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Abstract. Suction caisson foundations are frequently used to moor offshore structures in the oil drilling and wind power
generation industries. Though artificial neural network (ANN) models have been successfully applied to predict pile foundation
capacity, the considerable differences between the characteristics of pile and suction caisson foundations imply that an ANN
model trained using data from the former cannot be applied to predict the capacity of the latter. This study accordingly employed
suction caisson foundation data to develop an ANN capable of accurately predicting the capacity of such foundations. The early
stopping and model checkpoint techniques were applied to prevent overfitting by saving the immediately prior optimal weight.
To obtain the optimal hyperparameter conditions efficiently, a Bayesian optimization algorithm was employed, which
significantly reduced the optimization time. This algorithm produced four hyperparameter combinations that exhibited excellent
performance; these were each used to train the ANN 500 times, thereby accounting for the uncertainty owing to randomly
assigned initial weights. The proposed ANN was subsequently developed using two approaches: parameter analysis and
optimization. The parameter analysis determined that the optimal number of network parameters for the selected hyperparameter
combinations was 7,638, which was within the 500-650,000 range determined by a general analysis. The verification root mean
square error(RMSE) of the ANN model developed using the optimization process was 8.88 with a coefficient of determination
of 0.9998. Notably, because suction caisson foundation data have characteristics consistent with general geotechnical
engineering practices, the optimal network parameter range and optimization method employed in this study to develop the
ANN can be used with other data obtained in the geotechnical field.
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1. Introduction

The suction caisson, first proposed by Goodman et al.
(1961), is a basic foundation system with a sealed
cylindrical upper part and a lower part inserted into the
ground using its own weight. Water is subsequently drained
from the inside of the caisson and the foundation resistance
is secured by the pressure difference between the inside and
outside of the caisson. Suction caissons have been widely
used as foundations for marine structures in the oil drilling
industry and are increasingly applied with floating offshore
wind power generation structures to meet social demands
for green energy.

Many studies on the behavior of suction caisson
foundations have been conducted using centrifugal model
experiments (Brown and Nacci 1971, Fuglsang and
Steensen-Bach 1991, Andersen et al. 1993, Watson and
Randolph 1997, Watson et al. 2000, House and Randolph
2001, Clukey and Morrison 1993, Kelly et al. 2006, Murillo
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et al. 2009). The horizontal and vertical loads and moments
resisted by suction caisson foundations have also been
evaluated through indoor and field experiments (Bryne and
Houlsby 2004, Houlsby e# al. 2005). The results of such
experiments have been applied to evaluate the holdin g
capacity of the suction caisson foundation in a marginal
equilibrium state. However, the difficulties associated with
physical experimentation have led to the recommendation that
evaluations of support and subsidence be conducted using
three-dimensional finite element analyses instead (DNV 2005).
Such analyses may need to consider nonlinear effects
depending on the environmental and design conditions of the
target application. A variety of studies have been conducted to
predict the capacity and pullout resistance of suction caissons
based on numerical analyses (Deng 2001, Cao et al. 2002,
House and Randolph 2001, Aubeny ef al. 2003, Zhan and Liu
2010, Ahn et al. 2014, Kim ef al. 2017).

Recently, research has been actively conducted to predict
pile capacity using machine learning or artificial neural
network (ANN) techniques (Al-Swaidani et al. 2024, Savvides
and Papadopoulos 2024, Tariq et al. 2024). Such efforts have
employed data from pile loading tests (Abu Kiefa 1998,
Alzo'ubi and Ibrahim 2019, Bajaj et al. 2019, Chow et al.
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1995, Harandizadeh et al. 2021, Ismail et al. 2013;, Jebur et
al. 2021, Shahin 2014a, Shaik et al. 2019, Borthakur and Dey
2020, Samui 2011, Samui 2019), cone penetration tests
(Ardalan et al. 2009, Ghorbani et al. 2018, Harandizadeh
2020, Shahin 2010, Shahin 2014b, Alkroosh et al. 2015), or
dynamic loading tests (Park and Cho 2010, Armaghani et al.
2020, Momeni et al. 2014, Momeni et al. 2015, Shatnawi et
al. 2019, Tarawneh and Imam 2014, Teh et al. 1997, Yong et
al. 2021). Studies have also been conducted to predict the
ultimate pile capacity using various ANN algorithms and
numerical analysis data (Benali 2021, Das and Dey 2018,
Kardani ef al. 2020, Liu et al. 2010, Moayedi and Armaghani
2018, Prayogo and Susanto 2018, Samui 2012, Shaikh et al.
2019, Singh and Walia 2017, Singh et al. 2018, Sun et al.
2020, Pham et al. 2020).

