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Abstract  This study aims to develop a model
combining the Finite Element Method and Artificial Neural
Network to predict the ultimate bearing capacity of bored
piles under various geological conditions. FEM is
employed to simulate the detailed interaction between piles
and the soil foundation under applied loads, while ANN is
trained using FEM-generated data to optimize prediction
accuracy. This integrated model not only delivers precise
predictions of bearing capacity but also constructs a
comprehensive bearing capacity distribution map for the
entire study area, significantly aiding in pile foundation
design. The findings demonstrate that the FEM-ANN
model outperforms traditional methods and standalone
models in terms of accuracy. The Mean Absolute Error
(MAE) metrics for ANN highlight reliable prediction
capabilities, particularly under heavy load conditions.
Comparative analysis of results from FEM, ANN, and
experimental data confirms that this integration reduces
prediction errors and leverages the strengths of both
approaches. The ultimate bearing capacity map developed
by the model effectively captures the load distribution
across the study area, enabling engineers to identify
optimal pile locations and reduce construction costs. In
conclusion, the integration of FEM and ANN not only
achieves high accuracy but also proves to be practically
effective, particularly in complex infrastructure projects.

Keywords Finite Element Method (FEM), Artificial
Neural Networks (ANN), Bored Pile Bearing Capacity,
Predictive Modeling in Geotechnics, Infrastructure
Foundation Optimization

1. Introduction

Bored piles are a crucial component in infrastructure
construction, particularly in large-scale projects such as
bridges, high-rise buildings, and structures requiring robust
foundations. With their high load-bearing capacity and
stability, bored piles transfer loads from superstructures to
stable soil or rock layers beneath, ensuring the overall
safety of the construction. However, one of the greatest
challenges in designing and constructing pile foundations
is accurately determining their ultimate bearing capacity.
Misjudging this capacity can lead to serious consequences,
including foundation settlement or structural instability.
Therefore, developing precise methods for predicting the
ultimate bearing capacity of bored piles is a pressing issue
in construction and geotechnical engineering, especially
since in-situ load testing methods are often expensive and
time-consuming.
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In recent years, many studies have focused on
developing prediction methods for the bearing capacity of
bored piles using theoretical models and advanced
technologies [1], [2], [3], [4]. Among these, the Finite
Element Method (FEM) has emerged as a powerful
numerical analysis tool widely used for simulating the
behavior of soil and piles under loads [5]. FEM enables
detailed simulation of the interaction between piles and the
soil foundation, facilitating the assessment of stress
distribution and settlement under complex geological
conditions [6]. Numerous studies have demonstrated that
FEM provides relatively accurate predictions of pile
displacement and bearing capacity. However, the method
demands significant computational resources and precise
input data on the mechanical properties of soil and piles,
which can be challenging in practice.

In addition to FEM, Aurtificial Neural Networks (ANNSs)
have gained prominence as a novel approach for predicting
the bearing capacity of piles. ANNSs, a form of artificial
intelligence, can learn from data and create predictive
models without requiring detailed knowledge of the
mechanical relationships between inputs and outputs [7].
ANNSs can be trained to detect hidden patterns in data and
use these patterns to predict the bearing capacity of piles
based on specific project conditions. Previous studies have
shown that ANNSs can provide accurate predictions [8], [9],
[10], [11], [12], [13], particularly when integrated with
optimization algorithms such as the Group Method of Data
Handling (GMDH) and the Imperialism Competitive
Algorithm (ICA) [14]. However, ANNs have limitations,
such as requiring a large amount of training data and the
risk of overfitting if not properly configured.

Although FEM and ANN have distinct advantages,
combining these methods can create a more robust and
accurate predictive model for the bearing capacity of bored
piles. Integrating FEM and ANN leverages the precise
analytical capabilities of FEM and the data-driven
predictive power of ANN, addressing the limitations of
each method when applied independently. On this basis,
this study aims to develop a combined FEM-ANN model
to predict the ultimate bearing capacity of bored piles under
diverse geological conditions. This model not only
minimizes the costs and time associated with field testing
methods but also provides reliable predictions, effectively
supporting engineers in designing and constructing pile
foundations.

