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Abstract
This study developed a machine learning model based on a multi-layer feedfor-
ward neural network to predict the settlement and ultimate load capacity of bored 
piles using data from three-dimensional finite element simulations. A finite element 
model was established for sandy clay soil with elastic modulus ranging from 14,000 
to 26,500 kN/m², internal friction angle from 28° to 34°, and cohesion from 3 to 
6 kN/m². A bored pile with a diameter of 800  mm, a length of 43  m, an elastic 
modulus of 34.5 × 10⁶ kN/m², and a unit weight of 25 kN/m³ was analyzed under in-
cremental static loading. The simulation results were used to train a neural network 
with three hidden layers (64–64–32 neurons) and a ReLU activation function. The 
model achieved high predictive accuracy, with R² = 0.9983, MAE = 6.60 mm, and 
RMSE = 11.43 mm, indicating effective representation of the nonlinear load–settle-
ment relationship. The ultimate load capacity was estimated using piecewise linear 
regression, curvature-based analysis, and the slope ratio method, yielding values 
between 14,400 and 15,900 kN/m², with deviations of less than 10% compared 
to field static load test results. The results indicate that the proposed FEM–MLP 
framework can supplement finite element analyses.

Keywords  MLP regressor · Load–Settlement · Ultimate load capacity · Machine 
learning · Piecewise regression
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1  Introduction

In the design and construction of foundation systems, accurately predicting the settle-
ment and load-bearing capacity of bored piles plays a crucial role in ensuring the 
safety, stability, and economic efficiency of a structure. Errors in settlement prediction 
may lead to local instability or cracking of the superstructure, while inaccurate assess-
ment of load capacity can result in unsafe designs or unnecessary material waste (Cao 
et al. 2024; Liao et al. 2024). Traditionally, these parameters are determined through 
field static load tests or empirical analyses using formula-based methods; however, 
these methods have significant limitations (Zhussupbekov and Omarov 2016). Static 
load testing is costly, time-consuming, and difficult to implement on a large scale. 
Meanwhile, empirical formulas are typically localized, dependent on specific geo-
logical conditions, and incapable of capturing the complex nonlinear behavior of the 
soil–pile system (Maertens and Huybrechts 2001; Heidarie Golafzani et al. 2020).

In this context, numerical simulation using the finite element method (FEM) has 
become an important tool for analyzing soil–structure interaction due to its ability to 
model stress distribution, deformation, and pile soil interaction in detail (Torabi and 
Rayhani 2014; Numerical models in 2021). However, FEM also has notable draw-
backs, including long computation times and the need for high expertise in defining 
boundary conditions, element meshing, and input material parameters (Monforte et 
al. 2017; Borst and Vermeer 1984). Alongside the rapid development of artificial 
intelligence, machine learning (ML) models are emerging as a new approach capable 
of learning nonlinear relationships between input and output variables without pre-
defined functional assumptions (Pei and Qiu 2024; Zhang et al. 2022a, b). Among 
these, the multi-layer feedforward neural network (MLP) is particularly well suited 
for nonlinear regression problems, enabling accurate prediction of settlement and 
ultimate load capacity based on data from simulations or experiments.

The objective of this study is to integrate simulation results from Plaxis 3D with 
a machine learning model, MLPRegressor, to develop an efficient surrogate model 
for real-world static load tests. This approach leverages the advantages of numerical 
simulation—such as controlled boundary conditions and precise input parameters—
together with the power of machine learning in generalizing data and providing rapid 
predictions. The study aims to establish a robust correlation between applied load and 
pile settlement, while determining the ultimate load capacity (Pmax) through three 
independent methods: piecewise linear regression, curvature-based analysis, and the 
slope ratio method, in order to verify the reliability of the model.

The current research gap lies in the lack of integrated FEM–MLP models capable 
of accurately predicting settlement and ultimate load capacity under specific geologi-
cal conditions, particularly for sandy clay soils—a common but highly nonlinear soil 
type (Nguyen Anh et al. 2025; Jafari 2020; Saltan and Sezgin 2007). Previous stud-
ies have often focused solely on FEM simulations or limited experimental datasets, 
without fully exploiting the potential of machine learning in generalizing numerical 
data (Zhou et al. 2022).

