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Abstract: Machine learning (ML) has strong potential for soil settlement prediction, but determining hyperparameters for ML 
models is often intricate and laborious. Therefore, we apply Bayesian optimization to determine the optimal hyperparameter 
combinations, enhancing the effectiveness of ML models for soil parameter inversion. The ML models are trained using numerical 
simulation data generated with the modified Cam-Clay (MCC) model in ABAQUS software, and their performance is evaluated 
using ground settlement monitoring data from an airport runway. Five optimized ML models—decision tree (DT), random 
forest (RF), support vector regression (SVR), deep neural network (DNN), and one-dimensional convolutional neural network 
(1D-CNN)—are compared in terms of their accuracy for soil parameter inversion and settlement prediction. The results indicate 
that Bayesian optimization efficiently utilizes prior knowledge to identify the optimal hyperparameters, significantly improving 
model performance. Among the evaluated models, the 1D-CNN achieves the highest accuracy in soil parameter inversion, 
generating settlement predictions that closely match real monitoring data. These findings demonstrate the effectiveness of the 
proposed approach for soil parameter inversion and settlement prediction, and reveal how Bayesian optimization can refine the 
model selection process.

Key words: ABAQUS software; Bayesian optimization; Machine learning (ML) algorithms; Parameter inversion; Settlement 
prediction

1 Introduction 

Airports are integral parts of public transport in‐
frastructure, and airport runways are particularly sen‐
sitive to uneven surface settlement (Wu et al., 2020). 
To ensure safe operation, it is crucial to carry out de‐
formation monitoring and settlement prediction on 
airport runways (Yao et al., 2020). Traditional settle‐
ment prediction methods can be divided into three 
types: curve-fitting, theoretical calculation, and nu‐
merical simulation. The curve-fitting method involves 
calculating the relationship between settlement and 
time through field-measured data (Asaoka, 1978; 
Sridharan et al., 1987). However, the chosen shape 

of the settlement-fitting curve depends on experience-
based human judgement. The theoretical calculation 
method employs the layer-wise summation method 
along with various theoretical models to estimate the 
final settlement and consolidation degree of the foun‐
dation, as well as the development pattern of settle‐
ment (Zhou et al., 2020). Nevertheless, because of the 
difficulty of obtaining undisturbed soil parameters and 
the complexity of construction sites, such calculated 
results often differ significantly from reality. The nu‐
merical simulation method combines various soil con‐
stitutive models and consolidation theory to calculate 
settlement (Lester et al., 2019). This method is widely 
utilized due to its broad applicability, high accuracy, 
and flexibility. However, there is often a significant 
challenge in calibrating the parameters that define the 
constitutive model (Hu et al., 2023).

Traditionally, soil parameters are determined 
using two methods: laboratory tests and field tests. 
Due to the disparity between the soil used in laboratory 
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tests and the soil in real environment, measured pa‐
rameters deviate from the true values. The parame‐
ters obtained by field in situ tests usually display 
localized characteristics and are affected by the test 
methods, equipment accuracy, and soil heterogeneity 
(Hu et al., 2021). In recent years, with the rapid in‐
crease in data volume and the continuous improve‐
ment of computer hardware, machine learning (ML) 
has been widely applied in the field of geotechnical 
engineering (Benzaamia et al., 2024b; Xie et al., 
2024). It has been applied for various tasks, such as 
maximum surface settlement prediction (Chen et al., 
2019; Mahmoodzadeh et al., 2020), slope stability eva‑
luation (Qi and Tang, 2018; Wang et al., 2024), soil 
mechanical parameter estimation (Meng et al., 2021; 
Zhang P et al., 2021), tunnel excavation displacement 
(Huang et al., 2022; Zhang et al., 2022), and deforma‐
tion control and shield tunneling guidance (Pan et al., 
2023; Glab et al., 2024). Based on field monitoring 
data, various ML algorithms have been used to pre‐
dict settlement and control development, such as the 
back-propagation neural network (BPNN) (Ye et al., 
2022; Bardhan et al., 2024), random forest (RF) (Tang 
and Na, 2021; Zhang RH et al., 2021; Tan et al., 
2024; Ye et al., 2024), K-nearest neighbors (KNN), 
and support vector machine (SVM) (Zhang et al., 
2017). However, research on the inversion for soil me‐
chanical parameters based on airport runway settle‐
ment monitoring data remains scarce. The powerful 
nonlinear fitting ability of ML algorithms will help to 
accurately obtain soil layer parameters directly from 
settlement data, and enable robust prediction of air‐
port runway settlement development. This can, in turn, 
aid the formulation of safety and control measures.

Hyperparameters are parameters set before train‐
ing an ML model, which are usually set manually and 
cannot be learned directly from training data (Victoria 
and Maragatham, 2021). The hyperparameter space is 
typically vast and interdependent. To find the optimal 
combination of hyperparameters efficiently, ML prac‐
titioners use a variety of strategies, such as grid search 
(GS) (Fayed and Atiya, 2019), random search (RS) 
(Bergstra and Bengio, 2012), and evolutionary algo‐
rithms (EAs). The commonly used EAs include the 
genetic algorithm (GA) (Wijesinghe et al., 2022), par‐
ticle swarm optimization (PSO) (Hasanipanah et al., 
2016), ant colony optimization (ACO) (Wang and 
Vanapalli, 2024), and simulated annealing (SA) (Ma 

et al., 2023). However, the GS algorithm is suscepti‐
ble to gradient explosion, while the RS algorithm strug‐
gles to balance efficiency and precision. EAs demand 
a substantial quantity of initial points, and yet their op‐
timization efficiencies remain suboptimal. Currently, 
most hyperparameter optimization methods fail to ef‐
fectively leverage optimization experiences from other 
datasets. Consequently, within a constrained optimiza‐
tion timeframe, they are unable to fully explore the 
performance potential of different models, thus restrict‐
ing their applicability in geotechnical engineering.