The primary objective of this research is to develop and
validate an accurate prediction model for the bearing
capacity of bored piles by integrating FEM and ANN.
Initially, FEM will be used to simulate load conditions and

soil behavior around piles under different geological
scenarios. The results from FEM will then be employed as
training data for the ANN model to optimize its predictive
capabilities. This integrated model will be evaluated using
MAE (Mean Absolute Error) and RMSE (Root Mean
Square Error) indices to verify the accuracy and feasibility
of the approach in predicting the ultimate bearing capacity
of bored piles. This study not only contributes to the
advancement of predictive methods in construction and
geotechnical engineering but also opens up broad
applications for artificial intelligence models in optimizing
design and ensuring the safety of infrastructure projects. It
is anticipated that the results of this research will provide
profound insights into the effectiveness of the FEM-ANN
approach and lay the groundwork for future studies in this
field.

2. Materials and Methods

The research was conducted in an area of 20,000 m?
(Figure 1).

| Geological Survey and Site Characterization I

'
I Finite Element Model (FEM) Setup |

i
‘ ANN Model Setup and Training |

Figure 1. The research implementation process

The site comprises distinct soil layers with the
groundwater table situated approximately 7 meters below
the ground surface.

The soil layers in this area are classified into landfill soil,
sand, clay, and sand-clay mixtures, each with specific
mechanical properties that play a significant role in
determining the bearing capacity of bored piles. Detailed
parameters for each soil type are listed in Table 1.

The bored piles used in this study have a diameter of 1.2
m and are made of B35 concrete (Table 2), an
internationally standardized type of concrete with high
durability and compressive strength, suitable for deep
foundation construction in complex soil conditions.
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Table 1. Soil layer parameters
Parameter Symbol Landfill Sand Clay Mix sand
Material model Hardening Soil Hardening Soil Hardening Soil Hardening Soil
Unsaturated unit weight Yunsat (KN/m®) 18.63 20.00 18.02 20.2
Saturated unit weight Ysat (KN/M3) 19.40 20.4 18.24 20.6
Void ratio Einit 0.6 0.6060 0.7 0.5970
Elastic modulus Eso"f (KN/m?) 8000 36E3 24E3 15E3
Poisson’s ratio Vur 0.2 0.2 0.2 0.3
Reference cohesion C’*f (kN/m?) 45 5.4 32 43
Friction angle ¢’ (0) 26.6 30 235 30.8
v (0) 0 0 0 0.8
Thickness (m) 2-3 9-25 6-13 36 - 46
Table 2. Material parameters of the bored pile
Parameter Symbol Unit Value
Material model Linear elastic
Unsaturated unit weight Yunsat (KN/m?) 25.00
Saturated unit weight Yaat (KN/m?) 25.00
Void ratio e - 0.05
Friction angle ¢ 9 0
Poisson’s ratio v - 0.2
Elastic modulus E' (KN/m?) 34.5E6

The Finite Element Method (FEM) was applied to
analyze the axial load and vertical displacement of the piles
at various measurement points within the study area
(Figure 2). FEM is a powerful tool for simulating complex
mechanical phenomena, especially under heterogeneous
geological conditions and high loads [15], [16], [17], [18].
In this study, axial loads ranging from 0 to 17,100 kN
(equivalent to 300% of the design load) were applied to
examine the ultimate bearing capacity of the pile. The FEM
simulation results were compared with static load test (SCT)
data to validate the model’s accuracy. The finite element
mesh employed 15-node triangular elements, with a denser
mesh around the pile and at the pile-soil interface (0.2-0.5
m), enabling precise simulation of local displacements and
stress distribution, while a coarser mesh was used in areas
farther from the pile to optimize computational resources.
The Newton-Raphson iterative method was used to solve
the nonlinear problem, with a strict convergence criterion
(relative error less than 1%). Additionally, the reliability of
the model was verified through a convergence analysis; the
mesh was considered optimal when the difference in results
between mesh refinements was less than 3%.

