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ABSTRACT: Shield tunneling in urban environments often induces ground surface settlement, posing serious risks to overlying 

buildings, buried utilities, and transportation infrastructure. Traditional empirical methods frequently fall short in capturing the 

nonlinear behavior of soils and the complex interactions among geotechnical parameters and construction processes. To overcome 

these limitations, this study proposes an intelligent prediction framework that integrates conventional empirical models with advanced 

machine learning algorithms, including backpropagation neural networks (BP), convolutional neural networks (CNN), deep neural 

networks (DNN), decision trees (DT), random forests (RF), recurrent neural networks (RNN), and support vector machines (SVM). A 

high-quality dataset was compiled from multiple real-world projects, incorporating key influencing factors such as soil mechanical 

properties, shield geometry, and tunnel depth. Each model was trained and validated using this dataset, and a stacking ensemble strategy 

was employed to improve both prediction accuracy and generalization capability. The resulting framework enables reliable prediction 

of critical settlement indicators, including maximum surface settlement, settlement trough width, and ground loss rate. To facilitate 

practical application, a MATLAB-based graphical user interface (GUI) was developed, enabling users to input engineering parameters 

and generate real-time settlement visualizations, including transverse and longitudinal surface settlement curves, as well as three-

dimensional surface settlement plots. Compared with traditional approaches, the proposed platform demonstrates superior adaptability, 

predictive accuracy, and interpretability under diverse and complex ground conditions. This study not only provides a powerful tool 

for settlement prediction and construction risk assessment but also introduces a novel approach to intelligent geotechnical modeling. 
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1 INTRODUCTION 

With the rapid growth of urban underground construction, 

shield tunneling has become the primary method for building 

subway, highway, and utility tunnels, especially in soft-ground 

and densely built areas. Its high automation, adaptability, and 

minimal surface disruption offer clear advantages over cut-and-

cover methods. However, shield excavation inevitably disturbs 

the ground, often producing a funnel-shaped settlement trough 

whose magnitude and extent depend on soil conditions and 

operational parameters. These deformations can threaten tunnel 

stability as well as nearby structures and utilities, making 

accurate settlement prediction essential for safe urban tunneling. 

Extensive theoretical and empirical studies have examined 

shield-induced settlement. Martos (1958) first characterized the 

settlement trough using an error function, followed by Peck’s 

(1969) classic volume-loss–based empirical formula. 

Subsequent refinements include Attewell & Woodman (1982) 

and the statistical relationships between trough width and 

tunnel depth developed by O’Reilly & New (1982), New 

(1991), and O’Reilly et al. (1991). To overcome the limitations 

of early two-dimensional analyses, Attewell et al. (1986) 

introduced a three-dimensional model based on a quadratic 

parabolic longitudinal settlement distribution. More recently, 

Zhang et al. (2022) proposed modified Peck formulas for 

surface and subsurface trough widths. Despite these advances, 

estimating key parameters such as trough width and ground loss 

remains challenging due to the complex interactions among 

tunneling operations, geological conditions, and hydrological 

factors, and parameter selection still often relies on regional 

experience.  

To address this challenge, this study applies machine 

learning to integrate multiple predictive models and establish a 

new framework for settlement parameter estimation. A 

comprehensive field-data database enables accurate prediction 

of key parameters from soil and shield characteristics. A user-

friendly graphical user interface (GUI) has also been developed 

to generate transverse, longitudinal, and three-dimensional 

settlement profiles from basic engineering inputs. Future work 

will expand the dataset to cover broader geological settings, 

improving model generalization and predictive reliability. This 

approach supports intelligent, visualized, and data-driven 

management of shield tunneling and offers practical technical 

support for urban underground development. 

2 TRANSVERSE SURFACE SETTLEMENT PATTERNS 

2.1 Transverse surface settlement curve 

The magnitude and spatial distribution of surface settlement 

caused by tunnel construction—commonly referred to as the 

“settlement trough”—have long been a focal point in tunneling 

research. Based on extensive field measurements, Peck (1969) 

proposed at the International Conference on Soil Mechanics 

that the transverse surface settlement profile resulting from 

tunnel excavation follows a Gaussian distribution. Building on 

this, he developed the well-known Peck formula, founded on 

the concept of volume loss, as presented in Eq. (1) and 

illustrated in Figure 1: 

𝑆(𝑥) = 𝑆𝑚𝑎𝑥 ∙ exp⁡(−
𝑥2

2𝑖2
) (1) 

where 𝑆(𝑥)  is the surface settlement at point 𝑥 ; 𝑆𝑚𝑎𝑥 is the 

maximum surface settlement directly above the tunnel axis; 𝑥 

is the horizontal distance from the tunnel centerline; 𝑖 is the 

settlement trough width. 

Supported by scholars including Schmidt (1969), Clough 

(1981), Attewell & Farmer (1978), and Rankin (1988), the 

Peck formula has, through decades of application and 

validation, established itself as the most widely used and 

classical method for analyzing tunnel-induced surface 

settlement. 
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Figure 1. Transverse settlement trough of the ground surface. 