This paper presents the entire workflow, from pile–soil simulation using Plaxis 
3D, construction and training of the MLP model, to the determination of Pmax using 
three different methods. The model results are compared with field static load test 
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data to evaluate accuracy and practical applicability. Accordingly, the study proposes 
a new integrated approach combining numerical simulation and machine learning, 
opening potential pathways for developing automated prediction systems in founda-
tion design and assessment.

2  Materials and Methods

In this study, the foundation soil is modeled as sandy clay, a common soil type in 
geotechnical engineering conditions in lowland areas. Sandy clay exhibits mechani-
cal characteristics intermediate between sand and clay, possessing relatively good 
bearing capacity while still being significantly affected by deformation under large 
loads. To accurately simulate the soil behavior under static compressive loading, the 
mechanical parameters of the soil are selected within typical ranges obtained from 
field investigations and standard references.

The basic parameters of the soil layer include: the void ratio (e), ranging from 0.5 
to 0.7, reflecting the degree of soil compaction; the unsaturated unit weight (γunsat) 
from 18 to 20 kN/m³ and the saturated unit weight (γsat) from 19.9 to 21.3 kN/m³, 
representing the moisture state of the ground. The effective cohesion (c′) is selected 
between 3 and 6 kN/m², while the internal friction angle (φ′) varies from 28°–34°, 
indicating the shear resistance of the soil. The elastic modulus (E′) is chosen within 
the range of 14,000–26,500 kN/m² to represent soil stiffness and deformability, and 
Poisson’s ratio (ʋ′) lies between 0.24 and 0.31 and Rinter = 0.9, consistent with the 
elastic nature of this soil type (Table 1).

All of these parameters are used as input for the three-dimensional finite element 
model (FEM) in Plaxis 3D. Selecting values within realistic ranges enables the model 
to represent the natural soil conditions at the site accurately, while also ensuring that 
the machine learning model can be generalized to similar problems under different 
geological conditions.

The object analyzed in this study is a reinforced concrete bored pile with a diam-
eter of 800 mm, 43 m, a commonly used dimension in civil and infrastructure proj-
ects with medium to large loads. The pile material is assumed to behave linearly 
elastically, with an elastic modulus of E = 34.5 × 10⁶ kN/m², representing the stiffness 
typical of high-strength concrete. The unit weight of the pile is γ = 25 kN/m³, cor-
responding to conventional reinforced concrete, ensuring that the model accurately 
reflects the self-weight of the structural element. The standard design load of the pile 

Parameter Description Typical range Unit
e Void ratio 0.5–0.7 –
γunsat Unsaturated unit weight 18–20 kN/m³
γsat Saturated unit weight 19.9–21.3 kN/m³
c′ Cohesion 3–6 kN/m²
φ′ Internal friction angle 28–34 degrees (°)
E′ Elastic modulus 14,000–26,500 kN/m²
ʋ′ Poisson’s ratio 0.24–0.31 –

Table 1  Parameters of sandy 
clay soil
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is determined as 5700 kN, which serves as the reference for establishing the load 
increments in the simulation.

The pile geometry, material properties, and interface conditions between pile and 
soil are defined in detail within the Plaxis 3D model to accurately represent the load 
transfer mechanism between the pile and the surrounding soil (Fig. 1). These param-
eters are also used as input data for the machine learning model during the training 
stage to maintain consistency between numerical simulation and predictive modeling.

The model is established with boundary conditions reflecting realistic field condi-
tions: lateral boundaries are restricted from horizontal movement, the bottom bound-
ary is fully fixed, and axial compression loads are applied at the pile head. The soil 
and pile materials are modeled as linear elastic to focus on analyzing the relationship 
between load and settlement while generating a standardized dataset for training the 

Fig. 1  FEM simulation in plaxis 
3D
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machine learning model. The simulation is divided into 22 incremental load steps, 
ranging from 1425 kN to 27,000 kN, with a constant increment of 1425 kN. At each 
load step, the vertical settlement (Uz) at the pile head is recorded, forming a crucial 
dataset for training the artificial neural network. The choice of 22 continuous load 
steps allows the model to capture a high-resolution load–settlement curve, enabling 
analysis of the nonlinear behavior of the pile–soil system under large deformation.