Bayesian optimization is a global optimization 
method based on a probabilistic model, which excels 
at leveraging known experimental data points. Using 
limited observational data, it selectively identifies the 
most promising parameters for subsequent iterations. 
Ultimately, Bayesian optimization efficiently finds the 
global optimum within a specified number of itera‐
tions (Akiba et al., 2019). This characteristic has led to 
its widespread application in the field of geotechn‑
ical engineering, particularly for the inversion of soil 
parameters (Yin et al., 2018; Gu et al., 2023; Zhang 
WG et al., 2024). For instance, a Bayesian method 
based on Markov chain Monte Carlo (MCMC) simu‐
lation was used to identify the optimal constitutive 
model for a sandy soil (Jin et al., 2019a), and a Baye‑
sian method based on differential evolution transi‐
tional MCMC could accurately determine the parame‐
ters of advanced soil models (Jin et al., 2019b). More‐
over, the Bayesian optimization-genetic algorithm 
(BO-GA) model has demonstrated superior perfor‐
mance in soil parameter calibration compared to the 
traditional GA (Liu et al., 2024). Additionally, an ex‐
treme gradient boosting (XGBoost) model enhanced 
by Bayesian optimization was utilized to accurately 
predict the undrained shear strength (USS) of soft 
clays, avoiding inefficient brute-force searches (Zhang 
WG et al., 2021).

In this study, we propose an enhanced ML method 
for soil parameter inversion based on Bayesian opti‐
mization. First, a large dataset for training ML models 
is generated through numerical modeling using the 
nonlinear finite element software ABAQUS, adopting 
the modified Cam-Clay (MCC) constitutive model 
widely utilized in geotechnical engineering. Second, 
five ML models are established and their optimal 
hyperparameter combinations are determined using 
Bayesian optimization, followed by comparisons of 
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their performances on the testing dataset. Third, the 
soil parameters required to predict settlement are in‐
verted using the optimized ML models, based on the 
monitoring settlement data from the Xiang’an Airport 
in Xiamen, China. Finally, the inverted parameters 
from the five ML models are input to the numerical 
model, and are respectively compared with the settle‐
ment monitoring data. Fig. 1 delineates the overall 
workflow of our method.

2 Bayesian optimization 

Bayesian optimization (BO) employs a surrogate 
model to approximate an objective function, and uti‐
lizes an acquisition function to balance exploration 
and exploitation to achieve efficient global optimiza‐
tion. In this study, the tree-structured Parzen estima‐
tor (TPE) serves as the surrogate model, which di‐
vides the observed data points into two groups (opti‐
mal and suboptimal) and constructs the truncated 
Gaussian mixture models (TGMMs) for each group. 
This approach enables flexible modeling of complex 
data distributions, while reducing computational com‐
plexity and enhancing robustness to noise. Eq. (1) de‐
fines the mathematical framework of the modeling 
process.

p ( x | y ) =
ì
í
î

l ( )x    if y < y*

g ( )x   if y ≥ y*
(1)

where x and y represent the input variable and the 
observed value of the loss function, respectively; 
p(x | y) is the probability density function of the input 

variable x, given the loss function value y; y*, which 
lies between 0 and 1, is a quantile of the observed 
loss function values; l(x) and g(x) are probability den‐
sity functions constructed from different sets of ob‐
served loss function values.

The mathematical expression for a TGMM com‐
posed of K Gaussian distribution components can be 
formulated as follows:

p(x)=

∑
k = 1

K πk

( )2π
d/2 || Σk

1/2
exp é

ë
êêêê -

1
2

( x - μk )
T
Σ -1

k ( x - μk )ù
û
úúúú I(x)

(2)

I ( x ) = {1 if  true
0 if  false

(3)

where p(x) is the probability density function in 
TGMM; d is the vector’s dimension; πk (k=1, 2, … , 
K) is the mixing coefficient of the kth Gaussian distri‐
bution; | Σk | is the determinant of the covariance ma‐

trix Σk; μk is the mean of the kth Gaussian distribu‐

tion; I(x) is the indicator function utilized for model 
truncation.

The TPE further adopts the expected improve‐
ment (EI) acquisition function Ey*( x ) to guide the 

search process toward promising regions. In this way, 
we can effectively combine probabilistic modeling 
with adaptive sampling strategies to optimize objec‐
tive functions in bounded domains (Jones, 2001).

Ey*( x ) = ∫
-¥

y*

( )y* - y p ( y | x )dy =

∫
-¥

y*

( )y* - y
p ( )x | y p ( )y

p ( )x
dy (4)

where p ( y | x ) is the conditional probability density 

function of the loss function value y, given the input 
variable x; p(y) is the marginal probability distribution 
of the loss function value y.