Figure 2. FEM analysis simulation

In addition to FEM, this study also employed Artificial
Neural Networks (ANN) to predict the ultimate bearing
capacity of bored piles, using an optimized structure to
ensure high accuracy. The ANN model consisted of hidden
layers with 512, 256, 128, 64, 32, and 16 neurons,
respectively, using the Swish activation function to
enhance nonlinear learning efficiency. The input data
included three main features: applied load (P load),
coordinates X and Y; the target variable was the pile
settlement (UZ) [19], [20]. After removing outliers, the
dataset was split into two parts: 80% for training and 20%
for testing, with all input features and the target variable
standardized using StandardScaler to improve the
convergence of the model.
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During training, Dropout layers with rates of 0.2 and 0.1
were interleaved between hidden layers to reduce
overfitting, while Batch Normalization layers were added
to stabilize and accelerate the optimization process. The
model utilized the RMSprop optimizer with a low learning
rate (0.0001) to ensure high accuracy. EarlyStopping was
applied, allowing the training process to stop early if the
validation loss did not improve after 30 consecutive epochs,
while retaining the best weights.

The training process ran for a maximum of 500 epochs,
with a batch size of 16 and a validation split of 0.2 to
continuously evaluate performance on the validation set.
After training, the model was used to predict on the test set;
the predicted values were then inverse-transformed to the
original scale for comparison with actual data. The model’s
performance was assessed using MSE, RMSE, and MAE,
with these metrics saved as a CSV file for storage and
analysis. All procedures were performed on a computer
system equipped with an Intel Core i9 processor, 128GB
RAM, and an NVIDIA RTX 3090 GPU, enabling rapid and
efficient training with large datasets.

The method for determining the ultimate bearing
capacity was based on the intersection of two regression
lines corresponding to different loading levels during the
tests. The first regression line was constructed for the
loading range from 0% to 100% of the design load, while
the second represented the range from 200% to 300%. The
intersection point of these two regression lines was
identified as the ultimate load, representing the maximum
load the pile can bear before irreversible deformation
occurs. This approach allows for a visual and precise
determination of the pile's ultimate bearing capacity,
supporting the safe and efficient design of pile foundations.

The ultimate bearing capacity map for bored piles was
constructed on a grid with 5x5 m cell dimensions, enabling
a detailed analysis of load distribution across the entire
study area. This map serves as a valuable tool for assessing
bearing capacity at various locations and optimizing the
placement and number of piles in infrastructure projects.
The distribution of maximum load values across the grid
not only reflects the mechanical properties of the soil
foundation but also assists engineers in adjusting the bored
pile design to ensure safety and efficiency. This map
provides a comprehensive view of the pile's load-bearing
capacity, significantly contributing to the optimization of
design and reliability in real-world construction projects.

3. Results

The FEM analysis reveals a clear relationship between
the applied load and the vertical displacement of the pile at
different positions. During the simulation, load levels
ranging from 0% to 300% of the design load,
corresponding to 0 kN to 17100 kN, were applied, and the
vertical displacements (UZ) at various locations within the
study area were recorded (Table 3).

Table 3. FEM Analysis Results at Different Positions

P Design (%) | P load (kN) X (m) Y (m) Uz (mm)
100 5700 0 0 -11.499
200 11400 0 0 -27.222
300 17100 0 0 -62.142
100 5700 0 25 -12.058
200 11400 0 25 -28.189
300 17100 0 25 -61.794
100 5700 0 -25 -11.219
200 11400 0 -25 -26.892
300 17100 0 -25 -57.588
100 5700 50 0 -15.557
200 11400 50 0 -28.289
300 17100 50 0 -59.462
100 5700 50 0 -13.621
200 11400 -50 0 -31.617
300 17100 -50 0 -60.506
100 5700 50 25 -15.6588
200 11400 50 25 -29.0302
300 17100 50 25 -59.7661
100 5700 50 25 -16.0913
200 11400 50 -25 -28.8622
300 17100 50 -25 -58.3859
100 5700 -50 25 -14.148
200 11400 -50 25 -32.189
300 17100 -50 25 -63.444
100 5700 -50 25 -13.313
200 11400 50 25 -30.824
300 17100 -50 -25 -59.156

At the center of the pile (X =0, Y = 0), as the load
increased from 5700 kN to 17100 kN, the vertical
displacement rose significantly from -11.499 mm at 100%
of the design load (Figure 3) to -62.142 mm at 300% of the
design load. Similarly, at positions further from the pile
center, such as (X =50, Y =0) and (X = -50, Y = 0), the
increase in load also resulted in a marked increase in
settlement, reaching -59.462 mm and -60.506 mm,
respectively, under a load of 17100 kN (Figure 4).