After completing the finite element simulation, the output data are used to train 
a machine learning model based on an artificial neural network (ANN), specifically 
a Multi-Layer Perceptron (MLP). The model is built using the Scikit-learn library 
(Python) through the MLPRegressor tool. The network architecture consists of three 
hidden layers with 64–64–32 neurons, using the ReLU activation function to opti-
mize nonlinear learning capability. The Adam optimization algorithm is employed to 
ensure fast and stable convergence. Training is conducted for 1000 epochs, with the 
option warm_start=True to retain learning states between iterations (Fig. 2).

The input dataset includes 11 features: LOAD, YUNSAT, YSAT, e, E’, Poisson, c’, 
phi, psi, and Time, in which “LOAD” represents the applied load and “Time” reflects 
the load application duration (Fig. 3). The data are normalized using StandardScaler 
to ensure scale consistency. The dataset is randomly divided into 80% for training 
and 20% for testing to objectively assess model performance.

The objective of the machine learning model is to predict the settlement Uz cor-
responding to each combination of input conditions, thereby providing a fast and 
effective surrogate tool for traditional FEM simulations, which require significantly 
more computation time.

From the load–settlement curve predicted by the machine learning model, three 
different methods are applied to determine the ultimate load capacity (Pmax) of the 
bored pile. These methods ensure a multidimensional evaluation, including: Piece-
wise Linear Regression, the Curvature-based Method, and the Slope Ratio Method.

The piecewise linear regression method divides the load–settlement curve into 
two linear segments and identifies the intersection point as the boundary between 
elastic and nonlinear behavior (Table 2) (Chakeri et al. 2014; Zhang and Goh 2013; 
Dang et al. 2024).

The curvature-based method computes the second derivative of the curve to detect 
the point of maximum curvature, which reflects the transition in the pile–soil sys-

Fig. 2  Architecture of the MLP feedforward neural network (64–64–32)
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tem from elastic to nonlinear behavior (Yang and Liang 2007; Bhardwaj and Singh 
2015). Meanwhile, the slope ratio method identifies the ultimate load based on sud-
den increases in slope between two consecutive load levels (Georgiadis and Georgia-
dis 2010; Murff 1993).

These three methods are applied to the same predicted dataset to compare, cross-
validate, and determine the representative Pmax value used in the results and dis-
cussion. Integrating machine learning with traditional analytical techniques not only 
enhances reliability but also significantly reduces the time required to determine the 
ultimate load capacity of bored piles in modern foundation design.

The performance of the machine learning model is evaluated using standard met-
rics such as the coefficient of determination (R²), mean absolute error (MAE), and 
root mean square error (RMSE). These metrics reflect how accurately the model cap-
tures the relationship between predicted and actual values. Additionally, the results 

Table 2  Piecewise linear regression method for determining ultimate load capacity (Pmax)
Step Process description Algorithm
1 Input data preparation Extract data from MLP model
2 Iteratively divide the dataset at an assumed 

breakpoint (i).
Split data into two subsets:
Region 1: (x_1, y_1 = x[: i], y[: i])
Region 2: (x_2, y_2 = x[i: ], y[i: ])

3 Perform linear regression for both regions. Fit two linear models:
(y1 = a1x + b1), (y2 = a2x + b2).

4 Compute total sum of squared errors (SSE) for 
each breakpoint.

SSEi =
∑

(y1 − ŷ1)2 +
∑

(y2 − ŷ2)2

5 Identify the minimum SSE point. i∗ = argmin (SSEi)
6 Determine the intersection of the two regres-

sion lines.
Solve:
P max = b2−b1

a1−a2

Fig. 3  Input and output vari-
ables of the predictive model
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from the machine learning model are compared with field static load test data to 
verify reliability and practical applicability.

3  Results

The numerical analysis results from Plaxis 3D simulations allow the evaluation of the 
behavior of bored piles embedded in sandy clay soil under progressively increasing 
static loads. The dataset consists of 22 load increments, ranging from 1425 to 27,000 
kN/m². The output includes the corresponding vertical settlement (Uz) at the pile 
head together with the surrounding soil parameters.

Descriptive statistical analysis of the FEM dataset shows that the average settle-
ment Uz is − 182.06 mm, with a relatively high standard deviation of 302.25 mm. 
This indicates an uneven data distribution and a tendency for settlement to increase 
sharply at higher load levels. The maximum settlement reaches − 1777.69 mm (Fig. 4) 
at the soil configuration presented in Table 3.