3 Datasets and ML models 

3.1 Data source

ML models with robust performance and gener‐
alization capabilities typically require a substantial 
amount of training data. Given the limited availability 
of on-site settlement monitoring data, a viable alterna‐
tive approach involves generating a synthetic dataset 
using numerical methods and using the synthetic data‐
set for model training. This approach can be comple‐
mented by evaluating the model’s accuracy with real 
settlement monitoring data, thereby enhancing the pre‐
cision and robustness of the settlement prediction 
(Xie et al., 2025). Consequently, the data in this study 
encompasses two primary components: numerical sim‐
ulation data generated by the finite element software 
ABAQUS, and settlement monitoring data from the 
Xiang’an Airport in Xiamen, China.
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Fig. 1  Workflow of the proposed framework for obtaining the optimal soil parameter inversion mode. SP-A and SP-B 
represent the two distantly positioned monitoring points on the airport runway. MAE is the mean absolute error; DT, 
SVR, DNN, and 1D-CNN are the decision tree, support vector regression, deep neural network, and one-dimensional 
convolutional neural network, respectively
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3.1.1　Monitoring dataset

In order to comprehensively understand the distri‐
bution and developmental trend of runway settlement 
at the airport, monitoring points were strategically po‐
sitioned at critical locations along the runway, as de‐
picted in Fig. 2. The settlement development records 
from two distantly positioned monitoring points on 
the airport runway, SP-A and SP-B, were chosen to 
validate the ML-based parameter inversion model. 
The inverted “T” markers in Fig. 2 symbolize settle‐
ment monitoring plates located at the base of the load-
bearing sand layer.

3.1.2　Numerical simulation dataset

Because of substantial ground settlement in the 
studied region, we incorporate the effect of significant 
soil deformation into the finite element modeling 
(FEM). The numerical modeling is based on rational 
assumptions, including the subsoil stratification, soil 
homogenization, construction conditions, incompress‐
ibility of pore fluids, and incompressibility of fully 
weathered granite layers, ensuring that the model ac‐
curately portrays real-world conditions. Fig. 3 illus‐
trates a geological cross-section diagram of the moni‐
toring points at the Xiang’an Airport runway.

The consolidation settlement of the airport run‐
way under the influence of superimposed preload‐
ing is regarded as a plane-strain problem. Various 
combinations of soil parameters are considered, and a 
semi-structured model is established using symmetry. 
For practical engineering considerations, the MCC 
model is employed to describe the relationship be‐
tween soil stress and deformation. The foundation soil 
is saturated, and the elements are defined as four-node 
plane strain pore pressure elements. To ensure compu‐
tational efficiency and accuracy, the mesh size is set 
to 0.02D (where D represents the maximum length in 
the horizontal direction). The finite element models for 
cross-sections, and for points SP-A and SP-B, are 
comprised of 339 and 386 nodes, respectively. Re‐
garding the model’s boundary conditions, the bottom 
is constrained in both the horizontal and vertical 
directions, while the left and right sides are con‐
strained in the horizontal direction. Fig. 4 provides a 
visualization of the boundary conditions and numeri‐
cal mesh. The load consists of four FLs, and the sub‐
soil compression layer comprises three parts: MCL, 
SCL, and RSCSL. Table S1 of the electronic supple‐
mentary materials (ESM) presents the geometric and 
physical properties of these different soil layers.

The numerical simulation dataset is automatically 
generated in software ABAQUS 2019 by importing 
prepared FEM model scripts. Different settlement 
curves are created by defining various ranges of soil 
constitutive parameters within the scripts. Table S2 of 
the ESM presents the typical ranges of soil constitu‐
tive parameters as outlined in the geological survey 
report.

The numerical simulation dataset consists of 5824 
and 5822 data points for points SP-A and SP-B, re‐
spectively. The random sampling method is used to 

Fig. 2  Distribution of monitoring points along the runway

Fig. 3  Geological cross-sectional diagram with the monitoring 
points. FL represents the fill layer; θ is the slope angle of 
the fill layer

Fig. 4  Numerical model and constraint conditions of the 
airport soil layers
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divide the dataset into training and testing sets. Fig. 5 
illustrates the dataset partitioning.

3.2 Data pre-processing

The generated numerical simulation dataset was 
normalized to mitigate potential biases in model pre‐
dictions due to variances among different features. All 
datasets were normalized within the range of 0–1 ac‐
cording to the following scaling rule:

yi
zoom = yi ´ S i = 1 2  I (5)

where yi
zoom is the scaled label value; yi is the original 

label value; S is the scaling constant; I is the label di‐
mension of the data.

Given the significant impact of the MCL on the 
overall settlement development, in this study, we con‐
sider four key soil parameters within the MCL that af‐
fect settlement development. Table 1 shows the scal‐
ing constants corresponding to the four parameters of 
the SP-A and SP-B datasets.

3.3 Machine learning algorithms

In order to obtain the model with the best inver‐
sion performance on the datasets, we select five repre‐
sentative ML models. Here, the underlying principles 
of the models are first outlined.

3.3.1　Decision tree

Utilizing the classification and regression tree 
(CART) algorithm, a regression tree is constructed 
where the internal node features take on values of 
“yes” and “no” (Lewis, 2000), forming a binary tree 
structure. Fig. S1 of the ESM illustrates the principles 
underlying this algorithm.