The FEM analysis results clearly illustrate the impact of
applied load on vertical displacement at various positions
within the study area.

The graph depicting the relationship between vertical
displacement and applied load reveals a trend of linear
displacement growth with increasing load across most
positions (Figure 5). However, at points farther from the
center of the study area (e.g., (X = 350, Y = #25)), slight
variations in settlement were observed, influenced by the
geotechnical properties of the soil layers.



Civil Engineering and Architecture 13(5): 4019-4030, 2025

(a)

- b
I

Z
L
[*107 m]

35

0.6

=23

)

111

-14.0

: -17.0
()

4023

Figure 3. Vertical displacement at 0;0 (a), 0;25 (b), 0;-25 (c), 50;0 (d), -50;0 (e), 50;25 (f), 50;-25 (g), -50;25 (h), -50;-25 (i) when 100% design load
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Figure 4. Vertical displacement at 0;0 (a), 0;25 (b), 0;-25 (c), 50;0 (d), -50;0 (e), 50;25 (f), 50;-25 (g), -50;25 (h), -50;-25 (i) when 300% design load
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Figure 5. Relationship between vertical displacement and applied load at different pile positions
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The Artificial Neural Network (ANN) model predicts
the bearing capacity of bored piles with a Mean Absolute
Error (MAE) of 9.669, demonstrating relatively high
accuracy in forecasting the vertical displacement of the
piles. MAE serves as a crucial metric for evaluating the
model's performance, measuring the average deviation
between predicted and actual values.

Additionally, the training and validation processes of the
ANN model are represented through the Training and
Validation MAE over Epochs (Figure 6) and Training and
Validation Loss over Epochs (Figure 7).
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Figure 6. Training and Validation MAE over Epochs
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Figure 7. Training and Validation LOSS over Epochs

The graphs exhibit a consistent decline in MAE and Loss
throughout the training process, stabilizing after a certain

number of epochs. Specifically, the training and validation
MAE graphs reveal a steady reduction in error with
convergence to a nearly constant threshold, indicating that
the  ANN model achieved optimal learning and
generalization.

Similarly, the Training and Validation Loss graphs show
a sharp decrease during the initial epochs and progression
towards stability in later epochs. These results indicate that
the ANN model converged and achieved strong predictive
performance while avoiding overfitting. These metrics and
graphs affirm that the ANN model in this study not only
achieved high accuracy but also demonstrated robustness,
enabling reliable predictions of the bearing capacity of
bored piles under varying load conditions.

The ANN predictions were compared with FEM results
and Static Compression Test (SCT) data for bored piles to
evaluate the accuracy and effectiveness of each method.
The differences in vertical displacement predictions among
the three methods are presented in Table 4.

Table 4. Comparison of Results Across Methods at Pile Position X = 0,

Y=0
Design vz (mm)

Load (%) | Load (kN) | Time SCT FEM ANN

0 0 0 0 0 -5.58

25 1425 60 -1.40 -1.48 -7.30

50 2850 60 -3.32 -4.81 -9.16
75 4275 60 -5.53 -8.15 -11.21
100 5700 360 -7.73 -11.49 | -13.49
120 6840 60 -11.37 -14.20 -15.54
140 7980 60 -13.35 -17.01 -17.87
160 9120 60 -15.54 -20.02 | -20.54
170 9690 60 -17.69 -21.73 -22.04
180 10260 60 -20.09 -23.48 | -23.68
190 10830 60 -24.48 -23.51 -25.47
200 11400 360 -27.14 -27.22 -27.45