Though research using machine learning or ANN
techniques to estimate pile capacity is ongoing, ANNSs trained
on pile data cannot be directly applied to suction caisson
foundations as the latter relies upon the difference between
internal and external pressures induced during construction and
are primarily used in deep seas where they are affected by
waves and currents. As a result, the development of such
modeling methods for the prediction of suction caisson
capacity remains lacking. This study accordingly developed a
technique for optimizing an ANN to predict the capacity of
suction caisson foundations using the appropriate data.

2. ANN analysis and optimization

Three aspects must be considered when developing
analysis methods based on ANNS: first, overfitting must be
avoided by careful selection of the learning process; second,
detailed descriptions of the trial-and-error method applied for
optimization and of the final hyperparameter determination
method should be provided; third, the variability in the learning
results should be considered even under the same conditions
owing to the randomness inherent to the initial model weights.
This study developed an ANN model considering all three of
these aspects. Overfitting was prevented by saving the optimal
weights immediately prior to overfitting using the early
stopping and model checkpoint techniques. The optimization
time was shortened using a Bayesian algorithm and the basis
for the optimal hyperparameter conditions was established.
Finally, four hyperparameter combinations that exhibited high
performance were selected from the Bayesian optimization
results and used to train the ANN 500 times each, thereby
accounting for the uncertainty owing to the randomly assigned
initial weights.

2.1 Data describing the suction caisson foundation

The holding capacity of the suction caisson foundation
is provided by the tip resistance and skin friction after
installation via gravity. The schematic in Fig. 1 defines the
parameters used to calculate holding capacity, in which L
denotes the length of the suction caisson, D denotes the
diameter of the suction caisson, ¥ denotes the angle of the
load at yield, S,,, denotes the undrained shear strength of
the caisson—soil interface, and S,, denotes the undrained
shear strength per unit depth.
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Fig. 1 Suction caisson parameters (Kim et al. 2017)

In this study, the variables necessary to predict the
holding capacity of a suction caisson foundation were
normalized to consider only three input variables in the
model: the aspect ratio of the suction caisson, defined as
L/D ; the normalized undrained shear strength
characteristics, defined as S,,;D/S,,; and the load angle ¥
at the time of yield. The normalized suction caisson holding
capacity was selected as the output value. Fig. 2 depicts the
input variable values from Kim et al. (2017) used in this
study; of these 127 data points, 92 were used for training
and 35 for validation. And the data were obtained through
Abaqus, a finite element analysis program. Data
normalization was performed during preprocessing to
ensure that the model consistently recognized the input data
and considered all the input variables equally. The Z-score
normalization method was applied to do so as follows

(x—p)

Data Normalization = €))
where x is the data point value, the u is the average value of
all data points, and s is the standard deviation of the data.

This normalization approach yields a set of
dimensionless characteristic input variables of the same
size. The holding capacity of asuction caisson foundation
defined as Pf,,. The foundation capacity was calculated as
P /S,0D? considering the undrained shear strength of the
caisson—soil interface and the caisson diameter, and the
normalized suction caisson holding capacity was selected as
the characteristic output value.

Table 1 shows the ranges, averages, and covariances of
the normalized characteristic input variables and output
values used to train and validate the model. All input and
output values of the validation data were within the range of
the training data. In addition, the normalized input variables
L/D and S,;D/S,, indicated a positive covariance with
respect to the output value me/SuoD2 whereas the input
variable ¥ indicated a negative covariance. Table 1 also
reports the Pearson coefficients expressing the correlation
between the characteristic input and output values. An
analysis of the correlation between input values indicated a
Pearson coefficient of 0.012 between L/D and S,;;D/S,0, -
0.18 between L/D and ¥, and -0.03 between S,,;D /S, and
Y. In addition, the Pearson coefficients between the input
variables L/D, S,1D/S,o, and ¥ and output value Pf,,/
SuoD? were 0.71, 0.44, and -0.37, respectively. Thus, the
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Table 1 Statistics describing the training and validation data