Meanwhile, the minimum settlement is only − 1.41 mm, highlighting the strong 
nonlinear relationship between load and settlement.

The applied load has an average value of 13,566.82 kN/m², with a wide range from 
1425 to 27,000 kN/m². Soil parameters used in the model include unsaturated unit 

Table 3  Soil configuration corresponding to maximum Uz
γunsat γsat e E’ ν c’ φ
18.4 20.1 0.71 14,500 0.24 3.1 28

Fig. 4  FEM analysis result at maximum settlement
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weight (γunsat) with a mean of 18.98 kN/m³ (range 18.2–19.7 kN/m³) and saturated 
unit weight (γsat) with a mean of 20.57 kN/m³. The void ratio (e) has an average of 
0.6195 with low variability (standard deviation 0.069), indicating uniform soil condi-
tions within the study area.

The effective elastic modulus (E’) ranges from 14,000 to 26,500 kN/m², with an 
average of 20,175 kN/m², representing moderately dense soil conditions. Poisson’s 
ratio averages 0.2795, suitable for sandy clay soils, with a small variation from 0.24 
to 0.31. Effective cohesion (c’) averages 4.39 kN/m², while the internal friction angle 
(φ) averages 31°, indicating moderate shear resistance. The dilation angle (psi) has a 
mean value of 1.3, increasing gradually with loading time, up to a maximum simula-
tion duration of 1680 s.

From these analyses, it is evident that the soil possesses moderate mechanical 
properties and is not excessively weak. The FEM model successfully captures the 
full behavioral response of the soil–pile system under increasing load, providing a 
reliable dataset for training the machine learning model to predict load–settlement 
behavior.

After collecting all data from the Plaxis 3D simulations, the MLPRegressor 
machine learning model was applied to learn the nonlinear relationship between 
input parameters and settlement output. The model achieved extremely high perfor-
mance on the test set (Table 4).

Specifically, the coefficient of determination R² reached 0.9983, indicating that 
the model explains 99.83% of the data variance. The mean absolute error (MAE) is 
only 6.60 mm, while the root mean square error (RMSE) is 11.43 mm, demonstrating 
high accuracy and robustness in predicting settlement. The learning curve shows that 
training MSE decreases from ~ 126,571 to ~ 61.89, while validation MSE decreases 
from ~ 103,191 to ~ 173.42, indicating good convergence without signs of overfitting 
(Fig. 5).

Fig. 5  Learning Curve – MLP

 

Metric Value
RMSE 11.4291
MAE 6.5961
R² 0.9983

Table 4  MLP model 
performance
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Residual analysis confirms that the MLP model predicts Uz with very high accu-
racy, with residuals centered around zero and following a normal distribution (Fig. 6).

The permutation-based feature importance analysis indicates that the applied load 
(LOAD) is the dominant factor governing the settlement of bored piles, as its permu-
tation results in the largest reduction in model performance, with ΔR² = 1.15 (Fig. 7). 
The soil shear strength parameters also exhibit significant influence, with the effec-
tive cohesion (c′) and internal friction angle (φ′) causing reductions of ΔR² = 0.61 and 
0.55, respectively, reflecting the high sensitivity of settlement to the shear resistance 
of the foundation soil. The Poisson’s ratio (ν) plays an important role in the defor-
mation mechanism, as indicated by a performance reduction of ΔR² = 0.48. Other 
variables, including the saturated unit weight, loading duration, and dilation angle, 
show moderate influence, with ΔR² values ranging from approximately 0.20 to 0.26, 
whereas the void ratio and effective elastic modulus lead to only minor performance 
reductions of less than 0.05. These results confirm that the MLP model successfully 
captures the dominant physical factors governing the load–settlement behavior of the 
pile–soil system.

Fig. 7  Feature Importance 

Fig. 6  MLP regressor – UZ prediction
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Using the trained MLP model, settlement values were predicted for 22 different 
load levels (Table 5).

The prediction results show a clear nonlinear relationship between load and settle-
ment, reflecting the true behavior of the pile–soil system (Fig. 8).