At the pile position (X =0, Y =0), under a load of 100%
(5700 KkN), the wvertical displacement recorded from
experimental data (SCT) was -7.73 mm, compared to -
11.499 mm predicted by FEM and -13.4928 mm predicted
by ANN. This discrepancy persists at other load levels; for
instance, at 200% load (11400 kN), the experimental
vertical displacement was -27.142 mm, compared to -
27.222 mm from FEM and -27.4556 mm from ANN.
Although minor differences exist, both FEM and ANN
predictions closely match experimental values, particularly
under higher load conditions, underscoring the predictive
reliability of both methods under significant loading
scenarios (Figure 8).
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Figure 8. Comparison of Results Across Methods

The comparison results at position X = -50, Y = -7.5
show a trend similar to that observed at the center: the
predicted settlement values from both FEM and ANN
models are greater than the experimental data (SCT) at low
and medium load levels (Table 5). However, as the load
increases, especially between 100% and 200% of the
design load, the discrepancies among FEM, ANN, and
experimental results gradually decrease, and the three
methods increasingly converge. This finding confirms the
reliability of the predictive models under high-load
conditions and accurately reflects the spatial variation of
settlement across the study area. The results also
demonstrate the practical applicability of FEM and ANN in
evaluating settlement and pile bearing capacity at positions
away from the foundation center, supporting the
optimization of foundation design in engineering projects.

Table 5. Comparison of Results Across Methods at Pile Position X = -
50,Y=-7.5

Design Load Time SCT FEM ANN
Load (%) (kN) (min) (mm) (mm) (mm)
0 0 0 0 0 ~0
25 1425 60 -1.15 -1.2 -6.8
50 2850 60 -3.1 -4.6 -8.9
75 4275 60 -4.9 -7.5 -11
100 5700 360 -7.35 -13.1 -13.2
120 6840 60 -104 -15.6 -15.1
140 7980 60 -13 -18.5 -17.4
160 9120 60 -15 -21 -19.7
170 9690 60 -17.2 -23.2 -21.6
180 10260 60 -19.2 -24.9 -22.9
190 10830 60 224 -25.8 -24.9
200 11400 360 -25.5 -29.7 -26.5
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The graph representing the relationship between load
and vertical displacement across different positions
demonstrates that the ANN model tends to predict slightly
higher displacements compared to FEM, especially at
lower load levels. On the other hand, FEM exhibits closer
alignment with experimental results at intermediate load
levels. However, at the highest load level (300% design
load, equivalent to 17100 kN), vertical displacements from
both models converge closely with experimental values,
reaffirming the stability and effectiveness of both FEM and
ANN under high-load conditions.

The predicted settlement distribution maps of bored piles
under varying load levels, including 100% (Figure 9),
200% (Figure 10), and 300% (Figure 11) of the design load,
corresponding to loads of 5700 kN, 11400 kN, and 17100
kN, respectively, provide a comprehensive visualization of
vertical displacement patterns.

The settlement distribution map under a load of 5700
kN/m? provides an intuitive view of settlement patterns
across various coordinates. Results indicate a maximum
settlement of approximately -13.5 mm in the lower central
region of the map, corresponding to coordinates X and Y
between -47.5 m and -92.5 m. This region represents the
most substantial settlement, reflecting strong soil
deformation beneath the pile. In contrast, settlement values
decrease towards the upper and right-hand areas of the map,
reaching a minimum of about -11.0 mm, illustrating a
significant reduction in displacement. The variation from -
13.5 mm to -11.0 mm over a distance of -97.5 m to 97.5 m
highlights a clear gradient in settlement from the center
towards the boundary.

The settlement distribution map for 11400 kN/m? shows
a significant increase in vertical displacement compared to
the initial design load. The maximum settlement,
approximately -27 mm, is concentrated in the upper-left
corner of the map. Compared to the 5700 kN/m? load, the
settlement region expands, and the settlement values
increase markedly, reflecting increased deformation with
higher loading.