Characteristic Training data L/D Su1D/Suo Y P/ SuoD?
Min 2 0 0 13.3
Max 10 5 90 3371.6
Average 6.04 2.46 30.97 677.78
Covariance 1838.66 754.17 8506.63 -
Pearson coefficient 0.66 0.51 -0.33 -
Characteristic Training data L/D Su1D/Suo y P/ SuoD?
Min 2 0 0 19.5
Max 10 5 90 3119.90
Average 5.89 2.6 26.29 711.97
Covariance 1961.75 622.63 7251.28 -
Pearson coefficient 0.71 0.44 -0.37 -

L/D
L/D

SurD /S
S5u1D/Suo

Py m/ SuoD?

20 A0 60 0 ' 20

Fig. 2 Normalized data used for: (a) Training and (b)
Validation

Pearson coefficients between input variables were all close
to 0, and the Pearson coefficients between the input
variables and output value remained less than 0.8,
indicating that the dataset did not exhibit any
multicollinearity problem (Bae 2002).

2.2 Parametric analysis

A parametric analysis was conducted using the condition
search method to determine the influences of each
hyperparameter ~ (the activation  function, weight
initialization method, optimizer, number of hidden layers,
number of hidden layer nodes, and learning rate) on the
number of network parameters and model performance. The
rectified linear unit (ReLU), sigmoid, and tanh functions
were evaluated as activation functions. The He normal or
Glorot normal weight initialization methods were applied.
The Adam, Adagrad, AdaDelta, Nadam, and RMSProp
optimizers were considered. Ranges of 1-5 hidden layers
and 2-4096 hidden layer nodes were evaluated along with
learning rates from 0.001 to 0.1. All combinations of all
hyperparameters were included in the considered cases.
When performing the analysis for each hyperparameter,
four different combinations of the remaining
hyperparameters were evaluated for comparison. In contrast
to the hyperparameters, which were varied according to the

test case, the parameters that change according to the
learning process within the model were considered network
parameters. The number of network parameters was
determined by the number of input variables, hidden layers,
and hidden nodes as follows

L
Ny(k+1) + Z N;(N;i_y + 1) + No(N, + 1) 2)

i=2

where N; is the number of nodes in the first hidden layer,
k is the number of input variables, L is the number of
hidden layers, and N is the number of nodes in the output
layer. Based on Eq. (2), a consistent number of network
parameters was generally applied; however, as stated above,
the number of hidden layers (a hyperparameter) was
changed to analyze the effects of an increase or decrease in
the number of network parameters.

2.3 Optimization

Three approaches were applied under the same
conditions to optimize the performance of the model: (1)
model checkpoint and early stopping techniques, (2)
shortening the optimization time and securing optimal
hyperparameter conditions using a Bayesian algorithm, and
(3) consideration of uncertainty through iterative learning. A
detailed description of each method is provided below.

2.3.1 Model checkpoint and early stopping methods

The model checkpoint method stores the weights of the
model as long as the root mean square error (RMSE) used
for validation is smaller in the current learning epoch than
in the previous training epoch. Thus, overfitting can be
prevented by obtaining the weight corresponding to the
number of training iterations just before overfitting is
achieved.

The early stopping method observes the RMSE of the
validation data during the model training process and
terminates training when the RMSE for the current epoch is
greater than that of the previous epochs. Thus, the training
time can be reduced and overfitting prevented.

2.3.2 Bayesian optimization
Bayesian optimization reduces the need for researcher
intervention and shortens the optimization process. In this
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study, Bayesian optimization algorithms were applied to
control the number of hidden nodes in the first layer, the
number of hidden nodes in the second layer, and the
learning rate, and explore the hyperparameter combinations
in the suction caisson foundation data. The remaining
hyperparameters, determined to be optimal through the
parametric analysis, were set as the Adam optimizer, ReLU
activation function, He normal weight initialization, and
two hidden layers were set, which satisfied the minimum
conditions for deep learning and provided differentiation
from the low-layer structure of the first layer, as has been
typically used in previous ANN studies. The Bayesian
optimization algorithm was applied to search randomly for
the initial five searches, then searching 1000 iterations. The
search range was set to select from 1-4096 hidden nodes in
each layer and from learning rates of 0.001-0.1.

