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Introduction: The thickness of ground substrate in shallow mountainous areas
is a crucial indicator for substrate investigations and a key factor in evaluating
substrate quality and function. Reliable data acquisition methods are essential
for effective investigation.

Methods: This study utilizes six machine learning algorithms—Gradient Boosting
Machine (GB), Random Forest (RF), AdaBoost Regressor (AB), Neural Network
(NN), Support Vector Machine (SVM), and k-Nearest Neighbors (kNN)—to predict
ground substrate thickness. Grid search optimization was employed to fine-
tune model parameters. The models’ performances were evaluated using four
metrics: mean squared error (MSE), root mean squared error (RMSE), mean
absolute error (MAE), and the coefficient of determination (R?). The optimal
parameter combinations for each model were then used to calculate the spatial
distribution of ground substrate thickness in the study area.

Results: The results indicate that after parameter optimization, all models
showed significant reductions in the MSE, RMSE, and MAE, while R? values
increased substantially. Under optimal parameters, the RF model achieved an
MSE of 1,589, RMSE of 39.8, MAE of 26.5, and an R? of 0.63, with a Pearson
correlation coefficient of 0.80, outperforming the other models. Therefore,
parameter tuning is a necessary step in using machine learning models to predict
ground substrate thickness, and the performance of all six models improved
significantly after tuning. Overall, ensemble learning models provided better
predictive performance than other machine learning models, with the RF model
demonstrating the best accuracy and robustness.

Discussion: Moreover, further attention is required on the characteristics of
sample data and environmental variables in machine learning-based predictions.
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ground substrate, machine learning, parameter optimization, model validation,
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1 Introduction

The ground substrate layer serves as the fundamental material
that nurtures and supports various natural resources at the Earth’s
surface. Investigations focusing on this layer have been carried
out in many parts of China (Houetal, 2021; Jiaetal, 2022).
However, the content and methods of these surveys are still in
the exploratory stage, and classifications and technical procedures
have yet to be standardized (Dong et al., 2023; Li et al., 2023). In
shallow mountain areas, the thickness of the ground substrate
is an important indicator in ground substrate surveys and is a
key factor in assessing the quality and function of the ground
substrate (Yuan etal., 2023). It is widely applied in hydrology,
ecology, and geological disaster prevention (Catanietal., 2010;
Liu et al., 2019). The thickness of the ground substrate overlaps
conceptually with soil thickness, weathered layer thickness, and
the depth of the Earth’s critical zone, but there are differences.
The depth of the ground substrate should consider the range that
nurtures natural re-sources, with a focus in shallow mountain
on the lower limit depth reached by super-gene geological
processes dominated by weathering (Yin etal., 2020; Yao etal,
2022). Therefore, it is appropriate to define the thickness of
the ground substrate as the depth from the surface to the
interface of weakly weathered bedrock. Traditional survey methods
primarily involve excavation and actual measurement, but these can
cause ecological and environmental damage and are excessively
costly. Using geophysical methods for exploration allows for
the depiction of underground structures with relatively high
precision, such as ground-penetrating radar, electrical resistivity
tomography, seismic waves, and electromagnetic induction
inversion (St. Clair etal.,, 2015; Taoetal., 2022). St. Clair et al.
(2015) contend that terrestrial geophysical observations are typically
limited to transects that extend hundreds of meters to a few
kilometers in length and allow for investigation of local phenomena
but do not have the broad view needed to characterize regional
features that have length scales of several kilometers or more
observations.

With the development of computer technology, modeling
methods have been widely used in surveys of thickness for
soil, sediments, and other substrates. These modeling methods
can be divided into physically based models and stochastic
statis-tical models. Dietrich et al. (1995) based on the law of
mass balance between soil production from underlying bedrock
and the divergence of diffusive soil transport, established a
numerical model based on DEM (Digital Elevation Model)
to predict soil depth. Fur-ther developed physical models
of soil transport include soil diffusion models and fluvial
sediment erosion transport models. Soil linear and nonlinear
diffusion models relate soil diffusion to slope, curvature,
and morphology (Culling, 1963; Roering, 2008; Pelletier and
Rasmussen, 2009), while the flux of flu-vial sediment erosion
transport can be proportionally related to watershed area and
slope (Willgoose etal., 1991). However, there is still a lack
of widely adopted soil thickness prediction models based on
the theory of geomorphic evolution dynamics (Liu et al,
2024; Pelletier and Rasmussen, 2009). Building quantitative
models of the ground substrate and landscape environmental
factors for to predict the spatial
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distribution of ground substrate attributes is of great significance
(Zhang et al., 2020).