For the 17100 kN/m? load, the settlement distribution
map exhibits a maximum vertical displacement (UZ) of
about -75 mm in the upper-left corner of the study area.
This reflects substantial soil deformation under maximum
loading, exceeding the original design limits. Other regions
exhibit lower settlement values, ranging from -55 mm to -
65 mm. Compared to lower load levels, settlement is
distributed more widely across the area, with a significant
increase in displacement values.

These settlement distribution maps across three load
levels offer a comprehensive view of vertical
displacements of bored piles under progressive loading
conditions.
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The ultimate bearing capacity of the bored pile at
coordinates X = 0 and Y = 0 is determined by the
intersection of two regression lines derived from vertical
displacement data (UZ) at different load levels. The first
regression line, representing load levels from 0% to 100%,
has the equation y = —0.0014x — 5.41 with an R? value of
0.9969, indicating high accuracy for displacement
simulations under low loads. The second regression line,
representing load levels from 200% to 300%, has the
equation y =—0.0071x + 56.19 with an R? value of 0.9665,
reflecting a steeper slope due to greater pile deformation
under high loads (Figure 12).

The intersection of these two regression lines identifies
the ultimate load with a value of 10813.30 kN. This

Ultimate Load Determination via Intersection of Two Regression Lines
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represents the load level at which pile deformation begins
to change significantly, marking the pile's capacity limit
before irreversible deformation or instability occurs.

The ultimate bearing capacity map of bored piles
illustrates the distribution of load-bearing capacity across
the study area (Figure 13). The highest values,
approximately 11400 kN, are concentrated in the upper-
right region of the map, with coordinates X and Y between
about 47.5 m and 97.5 m. In contrast, the lower-left region
shows lower bearing capacity values, around 10960 kN.
This variation reflects differences in geological conditions
affecting the bearing capacity of bored piles in different
regions.
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Based on the outlined determination method, this map
illustrates the variation in the maximum load capacity that
bored piles can withstand before experiencing significant
deformation. The map gradient shows an increasing trend
in bearing capacity from the lower to the upper regions,
potentially indicating differences in the underlying soil
layers or mechanical properties at varying depths within the
study area. With bearing capacity values ranging from
10960 kN to 11400 kN, this map serves as a valuable tool
for assessing and optimizing pile placement in foundation
design, ensuring safety and efficiency in infrastructure
construction projects.

4. Discussion

The simulation results using the Finite Element Method
(FEM) often show higher accuracy at large load levels
when compared to experimental static load test data. The
main reason is that, at low loads, the influence of
heterogeneous factors in the soil—such as localized weak
layers, uneven compaction, or pore water effects—is often
difficult to fully model in FEM, leading to discrepancies
between simulation and reality. Additionally, in
experimental tests, factors such as measurement device
errors and actual boundary conditions may have a greater
impact at low load levels, where deformation is very small
and signals are more susceptible to noise. In contrast, at
high loads, the overall behavior of the pile-soil system is
mainly governed by nonlinear characteristics and the
overall bearing capacity of the foundation, which are better
represented and closely simulated by FEM. Therefore,
FEM results at high load levels tend to converge more
closely to experimental data. This also explains why the
error between FEM and static load test results decreases as
the load increases. The combined approach of the Finite
Element Method (FEM) and Artificial Neural Network
(ANN) in this study has proven its superiority compared to
previous methods. The greatest advantage of this approach
lies in simultaneously leveraging the precise analytical
capabilities of FEM and the machine learning abilities of
ANN, thereby minimizing prediction errors and optimizing
model efficiency. FEM predictions demonstrated high
accuracy in simulating the interaction between piles and
soil under significant load conditions, while ANN
enhanced the learning from experimental data to provide
more precise predictions across diverse conditions, with a
Mean Absolute Error (MAE) of 9.669, significantly lower
than many prior studies.

Analysis and comparison between FEM, ANN, and
experimental data reveal notable differences. At a load
level of 200% (11400 kN), both FEM (-27.222 mm) and
ANN (-27.4556 mm) closely matched the experimental
results (-27.142 mm), indicating strong model convergence
under high-load conditions.