The regression tree algorithm operates by recur‐
sively splitting data through binary segmentation, start‐
ing from the root node and iterating until a termina‐
tion condition is met. To mitigate overfitting, the CART 
algorithm prunes the tree model based on whether the 
loss function of the decision tree decreases. The ex‐
pression for the loss function in the CART algorithm 
is given in Eq. (S1) of the ESM.

3.3.2　Random forest

The RF algorithm is an ensemble learning method 
involving the construction of multiple decision trees, 
which are then combined for predictive analysis. Each 
tree is trained independently, typically utilizing boot‐
strap sampling to establish distinct training datasets 
(Breiman, 2001). During the prediction phase, the RF 
algorithm aggregates the predictions from all trees, 
commonly through averaging or voting, to produce an 
ultimate prediction. This approach frequently yields 
high predictive accuracy and robust performance, par‐
ticularly when handling multidimensional datasets. 
Fig. S2 of the ESM shows a visualization of the RF 
workflow as applied to regression problems.

3.3.3　Support vector regression

SVR, a variant of SVM tailored for regression 
problems, is depicted in Fig. S3 of the ESM along 
with its distinctions from SVM. In contrast to SVM, 
SVR seeks to obtain a regression model whose predic‐
tions approximate the true labels as closely as poss‑
ible (Zhang Q et al., 2024).

SVR employs a kernel function (commonly used 
types are detailed in Eq. (S2) of the ESM) to map sam‐
ples from the original space into a higher-dimensional 
feature space, thereby enabling linear separability in 
the transformed space (Boser et al., 1992).

3.3.4　Deep neural network

The fully connected DNN is a classic neural 
network model belonging to the category of feedfor‐
ward neural networks. It mainly consists of an input 

Fig. 5  Dataset partitioning: (a) SP-A; (b) SP-B

Table 1  Predicted labels along with their respective scaling 

constants

Parameter
λMCL (i = 1)

κMCL (i = 2)

MMCL (i = 3)

kMCL (i = 4)

S

4

40

1

10000

λMCL, κMCL, MMCL, and kMCL are the normal consolidation line slope, 
unloading rebound line slope, failure stress ratio, and permeability 
coefficient of the MCL, respectively
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layer, several hidden layers, and an output layer, 
with multiple neurons potentially included in each 
hidden layer. The input layer only receives external 
input without applying any function, while the neu‐
rons in the hidden and output layers process the data, 
with the final results being output by the neurons in 
the output layer (Cheng et al., 2023). Various neural 
networks can be formed based on the number of neu‐
rons in each layer and the method of information 
propagation between layers. Fig. S4 of the ESM pres‐
ents a visualization of the DNN model adopted in this 
study.

3.3.5　One-dimensional convolutional neural network

Convolutional neural networks (CNNs) are a cat‐
egory of feedforward neural networks, which primarily 
consist of convolutional layers, pooling layers, and 
fully connected layers (Abbas et al., 2023). Within 
these convolutional layers, a computation known as 
the dot product is performed between specific regions 
of the input data and a weight matrix referred to as a 
filter. The function of the pooling layers is to reduce 
the spatial dimensions of the data, thereby decreasing 
its complexity without diminishing the network’s 
depth. After the data undergoes a series of convolu‐
tional and pooling operations, it is processed by the 
fully connected layers. Here, the multitude of signals 
from the previous stages is integrated into a unified 
set of signals through connection operations, culmi‐
nating in the network’s output.

Unlike traditional CNNs used for image pro‐
cessing, the 1D-CNN executes convolution operations 
along a single dimension (Chaaban et al., 2024). It 
can effectively capture local patterns and features 
within the input data, demonstrating exceptional per‐
formance in numerous sequential data and time series 
data tasks. Fig. S5 of the ESM illustrates the architec‐
ture of the 1D-CNN used in this study.

4 Hyperparameter optimization 

4.1 Selection of hyperparameters

The optimization of hyperparameters is a critical 
step in both the construction and refinement of ML 
models. However, this process does not require opti‐
mizing all possible hyperparameters. Instead, optimiz‐
ing only the hyperparameters that most strongly im‐
pact model performance is often more effective (Snoek 

et al., 2012). In this study, we use the Python library 
scikit-learn 1.0.2 to construct DT, RF, and SVR models, 
while TensorFlow-GPU 2.2.0 and Keras 2.3.1 to build 
DNN and 1D-CNN models.

Table S3 of the ESM delineates the specific hy‐
perparameters that require optimization for each tested 
ML model. For DT and RF models, “Max depth” spec‐
ifies the maximum allowable depth of the tree, while 
“Min_samples_split” and “Min_samples_leaf” set the 
minimum sample thresholds for node splitting and ter‐
minal leaves, respectively. “Estimators” in the context 
of RF denotes the number of decision trees within the 
ensemble. In the SVR model, C represents the regular‐
ization strength, “Kernel” determines the feature space 
mapping strategy, γG controls the influence radius of 
samples in Gaussian kernels, “Degree” defines the 
polynomial order for polynomial kernels, and “Epsi‐
lon” sets the error tolerance margin. For the DNN 
model, “Nneurons,i (i=1, 2, 3)” indicates the number of 
neurons in the fully connected layers, “Activation” se‐
lects nonlinear functions, “Learning rate” adjusts the 
gradient descent step size, “Dropout” applies regular‐
ization via stochastic neuron deactivation, “Epochs” 
sets the total number of training iterations, and “Batch 
size” determines the number of samples processed in 
each weight update. Unlike the DNN, the 1D-CNN 
model introduces the parameter “Nkernel,i (i=1, 2, 3)” to 
specify the number of convolutional filters per layer, 
and “Ndense” to configure neurons in the final dense lay‐
er. Architecturally, the DNN employs three fully con‐
nected hidden layers, while the 1D-CNN incorporates 
three convolutional layers with a fixed kernel size of 
9 and a stride of 1 to enhance localized feature extrac‐
tion. Detailed parameter selection criteria and ratio‐
nales for the chosen architecture are provided in Fig. S5 
of the ESM.