Stochastic statistical models are based on a fundamental
assumption that the relationship between soil properties of the
samples and environmental variables can be extended to infer
the soil properties of another location (Liuetal.,, 2019), which
mainly includes regression algorithms, geostatistical methods,
and machine learning models. Due to the nonlinear relationship
between the thickness of the ground substrate and the relevant
covariates (Roering, 2008), traditional regression algorithms
and geostatistical methods seem to be inadequate for such
complex calculations, leading to the widespread application of
machine learning models (Liuetal., 2024). Machine Learning
models, which do not require consideration of the complex
mechanisms of ground substrate evolution, have the advantages
of simple structure and fewer parameters (Wadoux et al., 2020),
and have been widely applied in recent years to predict the
thickness of soil and slope sediments (Shary et al., 2017; Jia et al.,
2023). Machine learning, a subfield of artificial intelligence that
emerged in the 1990s, is widely used in data mining and pattern
recognition (Padarian et al., 2019a; Wadoux et al., 2020). At present,
researchers widely adopt supervised learning methods for the
prediction of ground substrate thickness, and commonly used
algorithms include decision trees, support vector machines, k-
nearest neighbor algorithms, neural networks, etc. For instance,
Shen etal. (2022) successfully predicted the spatial distribution
of soil texture in southern Ningxia using the random forest
algorithm, and Shai et al., 2022 effectively predicted the thickness
of aeolian sand in the Bashang area of Hebei using artificial
neural network interpolation methods. Some researchers have
also used other machine learning methods to construct models
and achieve their research objectives (Qiu et al., 2020; Jin and Ly,
2022). In terms of application effectiveness, ensemble learning
algorithms based on decision trees (such as random forests) are
not sensitive to sample size and have good stability (Wadoux
et al, 2020), neural networks have strong non-linear fitting
capabilities, support vector machines are suitable for high-
dimensional data (Huangetal,, 2020), and k-nearest neighbor
algorithms are simple and easy to implement. However, machine
learning models have been less applied in the research on the
prediction of ground substrate thickness, and there is a lack of
necessary validation for the necessity of parameter optimization in
related studies, which has not achieved the optimal performance of
the models.

This study takes into account the technical characteristics
of different machine learning models and selects six machine
learning algorithms: Gradient Boosting (GB), Random Forest
(RF), AdaBoost Regressor (AB), Neural Networks (NN), Support
Vector Machine (SVM), and k-Nearest Neighbors (kNN)
for the spatial prediction of ground substrate thickness in
Ninghai County. Through grid search techniques, the parameters
of each model were optimized to achieve the best model
performance. Furthermore, the performance of the six models
under optimal parameter combinations was compared and analyzed.
The study also discusses the distribution patterns of ground
substrate thickness in Ninghai county, providing a reference for
exploring methods suitable for investigating ground substrate
thickness.
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FIGURE 1
Topography of Ninghai County and sampling locations.

2 Materials and methods

2.1 Study site

Ninghai county is located in the southern coastal area of
Ningbo city in the eastern part of Zhejiang Province, China. It is
geographically positioned was 29°06' ~ 29°32'N, 121°09’~ 121°49'E.
The elevation ranges from 0 to 926 m above sea level, covering
a total area of 1,843 square kilometers. The county experiences
a subtropical monsoon humid climate with an annual average
temperature between 15.3°C and 17°C and annual rainfall ranging
from 1,000 to 1,600 mm. The vegetation in Ninghai is predom-
inantly composed of artificial coniferous forests, bamboo plantation,
economic forests, and a small amount of secondary broadleaf forests.
Remnants of the zonal subtropical evergreen broadleaf forests are
preserved in the remote mountainous areas (Lan and Cheng, 2017).
Lo-cated between the Tiantai and Siming mountain ranges, Ninghai
features a coastal hilly terrain that is high in the west and low
in the east, with the eastern part mainly con-sisting of low hills
and alluvial plains. The region has been geologically active since
the Late Mesozoic Cretaceous period, experiencing intense volcanic
activity and under-going two major tectonic and magmatic phases
during the Yanshanian and Himalayan periods. The geological
makeup is predominantly mid-acidic Mesozoic volcanic rocks,
followed by Neogene basic volcanic rocks (Yuetal, 2021). The
surface substrate in the shallow mountain areas primarily consists
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of soils formed from the weathering and erosion of mid-acidic
and basic volcanic rocks. The main ground substrate structure
is soil and weathered bedrock, with thicknesses ranging from
several centimeters to several me-ters. The substrate tends to be
thinner in the upper slopes and thicker near the lower slopes and
foothills.