2.3.3 lterative learning

Because the initial weights of the model were assigned
random values, they changed each time training was
attempted, which affected the results. To consider the
change in training results according to the assignment of
random values, four hyperparameter combinations with low
validation RMSE values were selected from among the
results explored through Bayesian optimization, and
training was repeated 500 times for each. A model was
selected once the initial weights were distributed using the
random values that were most suitable for training, thereby
accounting for the variability owing to the initial weights.

3. Results

The model training results are discussed in terms of the
parametric analysis and optimization processes in this section.

3.1 Parametric analysis

The parametric analysis was conducted by varying one
hyperparameter at a time within a selected set of conditions for
the remaining hyperparameters. Only the RMSEs of the
validation data were used to determine the effects of each
hyperparameter. The early stopping method was applied to
stop the iteration of epochs and terminate the training process
when the validation RMSE increased.

For clarity, each “Condition” label shown in Figs. 3-5
represents a specific combination of the number of hidden
layers, hidden nodes, and learning rate used during training.

In particular, Conditions 1 and 2 correspond to relatively
shallow networks (one hidden layer) with high and low
learning rates, respectively, whereas Conditions 3 and 4
represent deeper networks (two hidden layers) trained under
similar learning rate variations.

These distinctions allow the influence of each
hyperparameter to be independently examined and facilitate
consistent comparison across figures.

3.1.1 Optimizer
First, we examined the use of five different loss function
optimizers during training. The validation RMSE value for
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Fig. 3 Comparison of validation RMSEs according to the
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Fig. 4 Comparison of validation RMSEs according to
activation function and weight initialization method

Table 2 Conditions for parametric analysis of the optimizer
hyperparameter

Condition Number of Number of Learning Activation
hidden layers hidden nodes  rate function
Condition 1 1 512 0.05
Condition 2 2 256 0.005
ReLU
Condition 3 1 1024 0.005
Condition 4 2 1024 0.005

each optimizer is compared in Fig. 3 under the four
hyperparameter conditions listed in Table 2. The Adam
optimizer exhibited the lowest validation RMSE and thus the
best optimization performance under all four conditions.
Therefore, the Adam optimizer was applied when performing
the subsequent parametric analyses.

3.1.2 Activation function

Fig. 4 shows the change in validation RMSE according
to the activation function employed under the four
conditions listed in Table 3. Because there exists an initial
weight distribution suitable for training according to the
activation function, the He normal weight initialization was
used with the ReLU activation function, and the Glorot
normal weight initialization was used with the Simoid and
tanh activation functions (He ef al. 2015). The results
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Table 3 Conditions for parametric analysis of activation
function and weight initialization method

Condition Number of ~ Number of Learning Optimizer
hidden layers hidden nodes  rate P
Condition 1 1 512 0.05
Condition 2 2 256 0.005
Adam
Condition 3 1 1024 0.005
Condition 4 2 1024 0.005

Table 4 Conditions for parametric analysis of the number of
hidden nodes

" Number of . . Activation
Condition hidden layers Learning rate Optimizer function
Condition 1 1 0.05
Condition 2 1 0.005 Ad ReLU
am e
Condition 3 2 0.05
Condition 4 2 0.005
250 ’
200 L
[
2 150
<
é 100 r
=B
50 Lo
‘ { 3 Condition
0 i @
0 1000 2000 3000 4000

Number of hidden nodes

Fig. 5 Comparison of validation RMSEs according to the
number of hidden nodes

indicated that the ReLU function provided the smallest
validation RMSE; this is consistent with the results of
previous studies showing that the ReLU function improves
model performance by solving the vanishing gradient
problem (He et al. 2015). Therefore, the ReLU activation
function and He normal weight initialization method were
used in the subsequent parametric analyses.