For small loads such as 1425 kN/m², the settlement is only − 19.89  mm. How-
ever, at the highest load level (27,000 kN/m²), settlement increases dramati-
cally to − 1041.20  mm. At intermediate loads such as 15,900 kN/m², settlement 
reaches − 158.39 mm and increases rapidly afterward, indicating that the system has 
exceeded its linear working range (Table 6).

These results confirm that the MLP model accurately captures the nonlinear 
behavior of soil and pile materials under high load conditions.

The piecewise linear regression method yields an intersection point of 
Pmax = 15,171.66 kN/m², with a corresponding settlement of − 75.33 mm (Fig. 9). 
The curvature-based method, which identifies the point of maximum second deriva-
tive, gives Pmax = 15,900.00 kN/m² with a much larger settlement of − 158.39 mm 
(Fig. 10), indicating transition to large-deformation behavior. The slope ratio method 
gives a more conservative estimate of Pmax = 14,400.00 kN/m², with settlement of 
− 97.16 mm (Fig. 11).

Comparison of the three methods with the field static load test indicates high con-
sistency (Table 7). Specifically, the piecewise linear regression yields 15,171.66 kN/
m², the curvature-based method gives 15,900.00 kN/m², and the slope ratio method 
yields 14,400.00 kN/m². The field test recorded an actual Pmax of 15,725 kN/m². The 

Table 5  Input parameters for Uz prediction
γunsat γsat e φ ν E’ c’
20.2 20.6 0.697 30.8 0.3 25,000 4.3

Fig. 8  Predicted load–settlement 
curve
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deviation between the predicted values and the field result is less than 10%, showing 
that the machine learning model not only replicates the trend but also approximates 
real measurements very well.

Among the three methods, the curvature-based method provides the closest esti-
mate to the field value (error ~ 1.1%), demonstrating its sensitivity in detecting the 
transition from elastic to nonlinear deformation. The piecewise linear regression 

Fig. 9  Piecewise linear regression – ultimate load capacity

 

No. Load (kN/m²) Predicted Uz (mm)
0 1425 −19.8856
1 2850 −22.3609
2 4275 −25.1661
3 5700 −27.8155
4 6840 −30.2101
5 7980 −32.6556
6 9120 −35.5396
7 9690 −38.4991
8 10,260 −42.4768
9 10,830 −47.927
10 11,400 −53.9272
11 12,900 −69.7358
12 14,400 −97.1577
13 15,900 −158.387
14 17,100 −233.279
15 18,000 −296.995
16 19,500 −410.034
17 21,000 −529.359
18 22,800 −682.85
19 24,000 −790.111
20 25,500 −917.51
21 27,000 −1041.2

Table 6  Predicted Uz (MLP) 
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method gives a stable and balanced result, while the slope ratio method provides a 
conservative estimate, making it suitable for safety-oriented foundation design.

The strong alignment between model predictions and field test results confirms the 
reliability and practical applicability of the MLP model for estimating the ultimate 
load capacity of bored piles in soft soils.

Method Pmax (kN/m²)
Piecewise Linear Regression 15171.66
Curvature-based 15,900
Slope Ratio 14,400
Field Static Load Test 15,725

Table 7  Comparison of Pmax 
among methods
 

Fig. 11  Derivatives of load–settlement curve

 

Fig. 10  Curvature-based vs. Slope ratio methods
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4  Discussion

The results of this study indicate that the machine learning model based on a multi-
layer feedforward neural network (MLP) achieves high accuracy in predicting the 
settlement and ultimate load capacity of bored piles. Comparison with field static 
load test results shows deviations of less than 10%, with the curvature-based method 
yielding a Pmax value of 15,900 kN/m², which is very close to the measured value 
of 15,725 kN/m², corresponding to a difference of approximately 1.1%. This level of 
agreement confirms the capability of the MLP model to reproduce the load–settle-
ment behavior of the pile–soil system within the studied conditions.

These findings are consistent with trends reported in previous studies, where arti-
ficial intelligence models applied to pile capacity prediction typically achieved aver-
age errors of 3–8%. The integration of finite element simulation data with machine 
learning enables the advantages of both approaches to be exploited, allowing accu-
rate reconstruction of the nonlinear response of the pile–soil system. The close agree-
ment among Pmax values obtained from three independent methods, with differences 
of less than 10%, demonstrates the stability of the input data and the reliability of the 
load–settlement curves predicted by the MLP model.