2.2 Data sources and processing

2.2.1 Data sources

Ground substrate thickness data was obtained from field surveys
by setting up a 30 mx30 m grid. To ensure the representativeness of
the data, sampling grids are chosen to include continuous profiles
and representative points, such as different landform types and
geological backgrounds. The thickness data were collected using
profile surveys and backpack drilling. The average thickness value
for each grid area was then calculated, yielding a total of 290 survey
points, including 267 outcrop survey points and 23 backpack drill
sites. The locations of the survey points are shown in Figure 1.
The topographic data were sourced from the National Geographic
Information Center’s DEM data (https://ngcc.cn/ngec/), with a
resolution of 30 mx30 m in a raster format, encompassing a total
of 1,905,951 grids. Geological environment variables were derived
from a 1:250,000 geological map that was updated and compiled,
primarily considering the rock types of geological units. These vector
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FIGURE 2
Grid and vector diagrams of major environmental variables in Ninghai county.

graphics were converted into raster files using ArcGIS 10.8 software
to obtain geological data.

2.2.2 Data processing

Using DEM data, environmental variables such as slope, aspect,
plan curvature, and profile curvature can be calculated. Terrain
Wetness Index (TWI) and Topographic Position Index (TPI) are
important indicators in studies related to soil evolution and slope
sedimentation (Ziadat, 2010; Sharyetal., 2017; Sharififar et al,
2019). In this study, TWI and TPI were calculated using DEM data
and utilized as significant environmental variables. By transforming
the data formats, different layers in ArcGIS were uniformly
created, and the spatial distribution characteristics of the main
environmental variables are shown in Figure 2. Discrete data
types in the environmental variables include geological rock
classification (Geo) and slope, with seven categories for geological
classification and division of aspect into eight directions based
on 45° intervals, and these data are all represented in text
format. Continuous variables mainly include DEM, slope, plane
curvature (Pla-cur), profile curvature (Pro-cur), TWI, and TPI,
as described in Table 1. In the environmental variable data, there
is a phenomenon of missing values for TWI, mainly occurring
in ridge and steep slope areas, possibly due to anomalies in
calculating slope direction and gradient from the DEM data. Since
TWI is a continuous numerical variable, its impact on calculating
the importance of TWI in ridge and steep slope areas is also
minimal. For the missing values, the main approach is to fill
them with “0”.

The sample data consists of 290 points of target variables and
environmental variables. The environmental variable TWI also has
missing values, which have been treated by filling them with “0”
The target variable (ground substrate thickness) has a range of
5-400 cm, with a mean value of 92.79 cm. Thickness is primarily
distributed between 0 and 150 cm, ac-counting for 87.3% of the total
data. The distribution of data across different thickness intervals
is shown in Figure 3. The sample data is divided into a training set
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and a test set, using random sampling to select 80% as the training
set and 20% as the test set. To ensure the reliability of the results,
cross-validation is used for training and testing, with 10-fold cross-
validation, thereby ensuring a sufficient amount of data to obtain
more result data.

2.3 Research methods

2.3.1 Machine learning models
2.3.11 Ensemble learning algorithms
Ensemble learning aims to improve overall prediction
performance by combining the predictions of multiple base models.
Common ensemble learning methods include Gradient Boosting
Machine, Random Forest, and AdaBoost Regressor algorithms.
Gradient (GB) is an
learning method based on decision trees. It iteratively trains

Boosting  Machine ensemble
decision tree models to gradually improve the overall model
performance (Friedman, 2002). It utilizes the loss function
to compute the negative gradient of a randomly sampled
subset for training a decision tree, known as the “pseudo-
residual”. The pseudo-residual v(,; at the tth iteration can be
represented as:

0D(y iy F(%(9))

(1)
OF (x5

Vag) = -
F(x)=F,(x)

In Equation 1, the loss function 0®(y,F(x)) is differentiable;
F(x) represents the current base learner; 71(i) denotes a random
sequence.