The ultimate bearing capacity map provides an intuitive
and powerful tool for evaluating and optimizing bored pile
designs in infrastructure projects. With a survey grid of 5x5

m, the map displays the specific distribution of bearing
capacity across the study area, clearly reflecting the
influence of diverse geological conditions. Bearing
capacity values range from 10960 kN to 11400 kN, with
the highest values concentrated in the upper-right corner of
the map, suggesting better mechanical properties of the soil
in that area and higher load-bearing capacity. Conversely,
areas with lower bearing capacity are located in the lower-
left corner, indicating less stable geological properties or
the presence of weaker soil layers at greater depths.
Furthermore, the distinct bearing capacity gradient on the
map allows engineers to identify areas with significant
geological variations, aiding in design adjustments tailored
to specific conditions. For instance, at 200% of the design
load (11400 kN), the map reveals significant settlement
increases in the central region, helping engineers identify
areas requiring additional soil reinforcement before
construction and enabling optimal pile placement, thereby
reducing the number of piles needed and optimizing costs.

When compared to previous studies, such as Lai et al.
[14], the FEM-ANN approach demonstrates an advantage
in addressing complex geological conditions. Lai et al. [14]
applied ANN to predict the bearing capacity of
heterogeneous soils, but its reliance on input variables and
complex experimental designs rendered the model less
effective under real-world geological conditions. In
contrast, this study successfully developed an ultimate
bearing capacity map based on FEM, providing detailed
information for each surveyed location, thereby supporting
engineers in designing infrastructure flexibly and
efficiently. Similarly, compared to the ANFIS-GMDH-
ICA model by Armaghani et al. [1], the integration of FEM
and ANN addressed the limitation of requiring extensive
data for artificial intelligence models. While the ANFIS-
GMDH-ICA model achieved high accuracy through
optimization with the ICA algorithm, it required 257
dynamic load tests, significantly increasing costs and time.
In contrast, the FEM-ANN approach in this study reduced
costs by utilizing FEM to generate a rich training dataset
while maintaining comparable accuracy in predicting pile-
bearing capacity.

Nonetheless, the study has certain notable limitations.
ANN may not fully capture the nonlinear aspects of soil
behavior, particularly in areas with significant geological
variations. Therefore, in the future, expanding the scope of
experimental data from different geological regions, as
well as integrating deeper learning algorithms such as
GMDH-ICA or BSA-EO, will enhance the model’s
predictive  capabilities.  Additionally,  developing
automated computational platforms could increase the
model’s applicability in real-world projects, especially
when dealing with complex loading and geological
conditions.

5. Conclusions

This study has demonstrated the effectiveness of
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combining the Finite Element Method (FEM) and Artificial
Neural Networks (ANN) in predicting the bearing capacity
of bored piles. The FEM model, with its solid foundation
in soil mechanics theory, delivers accurate results
regarding the vertical displacement of piles under various
load levels, especially when compared with experimental
data. Meanwhile, ANN enhances predictive capabilities by
learning from experimental data, minimizing errors, and
improving accuracy. This integration not only achieves
high precision but also optimizes time and costs, enabling
rapid and efficient application in infrastructure projects,
particularly in predicting bearing capacity under complex
geological conditions.

A key contribution of this research is the validation of
the practical applicability of FEM and ANN in predicting
the bearing capacity of bored piles, laying the groundwork
for advanced prediction methods in construction and
geotechnical engineering. The findings expand our
understanding of pile load capacity while providing a
viable and cost-effective alternative to traditional methods.
Moreover, this approach shows great potential for
widespread application in real-world construction projects,
equipping engineers with an effective tool to evaluate and
optimize pile foundation designs.

Future research directions include expanding
experimental datasets to cover more diverse geological
regions, thereby enhancing the model’s accuracy and
applicability. Additionally, improving the ANN model
with more advanced deep learning algorithms and
integrating other artificial intelligence techniques will
further optimize the model, allowing it to more accurately
reflect the nonlinear characteristics of soil behavior. The
study may also consider developing an automated
computational platform to facilitate easier application
under varying geological and loading conditions, meeting
the diverse demands of the construction and geotechnical
industries.
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