3.1.3 Numbers of hidden nodes and hidden layers

Next, the change in the validation RMSE was evaluated
according to the number of hidden nodes and hidden layers.
When training an ANN using data from suction caisson
foundations, which exhibit relatively independent and
simple characteristics compared to the complex data used in
other recent ANN applications, a quantitative analysis of
overfitting should be attempted. Fig. 5 shows the change in
the validation RMSE according to the number of hidden
nodes under the conditions listed in Table 4. Under all four
conditions, when the number of hidden nodes was small,
the validation RMSE was greater than 100; as the number
of hidden nodes increased, the validation RMSE decreased
suddenly before slowly increasing again. Conditions 3 and
4, which included two hidden layers, exhibited their
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Number of hidden layers
(a) Conditions 14
200
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- AP

r Condition 6 ’,’

/" Condition 8

Validation RMSE
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Condition 5

Number of hidden layers

(b) Conditions 58
Fig. 6 Comparison of validation RMSEs according to the
number of hidden layers

minimum validation RMSE values at smaller numbers of
hidden nodes than Conditions 1 and 2, which included one
hidden layer.

Fig. 6 shows the change in validation RMSE according
to the number of hidden layers under the conditions listed in
Table 5. The validation RMSEs tended to increase with the
number of hidden layers in seven of the eight conditions (all
except Condition 1). Condition 1 did not fall into a local
minimum as it had a higher learning rate than Condition 2,
and the number of network parameters for the
corresponding model did not become excessively large as
training was conducted using the smallest number of hidden
nodes among the eight conditions. Therefore, even if three
or more hidden layers are used, the validation RMSE will
decrease. Notably, the learning rate comprises the only
difference between Conditions 1 and 2; thus, as the number
of hidden layers increases at a low learning rate, the
probability of falling into a local minimum in the loss
function increases.

3.1.4 Learning rate

Fig. 7 shows the change in the validation RMSE
according to the learning rate under the conditions listed in
Table 6. The validation RMSEs for Conditions 1 and 2, in
which each possessed only one hidden layer, changed little
with the learning rate. However, the validation RMSEs for
Conditions 3 and 4, in which each possessed two hidden
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Table 5 Conditions for parametric analysis of the number of
hidden layers

Condion_ e o LS opimier e
Condition 1 256 0.05
Condition 2 256 0.005
Condition 3 512 0.05
Condition 4 512 0.005
Condition 5 1024 0.05 Adam RelU
Condition 6 1024 0.005
Condition 7 2048 0.05
Condition 8 2048 0.005

Table 6 Conditions for parametric analysis of learning rate

Condition Number of  Number of Optimizer Activation
hidden layers hidden nodes P function
Condition 1 1 1024
Condition 2 1 2048
. Adam ReLU
Condition 3 2 1024
Condition 4 2 2048
60
w40
2
=
= ,
S 20 ... —(-1-0{1(.11,1,“_”1l_ﬁ
= =
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0.001 0.005 0.01 0.05

Learning Rate

Fig. 7 Comparison of validation RMSEs according to the
learning rate

layers, increased with the learning rate owing to the
influence of the network parameters, which will be
described later. In fact, the validation RMSE likely
increased with the learning rate as the number of network
parameters in Conditions 3 and 4 exceeded the optimal
number of network parameters.

3.1.5 Number of network parameters

An examination of the change in the validation RMSEs
according to the number of nodes in each hidden layer and
the number of hidden layers demonstrated that even when
the former was increased significantly, the RMSE changed
relatively less than when the latter was increased. In
addition, the numbers of hidden nodes and hidden layers
determine the number of network parameters in the model,
hindering attempts to clearly observe overfitting by
analyzing the two hyperparameters separately. Therefore,
we examined the validation RMSE when varying the

900
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Number of network Parameter

Fig. 8 Comparison of validation RMSEs according to the
number of network parameters

number of network parameters rather than the number of
hidden nodes and hidden layers. By inserting the number of
hidden layers into Eq. (2), the number of hidden nodes can
be adjusted to create a model with the desired number of
network parameters.