4.2 Determination of search scope

After identifying the hyperparameters that require 
optimization, it is essential to conduct a sensitivity 
analysis. This analysis provides insights into the influ‐
ence of each hyperparameter on the model’s perfor‐
mance, thereby facilitating the determination of an ap‐
propriate search space for hyperparameter tuning, and 
ultimately enhancing the model’s performance.

Tables S4 and S5 of the ESM present the ranges 
of hyperparameters used for sensitivity analyses of the 
RF and 1D-CNN models, respectively. Furthermore, 
Tables S6–S8 of the ESM delineate the search ranges 
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for hyperparameters specific to each type of model. 
Notably, in scikit-learn, the SVR model can only esti‐
mate one parameter at a time. Therefore, we con‐
structed four SVR models for the SP-A and SP-B da‐
tasets, respectively.

Fig. S6 of the ESM presents the results of the hy‐
perparameter sensitivity analyses of the RF and 1D-
CNN models, using the SP-A and SP-B datasets. It is 
important to note that the outcomes of a hyperparame‐
ter sensitivity analysis cannot be directly regarded as 
the final optimal model results, because hyperparame‐
ters often exhibit interdependencies and mutual influ‐
ences. Therefore, by employing Bayesian optimization 
to simultaneously adjust multiple hyperparameters and 
evaluate the performance of each combination, the op‐
timal set of hyperparameters for a given model can be 
identified.

4.3 Objective function

The objective function is the criterion for evalu‐
ating the performance of different hyperparameter 
combinations during optimization. Utilizing MAE as 
the loss function, the optimal hyperparameter combi‐
nation is determined by minimizing the validation 
loss on the test dataset. Eq. (S3) of the ESM gives 
the expression for MAE.

4.4 Optimization process

Hyperparameter optimization exhibits diminish‐
ing returns, with the most significant improvements 
often occurring in early optimization stages. Consider‐
ing computational costs and memory consumption, and 
aiming to balance computational efficiency with thor‐
ough searching, the number of trials for the Bayesian 
hyperparameter optimization is set to 100. The MAEs 
of the five ML models on the test dataset are recorded 
after each optimization. The optimization process for 
each model is illustrated in Fig. 6. Tables 2–5 present 
the hyperparameter combinations of the optimized 
models on the SP-A and SP-B datasets.

Fig. 6 illustrates the variation of the MAE with 
the number of trials during the Bayesian optimization 
process for each ML model. The MAE after each opti‐
mization for the models is represented by solid black 
circles, while the minimum value of the objective func‐
tion during the optimization process is indicated by a 
solid red triangle, corresponding to the hyperparame‐
ter combination that is considered optimal for the 

given ML model. The sharp initial decrease in the 
objective function demonstrates the high efficiency of 
the Bayesian optimization in identifying suitable hyper‐
parameter combinations within a limited search space. 
The non-monotonic decrease of the objective function 
during optimization is due to the Bayesian optimiza‐
tion strategy exploring new potential hyperparameter 
combinations while seeking to minimize the objective 
function. This approach helps to avoid getting trapped 
in local optimal solutions, and increases the likeli‐
hood of finding the global optimal solution.

5 Application of optimized models 

5.1 Performance of the ML models

Following Bayesian optimization, five optimal 
ML models are obtained according to the minimiza‐
tion of the objective function. To evaluate the perfor‐
mance of these models more reliably across the datas‐
ets, metrics such as mean absolute percentage error 
(MAPE), coefficient of determination (R2), root mean 
squared error (RMSE), and the a20-index (Asteris 
et al., 2024) are applied, with their mathematical 
definitions provided in Eqs. (S4)–(S6) of the ESM. 
Tables S9 and S10 of the ESM present the evalua‐
tion results of the optimized models on the SP-A and 
SP-B datasets, respectively.

In Tables S9 and S10 of the ESM, the R2 error ra‐
tios among the five ML models are all within 10%. 
Additionally, other metrics such as MAPE and RMSE 
show minimal differences between the training and 
testing datasets. These results suggest that the models 
exhibit small prediction errors and demonstrate con‐
sistent performance on both the training and test data, 
indicating no significant overfitting (Asteris et al., 
2021; Benzaamia et al., 2024a). The a20-index values 
indicate that the prediction accuracy of all models is 
notably high following Bayesian optimization. All 
prediction results from the optimized RF, DNN, and 
1D-CNN models on the testing datasets exhibit errors 
within 20%, demonstrating their consistent and reli‐
able performances.