Random Forest (RF) is an ensemble learning method used
for tasks such as classification and regression (Breiman, 2001).
When developing an individual tree, a random subset of attributes
is drawn, from which the best attribute for splitting is selected.
The final model is based on a majority vote of the trees
independently grown in the forest, and the final prediction result
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TABLE 1 Characteristics of continuous environment variables.

10.3389/feart.2024.1455124

Environment variables Mean ‘ Median ’ Deviation Minimum Maximum Missing data (rate)
TWI 5216 5.009 0.246 3.470 14.914 90 (31%)
TPI 0.575 0.550 0.479 0.005 1.226 0 (0%)
slope 12.172 11.310 0.610 0.000 39.074 0 (0%)
profile curvature -0.003 0.000 —88.984 —-0.668 0.997 0 (0%)
plane curvature 0.096 0.071 2918 -1.114 1.477 0 (0%)
DEM 199.976 124.500 0915 2.0 753.000 0 (0%)
perceptron has only input and output layers, so it can only learn
60 linear functions, while a multi-layer perceptron has one or more
] I Thicknoss (cm) hidden layers, allowing it to learn nonlinear func-tions as well.
n 2.3.1.3 Support vector machine (SVM) algorithm
404 N Support Vector Machine (SVM) separates the attribute space
using a hyperplane to maximize the margin between instances of
E different classes or different class values (Smola and Scholkopf,
5 |
© 2004). We utilize Support Vector Regression to minimize the total
20 deviation of all sample points from the hyperplane.
.1
— min—|w|?
2 ®)
s.t|y;-(wx; + b)| <&, Vi
0 : = —
0 100 200 300 400 In Equation 3, w represents the normal vector of the hyperplane,
Thickness interval (cm) b is the bias term, y; is the target value of the ith sample, and x; is the
feature value of the ith sample.
FIGURE 3
Statistical map of ground substrate thickness data.
2.3.14 K-Nearest Neighbors (kNN) algorithm

is obtained by averaging the results of all the trees, which can be
expressed as:
1 n
F(x)= = hy(x) )
=

In Equation 2, F(x) represents the final prediction result of the
Random Forest (RF), and h,(x) denotes the regression prediction
result of the tth decision tree.

AdaBoost Regressor (AB) algorithm is a method of iteratively
training multiple weak regression models (Solomatine and Shrestha,
2004). It weights each model, and in each iteration, sample
weights are adjusted to make the current model pay more
attention to samples incorrectly predicted in the previous iteration.

The final prediction result is the weighted average of all weak
regression models.

2.3.1.2 Neural network algorithm
Neural Network (NN) utilizes the multilayer perceptron

algorithm from sklearn, which can learn both nonlinear and linear
models. Its structure consists of an input layer, one or more
hidden layers, and an output layer (Wolpert, 1992). A single-layer
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k-Nearest Neighbors (kNN) searches for the k nearest training
samples in the feature space and uses their average as the
prediction (Peterson, 2009). The kNN algorithm is based on distance
metrics, determining the most similar k samples by computing
distances between samples. In classification problems, the class
of the sample is determined by a voting mechanism, while in
regression problems, the output value of the sample is determined by
averaging.

The primary parameters influencing model performance
encompass the number of iterations (n_estimators) and learning
rate (learning_rate) for GB, as well as the maximum depth of trees
(max_depth); for RE, the count of decision trees (n_estimators)
and the maximum tree depth (max_depth); for AB, the learning
rate (learning_rate); for NN, the sizes and quantity of hidden
layers (hidden_layer_sizes), along with the activation function
(activation); for SVM, the choice of kernel function (kernel) and the
regularization parameter (C); and for KNN, the number of neighbors
(n_neighbors) and the exponent for distance calculation (p). These
key parameters often directly affect the model's complexity and
generalization ability, potentially enhancing model performance
but also possibly increasing model complexity and computational
costs. The aforementioned algorithms are primarily implemented
using the sklearn library on the Python platform.
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TABLE 2 Lists of key parameters of each model.