Fig. 8 shows the change in the validation RMSE
according to the number of network parameters in models
with 1, 2, 3, 4, 10, and 20 hidden layers. Under all six
conditions, the maximum validation RMSE was 878.39
with the smallest number of network parameters when there
was one hidden node in each layer. In addition, as the
number of network parameters increased, the values of the
validation RMSEs decreased rapidly before relatively
stabilizing, then eventually began increasing once the
number of network parameters was excessive. When the
number of hidden layers ranged from 1 to 4, the validation
RMSE appeared to maintain a value of less than 50 given at
least 500 network parameters. When the number of hidden
layers was 10 or 20, the validation RMSE remained at
878.39 for up to 500 or 1000 network parameters,
respectively, indicating that learning did not occur at all.
Thus, when the hidden layers of an ANN are deeply
stacked, the model becomes sensitive to underfitting given a
small number of network parameters. When the number of
network parameters was between 500 and 650,000, the
difference in the validation RMSE values according to the
number of hidden layers was negligible.

3.2 Optimization results

The optimization process is discussed in terms of the
results of Bayesian optimization and the results of iterative
learning the four selected hyperparameter conditions,
evaluated according to the values of their double-validation
RMSEs.

3.2.1 Bayesian optimization result

Fig. 9 shows the validation RMSE values according to
the number of network parameters and learning rate.
Bayesian optimization has the advantage of being able to
efficiently search for optimal values even with a limited
number of iterations. In contrast, Grid Search or Random
Search often rely on the researcher's intuition or luck, take a
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long time, and allow for the potential intervention of human
bias. Considering the size of the dataset in this study,
Bayesian optimization allowed us to find the optimal
conditions (57/121 hidden nodes, learning rate 0.07191)
much faster and more stably, confirming that this is an
effective method in terms of both computational efficiency
and accuracy.When using 57 hidden nodes in the first layer,
121 hidden nodes in the second layer, and a learning rate of
0.07191, the validation RMSE exhibited a minimum value
0f 9.27. As the number of network parameters increased, the
number of searches decreased and the validation RMSE
values increased, presumably because the probabilistic
estimation characteristics of the Bayesian optimization
technique determined that there was a low probability of
obtaining optimal performance given a large number of
network parameters. Furthermore, the lowest validation
RMSE value was achieved with 7,638 network parameters,
which is within the optimal range of network parameters
obtained in the parameter analysis presented in Section 3.1.
In this study, an initial random sample of 5 was used,
followed by 1000 iterations for exploration. Even when the
number of exploration iterations was varied, similar optimal
conditions were derived, and the combination of 57/121
nodes and a learning rate of 0.07191 was obtained through
repeated training. However, it is fundamentally difficult to
achieve perfectly identical results because the initial
weights are randomly assigned when training the model,
and this random assignment is known to ensure better
model performance. Nevertheless, by restricting the
hyperparameter range within the optimal network parameter
range suggested in this study, it is possible to derive the
optimal value faster than before.

According to the results in Fig. 9, training was not
effective when the number of parameters was less than 500,
and overfitting occurred when it exceeded 650,000. The
RMSE was stably minimized at approximately 7,638
parameters, which is an appropriate result for the size (127
samples) and characteristics of this dataset. Therefore, this
value is optimized for a specific dataset, and the
significance of this study lies in its quantitative presentation
of a reasonable network complexity relative to the data
scale.
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Fig. 10 Comparison of predicted and measured holding
capacity

Table 7 Result of iterative learning

Number of Number of RMSE
hidden nodes hidden nodes Learning rate - -
in the first  in the second & Bayesian lterative
layer layer optimization learning
45 125 0.004333 12.48 10.83
59 77 0.03165 13.67 11.57
331 328 0.03237 11.96 10.91
57 121 0.07191 9.27 8.88

Table 8 Optimal hyperparameter conditions

Hyperparameter Optimal value
Number of hidden
Two
layers
Number of hidden 57 in the first layer, 121 in the second layer
nodes
Learning rate 0.07191
Activation function ReLU
Weight initialization He normal
method
Optimizer Adam
Epochs Model checkpoint, Early stopping

3.2.2 Iterative learning result

Table 7 lists the four conditions with the lowest
Bayesian optimization RMSEs along with their RMSEs
after 500 rounds of iterative learning. The condition
employing 57 hidden nodes in the first layer, 121 hidden
nodes in the second layer, and a learning rate of 0.07191
exhibited the lowest validation RMSE value regardless of
whether learning was accomplished using Bayesian
optimization only or with iterative learning. Comparing the
remaining conditions, even when the RMSE value for
Bayesian optimization was low, it was consistently higher
than after iterative learning; therefore, iterative learning was
necessary to clearly identify the optimal performance under
each condition.