Figs. 7 and 8 depict the performance of the five 
models on the test datasets. Among the five optimized 
models, the 1D-CNN demonstrates the highest predic‐
tion accuracy, with its results on the test dataset closely 
aligning with the true values. In contrast, the DNN 
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exhibits more scattered predictions. The DT performs 
the worst in terms of both accuracy and robustness. 
Notably, the ML models show significant variability 
in their predictions of the parameter MMCL, which is a 

critical factor influencing the development of airport 
soil settlement. Given this observation, the 1D-CNN 
stands out for its ability to accurately identify and pre‐
dict the key parameters affecting soil settlement, high‐
lighting its superior performance.

Fig. 6  Variation of MAE with the number of trials during the Bayesian optimization processes for the five ML models: 
(a1–a4) optimization processes for DT, RF, DNN, and 1D-CNN on SP-A dataset; (b1–b4) optimization processes for DT, 
RF, DNN, and 1D-CNN on SP-B dataset; (c1–c4) optimization processes for models 1–4 in SVR on SP-A dataset; (d1–d4) 
optimization processes for models 1–4 in SVR on SP-B dataset. References to color refer to the online version of this figure

Table 2  Optimized hyperparameter combination for SVR 

on the SP-A dataset

SVR

Model 1

Model 2

Model 3

Model 4

SP-A dataset

C

1

10

15

1

Kernel

RBF

Poly

Poly

Poly

γG

0.003

–

–

–

Degree

–

4

2

2

Epsilon

–

0.01

0.04

0.05

RBF is the radial basis function; poly is the polynomial function

Table 3  Optimized hyperparameter combination for SVR 

on the SP-B dataset

SVR

Model 1

Model 2

Model 3

Model 4

SP-B dataset

C

10

8

10

10

Kernel

Poly

Poly

Poly

Poly

γG

–

–

–

–

Degree

4

3

2

3

Epsilon

0.01

0.03

0.01

0.04
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5.2 Validation of the parametric inversion models 
in real cases

To assess the models’ generalization ability, real 
data from monitoring points SP-A and SP-B at the 
Xiang’an Airport are employed for soil parameter in‐
version. The performance of each model on this real-
world dataset is compared before and after Bayesian 
optimization, enabling a robust evaluation of their pre‐
dictive capabilities and the effectiveness of the optimi‐
zation in enhancing accuracy and reliability.

Real settlement data from monitoring points SP-
A and SP-B are utilized as test datasets to input into 
each model and inverted for soil parameters. The re‐
sulting soil parameter inversion for each model is de‐
tailed in Tables S11 and S12 of the ESM.

5.3 Prediction of settlement

To illustrate the differences in predicted settle‐
ment resulting from the inverted soil parameters more 
intuitively, the predicted soil parameters from each 
ML model are incorporated into a numerical model. 

This allows for the derivation of settlement curves at 
the SP-A and SP-B monitoring points, providing a 
clear visualization of the impact of the ML-predicted 
parameters on settlement behavior. Figs. 9 and 10 
present a comparative analysis between the settlement 
curves computed from the inverted soil parameters of 
each model before and after Bayesian optimization, 
and the actual measured curves from the SP-A and 
SP-B datasets. It can be observed that the settlement 
curves are inconsistent. However, the differences be‐
tween soil parameters are insignificant, indicating that 
the inverted soil parameters are the key factors affect‐
ing the development of soil settlement. Moreover, the 
soil parameters inverted by the models with Bayesian 
optimization exhibit greater accuracy, resulting in 
curves closely aligning with the actual settlement 
monitoring curves.

Employing the MAE as an evaluation metric, the 
prediction errors for the settlement curves by each 
model before and after Bayesian optimization are 
quantified, as depicted in Fig. 11. As one can see, the 

Table 5  Optimized hyperparameter combinations for DT, 

RF, DNN, and 1D-CNN on the SP-B dataset

Model

DT

RF

DNN

1D-CNN

Hyperparameter

Max depth

Min_samples_leaf

Min_samples_split

Max depth

Min_samples_leaf

Min_samples_split

Estimators

Nneurons,i (i=1, 2, 3)

Activation

Learning rate

Batch size

Dropout

Epochs

Nkernel,i (i=1, 2, 3)

Ndense

Activation

Learning rate

Batch size

Dropout

Epochs

Description

11

1

4

13

1

4

71

20, 20, 32

ReLU

0.0002

20

0.4

1200

32, 28, 28

48

ELU

0.0002

24

0.4

1200

Table 4  Optimized hyperparameter combinations for DT, 

RF, DNN, and 1D-CNN on the SP-A dataset

Model

DT

RF

DNN

1D-CNN

Hyperparameter

Max depth

Min_samples_leaf

Min_samples_split

Max depth

Min_samples_leaf

Min_samples_split

Estimators

Nneurons,i (i=1, 2, 3)

Activation

Learning rate

Batch size

Dropout

Epochs

Nkernel,i (i=1, 2, 3)

Ndense

Activation

Learning rate

Batch size

Dropout

Epochs

Description

8

2

7

10

1

3

41

28, 20, 32

ReLU

0.0008

24

0.2

1000

16, 20, 28

36

ELU

0.0008

40

0.4

1200

ReLU is the rectified linear unit; ELU is the exponential linear unit
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Bayesian optimization yields varying degrees of im‐
provement across the five ML models. Among these, 
the DT model exhibits the strongest improvement in 
predictive accuracy; this is because of its simplistic 
structure, since minor parameter adjustments can sig‐
nificantly influence the model’s generalization ability. 
Concurrently, the low complexity of the DT model re‐
sulted in persistently subpar accuracy, even after re‐
finement. The 1D-CNN model demonstrates low pre‐
diction error and achieves the highest predictive accu‐
racy, following a comprehensive exploration of its po‐
tential through Bayesian optimization.