Models Key parameter Parameter space
n_estimators 100, 200, 300
GB learning_rate 0.01, 0.1, 1.0
max_depth 3,57
n_estimators 100, 200, 300
RF max_depth 3,5,7
min_samples_split 2,5,10
n_estimators 50, 100, 200
AB learning_rate 0.01,0.1, 1.0
min_samples_leaf 1,2,4
hidden_layer_sizes (50), (100), (50, 50), (100, 100), (200,
200)

NN activation identity, logistic, tanh, relu
alpha 0.0001, 0.001, 0.01, 0
kernel linear, rbf

SVM C 0.1, 1, 10
gamma 0.1, 0.01, 0.001
n_neighbors 3,5,7,9,11

kNN weights uniform, distance

p 1,2

2.3.2 Key parameter spaces

To optimize for the best model performance, methods such
as grid search, random search, and Bayesian optimization are
commonly used to fine-tune parameters. Random search has a
relatively low cost but involves random selection, while Bayesian
search is costly. This paper employs the grid search method
to find the optimal parameter combination (Ottoy etal., 2017;
Padarian et al., 2019a). Considering the impact of parameters on
the model comprehensively,we set the parameter space for each
machine learning model and use the grid search method to traverse
the model performance under different parameters of each model.
Table 2 lists the key parameters of different models, with values
mainly considering common parameter ranges and computational
efficiency (Padarian et al., 2019a). There are 27, 27, 27, 60, 18, and
20 parameter combinations for the six models respectively.

2.3.3 Evaluation metrics
The prediction accuracy is primarily evaluated using

four metrics: Mean Squared Error (MSE), Root Mean

Squared Error (RMSE), Mean Absolute Error (MAE), and

Coefficient of Determination (R*) (Minasnyetal., 2018;
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Hamzehpour et al., 2019; Zeraatpisheh et al., 2019). RMSE is the
square root of MSE, measuring the average error between the
predicted values and the true values. MAE is the average of the
absolute differences between the predicted values and the true
values. R? is a metric used to measure the goodness of fit of the
model to the data, indicating the proportion of variance explained
by the model. The closer R is to 1, the better the model fits the data.
The formulas for evaluation metrics are as follows:

MSE= 1 > i) (4)
mi5
RMSE = VMSE = (5)
MAE= L1y 5 ©)
“m Vi Vi
5ov.)2
o1 Y.y -

B Z,-(;‘J’i)z

In the formulas (Equations 4-7), y; represents the true value, ;
represents the predicted value, and y represents the sample mean.

3 Results
3.1 Parameter optimization

From the perspective of model evaluation metrics, before
parameter optimization, using default parameters, the performance
of ensemble learning models was moderate, while NN, SVM, and
kNN models showed relatively poor performance. After param-eter
optimization, the performance of all models improved significantly.
MSE, RMSE, and MAE decreased noticeably, with reductions
ranging from 262 to 725, 3.0 to 7.1, and 1.2 to 5.2, respectively.
R? increased significantly, with increments ranging from 0.09 to
0.17. The models with the most significant decreases in MSE were
mainly RE, NN, and SVM, with reductions of 600, 725, and 477,
respectively. RF and NN showed the most substantial reductions
in RMSE, decreasing by 6.9 and 7.1, respectively. RF exhibited the
most substantial decrease in MAE, with a decrease of 5.2. The
models with the most significant increases in R? were RE, SVM,
and kNN, with improvements of 0.16, 0.17, and 0.17, respectively.
Comparatively, RF showed the most significant improvement in
performance, characterized by a significant decrease in various types
of errors and an enhancement in linear fitting (Figure 4).

Using the grid search method, the optimal parameter
combinations for each model were selected, and the performance
of each model varied significantly with different parameter
selections (Table 3). With the optimal parameter combinations, the
RF model exhibited the best performance, with the smallest errors
and the highest co-efficient of determination. Specifically, MSE,
RMSE, MAE, and R? were 1,589, 39.8, 26.5, and 0.63, respectively.
The optimal parameters for the RF model were as follows: the
number of decision trees was set to 100, the maximum depth of
the decision trees was 5, the minimum number of samples required
to split a node was 5, and the minimum number of samples required
to be at a leaf node was 4.
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FIGURE 4

Changes of evaluation indexes after parameter optimization of each model.