Compared with traditional linear regression models, the MLP model shows a 
clear advantage in representing the nonlinear relationship between load and settle-
ment, as reflected by its high performance metrics (R² = 0.9983, MAE = 6.60 mm, 
RMSE = 11.43 mm). However, since the training dataset was mainly generated from 
finite element simulations with a relatively limited sample size, the potential risk of 
overfitting should be noted, although the learning curves indicate stable convergence.

Another limitation of the present study is the use of a linear elastic soil model, 
which does not fully capture the nonlinear behavior of the soil at high load levels. 
Therefore, the MLP model proposed in this study should be regarded as a surro-
gate tool to supplement finite element analyses, primarily for interpolation within 
the investigated parameter range, rather than a complete replacement for conven-
tional finite element methods. Future work should focus on expanding the dataset, 
adopting nonlinear soil models, and considering more complex geological conditions 
to enhance the generalization capability and practical applicability of the proposed 
approach.

5  Conclusion

The results of this study demonstrate that the machine learning model using a multi-
layer feedforward neural network (MLP), combined with input data obtained from 
finite element simulations using Plaxis 3D, is capable of accurately predicting the 
settlement of bored piles under static loading. The model achieves a coefficient of 
determination of R² = 0.9983, indicating its ability to almost completely replicate the 
actual deformation behavior of the pile–soil system. Integrating FEM simulation data 
enables the machine learning model to learn complex nonlinear relationships among 
load, soil properties, and displacement, thereby reconstructing the load–settlement 
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curve with high reliability without requiring the extensive numerical computations 
typical of traditional finite element analysis.

Based on the predicted results, the ultimate load capacity of the bored pile is deter-
mined to range from 14,400 to 15,900 kN/m², depending on the evaluation method 
used. The three methods—piecewise linear regression, curvature-based analysis, and 
slope ratio—produce closely aligned results with deviations of less than 10% com-
pared to field static load tests. This high level of agreement between the machine 
learning model and experimental data indicates that the proposed approach can pro-
vide strong support for traditional testing and simulation methods in determining 
the ultimate load capacity of piles, particularly for rapid assessment and preliminary 
design within the investigated parameter range.

Future research should focus on extending the model to various geological condi-
tions, including weak and heterogeneous soils, and developing automated prediction 
systems to support foundation design and assessment in practice. Such advancements 
will contribute to creating a powerful decision-support tool for geotechnical engi-
neers, enabling faster, more accurate, and more efficient foundation design.

Author Contributions  Conceptualization: Luan Nhat Vo, Tuan Anh Nguyen ; methodology: Tuan Anh 
Nguyen, Hoa Van Vu Tran; formal analysis and investigation: Luan Nhat Vo, Tuan Anh Nguyen, Hoa Van 
Vu Tran; writing-original draft preparation: Luan Nhat Vo, Hoa Van Vu Tran; writing-review, and editing: 
Tuan Anh Nguyen. All authors read and approved the final manuscript.

Funding  not applicable.

Data Availability  No datasets were generated or analysed during the current study.

Declarations

Ethics  Not applicable.

Consent to Participate  Not applicable.

Competing Interests  The authors declare no competing interests.

References

Bhardwaj, S., Singh, S.K.: Pile capacity under oblique loads – evaluation from load–displacement curves. 
Int. J. Geotech. Eng. 9, 341–347 (2015). ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​1​​7​9​/​1​9​​3​9​7​8​7​​9​1​4​Y​.​0​​0​0​0​0​​0​0​0​7​2

Cao, J., Wang, T., Zhou, G., Feng, X., Zhu, C.: Parameter Estimation of grouting pressure and surface 
subsidence on the reliability of shield tunnel excavation under incomplete probability information. 
Comput. Geotech. 173, 106530 (2024). ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​j​.​​c​o​m​p​g​​e​o​.​2​0​2​​4​.​1​0​​6​5​3​0

Chakeri, H., Unver, B., Ozcelik, Y.: A novel relationship for predicting the point of inflexion value in the 
surface settlement curve. Tunn. Undergr. Space Technol. 43, 266–275 (2014). ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​
1​6​/​j​.​t​u​s​t​.​2​0​1​4​.​0​5​.​0​1​6​​​​​​​