Tables S13 and S14 of the ESM provide the 
MAE of settlement curves for five ML models before 
and after optimization on the SP-A and SP-B datasets, 

respectively. On the SP-A and SP-B datasets, the opti‐
mized DT model exhibits prediction errors of 0.05329 
and 0.07238, respectively, indicating the poorest pre‐
dictive accuracy. In comparison, the RF model demon‐
strates significantly lower prediction errors of 0.03101 
and 0.04576, showcasing a substantial improvement 
in predictive accuracy. The prediction error of the SVR 
model on the SP-A dataset is similar to that of the 
DNN model, but on the SP-B dataset, it exceeds that 
of the DNN. The optimized 1D-CNN model achieves 
the lowest MAE values, 0.00706 and 0.01176, indicat‐
ing its superior performance in soil parameter inver‐
sion and settlement prediction.

To select the most suitable optimized ML model 
for the inversion of soil parameters and settlement 

Fig. 7  Comparison of the true and predicted results of each ML model on the test datasets: (a–d) λMCL, κMCL, MMCL, and 
kMCL of SP-A dataset; (e–h) λMCL, κMCL, MMCL, and kMCL of SP-B dataset
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prediction, we employ four statistical evaluation crite‐
ria, namely MAPE, mean squared error (MSE), RMSE, 
and residual error, to further compare the settle‐
ment curves predicted by the Bayesian-optimized 
models. In contrast to other indicators, with which 
we analyze all settlement prediction outcomes, we 
use MAPE for the settlement prediction from the 
final 100 d, aiming to assess the accuracy of different 
models’ predictions in advanced stages of settlement 
development.

Tables 6 and 7 present the evaluation results 
using MAPE, MSE, and RMSE. In both the SP-A and 
SP-B datasets, the 1D-CNN delivers the most precise 

predictions among the five models. While the SVR 
and DNN exhibit closely aligned results, their predic‐
tive accuracy falls short of the 1D-CNN. The MAPE 
values for settlement predictions over the subse‐
quent 100 d by the SVR model stand at 0.013050 and 
0.015770, respectively, which are both lower than the 
DNN’s predictions. However, its MSE and RMSE 
surpass DNN across the entire dataset, which indicates 
that although the SVR has superior predictive accu‐
racy in the latter portion of the predictions compared 
to DNN, it is more prone to significant outliers within 
the overall prediction curve. The RF model notably 
enhances prediction accuracy compared to the DT. 

Fig. 8  Normalized performance of each ML model on the test datasets: (a–d) λMCL, κMCL, MMCL, and kMCL of SP-A dataset; 
(e–h) λMCL, κMCL, MMCL, and kMCL of SP-B dataset
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However, its MSE and RMSE exceed those of SVR 
and DNN. The DT yields the least favorable results. 
Therefore, given the scale of the dataset employed 
in this study, among the five ML models, the 1D-CNN 
offers the most dependable outcomes for soil pa‐
rameter inversion and settlement prediction.

Figs. 12 and 13 depict the residual errors between 
the predicted settlement values and the monitored 
values at SP-A and SP-B for the five optimized models, 
respectively. It is evident that the predictive residual 
errors of the 1D-CNN gradually diminish with in‐
creasing settlement time, trending toward convergence. 
Comparatively, the predictive efficacies of the DNN 

Fig. 11  MAEs of the five ML models before and after 
optimization in predicting settlement curvesFig. 9  Comparison between the settlement curves predicted 

by the five ML models before and after Bayesian optimization 
at monitoring point SP-A and the actual settlement curve 
of SP-A

Fig. 10  Comparison between the settlement curves predicted 
by the five ML models before and after Bayesian optimization 
at monitoring point SP-B and the actual settlement curve 
of SP-B

Table 6  MAPE, MSE, and RMSE of the five optimized 

ML models on SP-A dataset

Model

DT

RF

SVR

DNN

1D-CNN

MAPE

0.149800

0.013119

0.013050

0.023560

0.002607

MSE (m)

0.002824

0.001846

0.000319

0.000291

0.000113

RMSE (m)

0.053140

0.042970

0.017860

0.017059

0.010630

Table 7  MAPE, MSE, and RMSE of the five optimized 

ML models on SP-B dataset

Model

DT

RF

SVR

DNN

1D-CNN

MAPE

0.104330

0.047750

0.015770

0.025060

0.004810

MSE (m)

0.006147

0.002561

0.002102

0.000892

0.000242

RMSE (m)

0.078403

0.050609

0.045850

0.029860

0.015547

Fig. 12  Residual errors of the settlement prediction curves 
for the five optimized ML models at monitoring point SP-A
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and SVR models are surpassed by that of the 1D-
CNN. Moreover, the residual errors of the DT and RF 
models are relatively high, indicating noteworthy dis‐
parities between the actual settlement curves and the 
models’ predictions. In summary, the performance of 
the 1D-CNN stands out. The 1D-CNN adeptly esti‐
mates the constitutive parameters of the soil layers, 
and accurately predicts settlement progression, there‐
by aiding the secure operation of the airport.

