliability. A common practice is that
the values of calculated capacities are overestimated, i.e.,
large safety factors are provided, which is often confirmed
through pile testing at a stage when most piles have already
been installed. The application of machine learning algo-
rithms based on the known results of already tested piles can
help in optimising foundation solutions and determining
more realistic values for pile capacity and settlement. Addi-
tionally, the use of artificial intelligence in the field of pile
foundation design can reduce the scope of site investigation
and the amount of testing needed to validate design models.

CONCLUSIONS

This study presents a comprehensive comparison of 11
machine learning (ML) algorithms, including LR, RR, LsR,
ER, DT, RF, SVM, KNN, GB, XGB, and CB, to identify
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the most effective one for estimating the bearing capacity and
settlement of piles. The analysis utilises a dataset consisting
of 170 cases for the ML algorithms. Four prediction ap-
proaches are formed depending on the origin of the input
parameters. Performance is presented using R? metric param-
eter with cross-validation employed as the validation method.

Several key conclusions can be drawn from the results.

+ The most efficient algorithm identified is CatBoost. Algo-
rithms such as KNN, GB, XGB, RF, and DT also demon-
strate a high level of efficiency. Linear regression models
are unsuitable because the problem exhibits a high degree
of nonlinearity.

« The best prediction approach for predicting bearing capac-
ity is SPT (R? = 0.921), followed by CPT (R?= 0.869),
then SUMA (R? = 0.875), and LAB (R? = 0.834). For set-
tlement predictions, the most efficient prediction ap-
proaches are SUMA (R?= 0.761 for CatBoost and R? =
0.767 for SVM algorithm) and LAB (R? = 0.751).

+ Results of variable importance analysis indicate that the
cross-sectional area of the pile is the most influential vari-
able for predicting pile bearing capacity. For estimating
pile settlement, the most important variables are measured
load Y (LAB, SUMA and SPT) and qs (CPT).

+ A comparison of analytical calculation methods and meas-
ured values for pile bearing capacity and settlement demon-
strates a clear advantage in applying machine learning al-
gorithms due to their significantly higher prediction accu-
racy compared to traditional empirical calculation methods.

+ Main limitations of this study are the approximation of
stratigraphy through parameter averaging and the relatively
small database. Expanding the dataset would further im-
prove the reliability and applicability of the proposed ML
algorithms.

+ Machine learning offers significant potential for predicting
pile behaviour prior to field testing and for optimising test-
ing procedures. Challenges in assessing pile bearing capac-
ity across varying soil conditions remain central to geo-
technical engineering, with design solutions from the Geo-
technical Report closely tied to field load testing and struc-
tural design requirements. In this regard, ML provides an
effective framework by integrating insights from previous
static (SLT) and dynamic (DLT) load tests, strengthened
by the computational robustness of advanced mathematical
models.
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