TABLE 3 Optimal parameter combination table of different models.

m Optimal parameter combinatio

learning_rate: 0.01, max_depth: 3, n_estimators: 300

RF max_depth: 5, min_samples_leaf: 4, min_samples_split: 5,
n_estimators: 100
AB learning_rate: 1.0, n_estimators: 50
NN activation: identity, alpha: 0.001, hidden_layer_sizes: (200, 200)
SVM C: 1, gamma: 0.1, kernel: linear
kNN n_neighbors: 7, p: 1, weights: uniform

3.2 Model validation

From the scatter plot in Figure 5, it can be observed that
ensemble learning models (GB, RE AB) exhibit relatively good
fitting. Among them, RF demonstrates the best overall predictive
fitting, with the highest pearson correlation coefficient of 0.80 and

% of 0.63. Both GB and AB show high dispersion in mid-range
predictions. Conversely, NN and SVM predictions yield negative
values, indicating an overall underestimation of thickness, while
kNN predictions display higher dispersion and larger errors, with
the lowest Pearson correlation coefficient of 0.68.
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3.3 Result mapping

The predicted values of each model range from —116.4-400 cm.
Among them, four models—GB, SVM, NN, and kNN-—yield
negative values. kNN and SVM gener-ally produce smaller
predictions, while the AB model exhibits multiple peaks (Figure 6).
The predictions of the RF and GB models are similar, closely
resembling the distribu-tion of sample data. Both models peak
around 50 and 200 cm, with an overall dis-tribution between 30
and 90 cm, and a median of approximately 84 cm. The pre-dictions
of the AB model fluctuate significantly, showing multiple peaks.
NN and SVM models produce notably negative values, resulting
in overall underestimation of thickness, with distribution relatively
even between 0 and 200 cm. The kNN pre-dictions exhibit two peaks
overall, but the overall predicted values are lower.

Based on the model predictions, grid values were assigned to
generate a spatial map of ground substrate thickness (Figure 7).
Overall, the spatial distribution of ground substrate thickness reveals
that the 0-30 cm range is primarily located in steep mountain ridges
and slopes. The 30-60 cm range predominates in the transitional
areas from ridge to gentle slope. Areas with thickness ranging
from 60 to 150 cm are mainly found on gentle hilltops and
downhill slopes. Thicknesses ranging from 150 to 400 cm are mainly
situated at the foot of slopes or on gently rolling hills. The pre-
dicted thickness distribution aligns with field survey observations.
Generally, thickness in mountainous regions ranges from 0 to
150 cm, while thickness is higher in low-gradient slope areas.
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4 Discussion
4.1 Parameter tuning method selection

The performance of a machine learning model is affected by
its parameter values, and tuning the parameters can significantly
improve model performance (Padarian et al., 2019b). Re-searchers
generally optimize parameters for one or two models (Wu et al.,
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2016; Sergeevetal., 2019; Wadoux etal., 2019), Wadoux et al.
(2020) found that nearly half of the literature in their sample
statistics did not perform parameter tuning, and when comparing
multiple models, default parameters are often used (Vermeulen
and Van Niekerk, 2017; Minasny et al., 2018; Keskin et al., 2019).
Through our study, it is evident that parameter tuning is necessary.
We select the grid search method to traverse the parameter space,
which still has certain limitations. When computational costs are
permissible, Bayesian methods, genetic algorithms, particle swarm
optimization, and other algorithms can be used for parameter
optimization (Wu et al., 2016; Wadoux et al., 2019).