Fig. 10 compares the predicted and actual suction
caisson holding capacities obtained from the validation data
using the model with 57 first-layer hidden nodes, 121
second-layer hidden nodes, a learning rate of 0.07191, and
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both Bayesian optimization and iterative learning. The
RMSE was 8.88 with a coefficient of determination of
0.9998, indicating that the holding capacity was predicted
with a small error.

Fig. 10 compares the predicted and actual suction
caisson holding capacities obtained from the validation data
using the model with 57 first-layer hidden nodes, 121
second-layer hidden nodes, a learning rate of 0.07191, and
both Bayesian optimization and iterative learning. The
RMSE was 8.88 with a coefficient of determination of
0.9998, indicating that the holding capacity was predicted
with a small error.

Table 8 presents the optimal hyperparameter
combinations for the suction caisson foundation capacity
prediction model developed in this study. The activation
function, weight initialization, and optimizer
hyperparameters were determined through parametric
analysis. Bayesian optimization techniques were employed
to derive the remaining optimal hyperparameters: 57 hidden
nodes in the first layer, 121 hidden nodes in the second
layer, and a learning rate of 0.07191.

5. Conclusions

Suction caisson foundations are quite large and typically
applied in the deep sea, hindering experimental evaluations of
their performance. As a result, the holding capacity of a suction
caisson is typically evaluated using a three-dimensional finite
element analysis. Although suction caisson foundation data are
acquired consistently, the unique characteristics of these
geotechnical data must be considered independently for each
case. Therefore, this study developed and optimized an ANN
model to predict the holding capacity of suction caissons using
127 suction caisson data points by conducting a parametric
analysis considering overfitting, applying an optimization
process, and accounting for random initial weights. By using
the model checkpoint and early stopping techniques together,
the weights were obtained immediately prior to overfitting,
confirming that effective overfitting prevention is possible by
simultaneously utilizing the two techniques. The use of the
Adam optimizer, ReLU activation function, and He normal
weight initialization method exhibited the lowest validation
RMSE; the optimal number of network parameters
corresponding to these optimal hyperparameters was 7,638,
which was within the range of 500-650,000 anticipated by the
parametric analysis. Finally, applying iterative learning under
various conditions, despite one condition indicating a lower
RMSE than the others, the RMSE obtained for all conditions
remained lower than for those obtained by Bayesian
optimization alone, indicating that the optimal model can be
obtained by accounting for the random distribution of initial
weights. The validation RMSE of the optimized ANN model
was 8.88 with a coefficient of determination of 0.9998.

The proposed modeling method was applied to determine
the optimal hyperparameters for predicting the holding
capacity of a suction caisson based on training and validation
with 127 data points. Notably, a change in performance owing
to overfitting was observed depending on the number of
network parameters used in the trained ANN model. Based on

this observation, the optimal number of network parameters
required to suppress overfitting was quantitatively determined.
But, the internal ANN mechanism has not been analyzed;
therefore, future research could apply SHAP, LIME, or similar
explainable artificial intelligence (XAI) techniques to enhance
the model's interpretability. These results can be potentially
applied using data from a wide variety of applications in the
geotechnical engineering field. However, the generalized use
of the proposed ANN model requires extensive validation;
therefore, its effectiveness remains to be demonstrated
through further research using additional data.

Since this ANN model was trained based on the finite
element analysis data from Kim et al. (2017), it is currently
appropriate to view it as an auxiliary tool that quickly and
accurately predicts the results of that numerical analysis. for
integration into design standards such as DNV, the
following are required: (1) additional verification across
diverse numerical analysis conditions, (2) comparison with
field measurement results, (3) standardized reporting of
model performance, and (4) verification procedures by
professional societies or certification bodies. This study
represents the initial phase, demonstrating the potential for
the ANN optimization technique to be incorporated into
design guidelines.Although separate calibration reflecting
design standards and field conditions is necessary for actual
design application, the ANN optimization technique
presented in this paper can significantly enhance efficiency
during the design review process utilizing various analysis
results.
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