Dang, T.X., Nguyen, T.A., Nguyen, P.T., Vo, L.N., Van Vu Tran, H.: Ultimate bearing capacity of bored 
piles determined using finite element analysis and cubic regression. Transp. Infrastruct. Geotech. 12, 
26 (2024). https://doi.org/10.1007/s40515-024-00491-7

1 3

   32   Page 14 of 15

https://doi.org/10.1179/1939787914Y.0000000072
https://doi.org/10.1016/j.compgeo.2024.106530
https://doi.org/10.1016/j.tust.2014.05.016
https://doi.org/10.1016/j.tust.2014.05.016
https://doi.org/10.1007/s40515-024-00491-7


Transportation Infrastructure Geotechnology…

De Borst, R., Vermeer, P.A.: Possibilites and limitations of finite elements for limit analysis. Geotechnique. 
34, 199–210 (1984). https://doi.org/10.1680/geot.1984.34.2.199

Georgiadis, K., Georgiadis, M.: Undrained lateral pile response in sloping ground. J. Geotech. GeoEnvi-
ron. Eng. 136, 1489–1500 (2010). ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​6​1​/​(​A​S​C​E​)​G​T​.​1​9​4​3​-​5​6​0​6​.​0​0​0​0​3​7​3

Heidarie Golafzani, S., Jamshidi Chenari, R., Eslami, A.: Reliability based assessment of axial pile bearing 
capacity: Static analysis, SPT and CPT-based methods. Georisk: Assess. Manage. Risk Eng. Syst. 
Geohazards. 14, 216–230 (2020). ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​8​0​/​1​7​​4​9​9​5​1​​8​.​2​0​1​9​​.​1​6​2​​8​2​8​1

Jafari, M.: System identification of a soil tunnel based on a hybrid artificial neural Network–Numerical 
model approach. Iran. J. Sci. Technol. Trans. Civ. Eng. 44, 889–899 (2020). ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​0​7​
/​s​4​0​9​9​6​-​0​2​0​-​0​0​4​0​5​-​w​​​​​​​

Liao, X., Chen, Z., Dai, W., Qu, L., Xie, Z., Tang, Q.: Superstructure damages due to the joint effects of 
differential ground settlement and machinery vibration: A case study. Geomatics Nat. Hazards Risk. 
15, 2398116 (2024). ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​8​0​/​1​9​​4​7​5​7​0​​5​.​2​0​2​4​​.​2​3​9​​8​1​1​6

Maertens, J., Huybrechts, N.: Results of the static pile load tests. In: Screw Piles - Installation and Design 
in Stiff Clay, pp. 1–42. CRC Press (2001)

Monforte, L., Arroyo, M., Carbonell, J.M., Gens, A.: Numerical simulation of undrained insertion prob-
lems in geotechnical engineering with the particle finite element method (PFEM). Comput. Geotech. 
82, 144–156 (2017). ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​j​.​​c​o​m​p​g​​e​o​.​2​0​1​​6​.​0​8​​.​0​1​3

Murff, J.D.: J.M. <>Hamilton P-Ultimate for undrained analysis of laterally loaded piles. J. Geotech. Eng. 
119 91–107 ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​6​1​/​(​A​S​C​E​)​0​7​3​3​-​9​4​1​0​(​1​9​9​3​)​1​1​9​:​1​(​9​1​) (1993)

Nguyen Anh, T., Vo Nhat, L., Tran Vu Van, H.: Hybrid machine learning for predicting bored pile settle-
ment in clayey sand: A comparative study using FEM data. Transp. Infrastruct. Geotech. 12, 235 
(2025). https://doi.org/10.1007/s40515-025-00697-3

Prakhya, G.K.V., Bhattacharya, S.: Chapter 19-Numerical models in geotechnics including soil-structure 
interaction. In: Modeling in Geotechnical Engineering, pp. 429–472. Academic Press (2021)

Pei, T., Qiu, T.: Machine learning with monotonic constraint for geotechnical engineering applications: An 
example of slope stability prediction. Acta Geotech. 19, 3863–3882 (2024). ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​0​7​
/​s​1​1​4​4​0​-​0​2​3​-​0​2​1​1​7​-​7​​​​​​​