4.2 Comparative analysis of models

Wang Sheng. (2015) assessed the estimation of soil layer
thickness using different methods, with R? values ranging from
0.39 to 0.66; whereas Kempen et al. (2011), when predicting organic
carbon at different depths, had R? values from 0.09 to 0.75. Liu et al.
(2013), within a small area, made high-precision spatial predictions
of soil thickness based on geomorphology, with an R value of 0.74.
Combining other relevant studies, we believe that R values between
0.6 and 0.8 are considered to be relatively reliable (Ottoy et al., 2017;
Minasny et al,, 2018). By comparing the model training results,
the RF model has good accuracy. From the perspective of various
indicators, MSE, RMSE, and MAE are relatively small, re-flecting
that the prediction results of the RF model have small errors, while
R? is rela-tively large, indicating that the RF model has good stability
and is generally consistent with the verification data. As shown
in Figure 5, the prediction results of the RF model did not show
negative values, and no excessive parameter adjustment is required.
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Secondly, from the model verification effect (Figure 8), the RF model
showed good re-liability in the case of 0-100 and 100-200 cm
thickness and more sample data; even if the thickness is greater than
200 cm and the sample data is less, it can maintain good ac-curacy
and relatively low discreteness, indicating that the RF model has
good robust-ness and wider applicability.

4.3 The impact of other factors on the
prediction results

In addition to the model, the quality of sample data and the
selection of envi-ronmental variables are also important factors
affecting the prediction of surface ma-trix thickness. Generally
speaking, the larger the data volume and the higher the data quality,
the more accurate the prediction results. During the field survey, due
to the relatively thick coverage of the low and gentle slope areas, fewer
field outcrops, and reduced sample size, the accuracy of each model
decreased significantly. When the ground substrate thickness is small,
allmodels perform well, but when the thickness is greater than 150 cm,
the discreteness of the prediction increases significantly.

Because most ML models are complex in structure,. How to
increase the interpretability of machine learning model predic-
tions has always been an unresolved problem. Based on the data
distribution charac-teristics, this paper divides the sample data
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into three groups according to thickness, namely, [0, 60] cm, [60,
100] cm, and [100, 300] c¢m, and then analyzes the importance
of environmental variables at different thicknesses. The calculation
results show (Figure 9) that there are obvious differences in the
importance of each group of environmental variables, indicating
that different variables have different effects on the evolution of
the ground substrate. Therefore, future research should focus on
the geological and ge-omorphological characteristics of the ground
substrate and their mutual influence on the spatial distribution of
the ground substrate thickness.

5 Conclusion

In this study, surface material thickness data from 290 points
were collected and used to construct models through different
machine learning algorithms. By employing the grid search method,
various parameter combinations were explored to find the optimal
set. The performance of six models was compared and analyzed, and
a spatial distribution map of surface material thickness in Ninghai
County was generated. The discussion highlighted the necessity of
parameter tuning and the strengths and weak-nesses of the models.
It was also noted that the quality of sample data and the selection
of covariates significantly affect the prediction results, warranting
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further attention in future research. The following conclusions were
drawn from the study.

(1) Parameter tuning is essential for predicting surface material
thickness using machine learning models. The performance of
all six models improved significantly after parameter tuning.
Using the grid search method for parameter tuning, the pre-
diction errors of each model generally decreased, and the R
value significantly in-creased. Among the models, RF, NN,
and SVM showed the most reduction in error, while RF,
SVM, and kNN exhibited the most improvement in linear fit.
This optimiza-tion provides the best parameter combinations,
serving as a reference for subsequent practical predictions.

(2) Overall, ensemble learning models outperform other machine

learning models in prediction accuracy. Among the ensemble

models, RF demonstrated the highest accuracy and robustness.

The ensemble models GB, AB, and RF all had relatively low

prediction errors and high fitting degrees, with RF showing

the best predictive per-formance: MSE, RMSE, MAE, and R?

were 1,589, 39.8, 26.5, and 0.63, respectively, and the Pearson

correlation coeflicient was the highest at 0.80.

(3) Machine learning models can effectively predict surface

material thickness in shallow mountainous areas, but further

attention to sample data and environmental variables is
necessary. The prediction results indicate that areas such as
steep ridges generally have thinner surface materials, typically
only a few dozen centimeters. In contrast, transitional zones
such as gentle slopes tend to have thicker surface materials,
reaching up to several hundred centimeters at the foot of
slopes or in hilly areas, aligning with field survey observations.

The predicted results for the entire Ninghai County also

closely matched the distribution of sample data. Due to the

study’s limi-tations, further research and analysis on sample
data and environmental variables are needed through more
investigative practices.
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