6 Discussion 

It is important to make reasonable assumptions 
when using numerical methods to supplement ML 
training datasets in geotechnical applications, such as 
assumptions of subsoil stratification and soil homoge‐
nization, as these may introduce certain uncertainties 
in settlement prediction. Therefore, in this study, we 
obtained prior knowledge from finite element simula‐
tions in order to train the ML models. The models’ 
generalization abilities were tested through this pro‐
cess, and the final optimal ML model was determined 
based on the observational data. As a result, systematic 
errors in the numerical methods were corrected.

Overall, ML models for soil parameter inversion 
based on Bayesian optimization demonstrate signifi‐
cant potential for airport construction and operation 
applications. Engineers might first obtain a massive 
dataset describing the development of runway layer 
settlement through numerical modelling under var‐
ious conditions, such as different soil layers and soil 

consolidation. Subsequently, this dataset can be used 
to construct a 1D-CNN model, and Bayesian optimi‐
zation may be employed to quickly obtain the optimal 
hyperparameter combination for the model. This mod‐
el can acquire the constitutive parameters of soil lay‐
ers at any position on the ground surface, and further 
predict settlement development.

7 Conclusions 

In this study, we introduce an enhanced ML ap‐
proach for soil parameter inversion, leveraging Bayes‐
ian optimization to determine the optimal hyperpa‐
rameter combinations for ML models. A sensitivity 
analysis of hyperparameters is conducted to select ap‐
propriate search ranges. The TPE Bayesian optimiza‐
tion method is applied to optimize five types of ML 
models. The accuracy of soil parameter inversion and 
the impact on settlement prediction are compared us‐
ing the optimized forms of these models. The models 
are trained and tested on finite element modeling syn‐
thetic datasets, and their generalization abilities are 
validated using real monitoring data from two moni‐
toring points on the airport runway. It is found that 
the soil parameters inverted by the optimized 1D-CNN 
are the most accurate among the five models. The pro‐
posed enhanced ML method can accurately estimate 
soil parameters, providing support for subsequent set‐
tlement predictions on runways.

Bayesian optimization is an efficient global opti‐
mization algorithm designed to identify the optimal 
hyperparameter combinations. In the initial stages, the 
objective function decreases rapidly with increasing it‐
erations, demonstrating Bayesian optimization’s effec‐
tiveness in exploring a limited search space. During 
the optimization process, the TPE-based strategy not 
only minimizes the objective function but also explores 
new potential hyperparameter combinations to avoid 
local optima, ensuring robust convergence. When eval‐
uating model performance on real-world datasets, 
significant improvements in both parameter inversion 
accuracy and settlement prediction accuracy were ob‐
served following Bayesian optimization. These find‐
ings highlight the efficient manner in which Bayesian 
optimization can enhance model performance, under‐
scoring its utility in complex optimization tasks.

On test datasets, the ML models exhibit signifi‐
cant variability in their predictions of the parameter 

Fig. 13  Residual errors of the settlement prediction curves 
for the five optimized ML models at monitoring point SP-B
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MMCL, a critical factor influencing the development of 
airport soil settlement. Among the models, the 1D-
CNN demonstrated the best predictive performance, 
highlighting its ability to capture the key parameters 
driving settlement behavior. This result underscores 
the power of the 1D-CNN in modeling complex geo‐
technical relationships, and its potential for reliable 
settlement prediction in practical applications.

The complexity of a given model architecture 
was found to notably influence its performance. When 
validated against real settlement monitoring data, the 
DT model exhibits the most substantial improvement 
following Bayesian optimization. However, due to its 
inherent simplicity, the overall performance of the DT 
model remained suboptimal. In contrast, the RF model, 
which integrates multiple DTs, demonstrates signifi‐
cantly higher prediction accuracy than the standalone 
DT model. But overall, the 1D-CNN, leveraging its 
unique convolutional architecture, achieves the best 
performance across both the training and test datasets, 
highlighting its ability to capture complex patterns and 
relationships in the data.

When the inverted soil parameters are input to 
the ABAQUS software for reference settlement devel‐
opment calculations, the optimized 1D-CNN demon‐
strates the highest accuracy in soil parameter inversion. 
This enables the model to achieve settlement predic‐
tions that closely match the real monitoring datasets. 
Consequently, the 1D-CNN model, bolstered with 
Bayesian optimization as proposed in this study, pro‐
vides a reliable and accurate approach for predicting 
soil parameters, thereby offering robust support for 
subsequent runway settlement predictions.

8 Limitations and future work 

Hyperparameter optimization exhibits a trend of 
diminishing marginal returns, with the most signifi‐
cant performance improvements typically occurring 
early on. Considering computational costs and memory 
consumption, we set the number of trials for the 
Bayesian hyperparameter optimization to 100 to bal‐
ance computational efficiency and search thorough‐
ness. In the future, when experimental conditions 
permit, the number of trials for Bayesian optimiza‐
tion may be gradually increased to search for further 
improvements to model hyperparameters.

Given the uncertainty and complexity of the da‐
taset, we constructed a three-layer DNN to facilitate 
model convergence and reduce training time and costs. 
In the future, with sufficient computational resources, 
the number of hidden layers may be increased or more 
complex model architectures may be adopted, in 
order to seek greater accuracy in soil parameter inver‐
sion and settlement prediction tasks.
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