Saltan, M., Sezgin, H.: Hybrid neural network and finite element modeling of sub-base layer material 
properties in flexible pavements. Mater. Design. 28, 1725–1730 (2007). ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​j​.​m​
a​t​d​e​s​.​2​0​0​6​.​0​2​.​0​1​7​​​​​​​

Torabi, H., Rayhani, M.T.: Three dimensional finite element modeling of seismic soil–structure interac-
tion in soft soil. Comput. Geotech. 60, 9–19 (2014). ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​j​.​​c​o​m​p​g​​e​o​.​2​0​1​​4​.​0​3​​.​0​1​4

Yang, K., Liang, R.: Methods for deriving p-y curves from instrumented lateral load tests. Geotech. Test. 
J. 30, 31–38 (2007). https://doi.org/10.1520/GTJ100317

Zhang, W.G., Goh, A.T.C.: Multivariate adaptive regression splines for analysis of geotechnical engineer-
ing systems. Comput. Geotech. 48, 82–95 (2013). ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​o​r​​g​/​​1​0​.​​1​0​​1​​6​​/​j​.​c​o​m​​p​​g​e​o​.​​​2​0​1​​​2​.​0​9​.​0​1​6

Zhang, P., Yin, Z.-Y., Jin, Y.-F.: Machine Learning-Based modelling of soil properties for geotechnical 
design: Review, tool development and comparison. Arch. Computat Methods Eng. 29, 1229–1245 
(2022a). https://doi.org/10.1007/s11831-021-09615-5

Zhang, P., Yin, Z.-Y., Jin, Y.-F., Liu, X.-F.: Modelling the mechanical behaviour of soils using machine 
learning algorithms with explicit formulations. Acta Geotech. 17, 1403–1422 (2022b). ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​
g​/​1​0​.​1​0​0​7​/​s​1​1​4​4​0​-​0​2​1​-​0​1​1​7​0​-​4​​​​​​​

Zhou, Y., Zheng, Y., Liu, Y., Pan, T., Zhou, Y.: A hybrid methodology for structural damage detection unit-
ing FEM and 1D-CNNs: Demonstration on typical high-pile wharf. Mech. Syst. Signal Process. 168, 
108738 (2022). https://doi.org/10.1016/j.ymssp.2021.108738

Zhussupbekov, A., Omarov, A.: Modern advances in the field geotechnical testing investigations of pile 
foundations. Procedia Eng. 165, 88–95 (2016). https://doi.org/10.1016/j.proeng.2016.11.739

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps 
and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds exclusive rights to this article under 
a publishing agreement with the author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of such publishing agreement and appli-
cable law.

1 3

Page 15 of 15     32 

https://doi.org/10.1680/geot.1984.34.2.199
https://doi.org/10.1061/(ASCE)GT.1943-5606.0000373
https://doi.org/10.1080/17499518.2019.1628281
https://doi.org/10.1007/s40996-020-00405-w
https://doi.org/10.1007/s40996-020-00405-w
https://doi.org/10.1080/19475705.2024.2398116
https://doi.org/10.1016/j.compgeo.2016.08.013
https://doi.org/10.1061/(ASCE)0733-9410(1993)119:1(91)
https://doi.org/10.1007/s40515-025-00697-3
https://doi.org/10.1007/s11440-023-02117-7
https://doi.org/10.1007/s11440-023-02117-7
https://doi.org/10.1016/j.matdes.2006.02.017
https://doi.org/10.1016/j.matdes.2006.02.017
https://doi.org/10.1016/j.compgeo.2014.03.014
https://doi.org/10.1520/GTJ100317
https://doi.org/10.1016/j.compgeo.2012.09.016
https://doi.org/10.1007/s11831-021-09615-5
https://doi.org/10.1007/s11440-021-01170-4
https://doi.org/10.1007/s11440-021-01170-4
https://doi.org/10.1016/j.ymssp.2021.108738
https://doi.org/10.1016/j.proeng.2016.11.739

	﻿Hybrid FEM-MLP Approach for Evaluating the Ultimate Load Capacity of Bored Piles in Sandy Clay Soil
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Materials and Methods
	﻿3﻿ ﻿Results
	﻿4﻿ ﻿Discussion
	﻿5﻿ ﻿Conclusion
	﻿References