2.2 Settlement trough width 

The red dots in Figure 1 indicate the inflection points of the 

surface settlement curve, where the curvature changes sign 

(point of contraflexure). In Eq. (1), the settlement trough width 

𝑖 is defined as the horizontal distance from the tunnel axis to 

this point, representing the transverse extent of significant 

surface settlement. The point marks the transition from the 

steep central part of the trough to the flatter peripheral regions, 

providing a clear visual reference for quantifying the settlement 

trough in shield tunneling analysis. As one of the most critical 

parameters shaping the settlement profile, 𝑖  has been 

extensively studied. Research indicates that it is directly related 

to tunnel depth, geological conditions, and tunnel radius. Since 

it cannot be calculated theoretically, many empirical values and 

formulas have been developed： 

(1) Attewell & Farmer (1978), like Peck (1969), assumed 

a normal distribution for the settlement trough and proposed 

that its width 𝑖 is influenced by tunnel axis depth 𝐻 + 𝑅 and 

tunnel radius 𝑅 as shown in Eq. (2). 

𝑖 = 𝑘𝑅(
𝐻 + 𝑅

2𝑅
)𝑛 (2) 

where 𝑘 and 𝑛 are empirical coefficients, sandy soil:  𝑘 = 1.0,  

𝑛 = 1.0 ; backfill: 𝑘 = 1.7 , 𝑛 = 0.7 ; clay soil: 𝑘 = 0.63 −
0.82, 𝑛 = 0.36 − 0.97. Sugiyama et al. (1999) adopted this 

formula and suggested that for shallow, large-diameter tunnels, 

tunnel axis depth (𝐻 + 𝑅) should be replaced with tunnel depth 

(𝐻), clay soil:  𝑘 = 1.5, 𝑛 = 0.8; sandy soil and gravel: 𝑘 =
1.0, 𝑛 = 0.7. 

(2) O’Reilly & New (1982), based on Peck’s theory (Peck 

1969), analyzed 19 cases in cohesive and sandy soils and 16 in 

backfill. They proposed a statistical relationship between 

settlement trough width i  and tunnel axis depth (𝐻 + 𝑅) in 

uniform soils as shown in Eq. (3): 

𝑖 = 𝑘(𝑅 + 𝐻) (3) 

where 𝑘 is an empirical soil parameter: 0.4-0.7 for clay soil, 

0.2-0.3 for sandy soil. Mair et al. (1993) recommend averages 

of 0.5 for clay and 0.35 for sandy soil or gravel. 

2.3 Ground loss ratio 

Settlement trough width 𝑖  reflects the extent of settlement 

distribution, while the ground loss rate 𝑉𝑖 indicates the severity 

of surface collapse. Based on Peck’s assumption of uniform 

ground loss along the tunnel, if the settlement trough width and 

maximum settlement are known, the trough area corresponds to 

the ground loss per unit tunnel length (Peck 1969). By 

introducing the ground loss rate 𝑉𝑖 , this relationship can be 

readily derived through integration in Eq. (4): 

𝑉𝑖 =
√2𝜋𝑆𝑚𝑎𝑥𝑖

𝜋𝑅2  (4) 

Since theoretical calculation of ground loss is complex and 

affected by construction methods, geology, and hydrogeology, 

it typically relies on regional empirical data (Burland et al., 

1999). O’Reilly & New (1982) recommended empirical ground 

loss rates by soil type: clay (0.5-2.5%), non-cohesive soil (2-

10%), artificial fill (>10%), frozen soil (1-1.5%), recent silty 

clay (2-10%), and fissured hard clay (1-2%).  

3 LONGITUDINAL AND THREE-DIMENSIONAL 

SURFACE SETTLEMENT PATTERNS 

3.1 Longitudinal surface settlement curve 

Tunnel excavation causes an S-shaped surface settlement 

profile along the driving direction, forming a longitudinal 

trough (Figure 2) (Sagaseta 1987; Sun et al., 2020). In Figure 2, 

the straight lines represent the coordinate axes: the positive 

direction of the y-axis corresponds to the tunnel axis and the 

shield tunneling direction, while the positive direction of the z-

axis points vertically downward from the ground surface, 

perpendicular to the tunnel axis. The curve represents the 

representative settlement along the tunnel axis directly above 

the tunnel, i.e., the longitudinal ground surface settlement 

profile. Assuming homogeneous, isotropic, and incompressible 

soil, Sagaseta (1987) derived analytical solutions for ground 

loss-induced displacement. With the surface above the tunnel 

axis as the origin (𝑦 along the tunnel, 𝑥 transverse, 𝑧 vertical), 

and assuming a constant ratio of ground loss to maximum 

settlement remains constant for any given longitudinal position, 

the longitudinal settlement curve can be obtained as shown in 

Eq. (5). 

𝑆(𝑦) =
𝜋𝑉𝑖𝑅

2

√2𝜋
[1 −

𝑦

√𝑦2 + (𝐻 + 𝑅)2
] (5) 

where 𝑆(𝑦)  is the maximum settlement of the transverse 

settlement trough at the section with coordinate along the tunnel 

axis. 
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Figure 2. Longitudinal settlement trough of the ground surface. 

3.2 Three-dimensional surface settlement curve 

Building on Peck’s formula (Peck, 1969), Attewell & 

Woodman (1982) made two key assumptions: (1) ground 

displacement accumulates incrementally during tunneling, and 

(2) soil volume remains constant during deformation. By 

combining a transverse Gaussian distribution with a parabolic 

longitudinal settlement profile, they developed a three-

dimensional analytical expression to estimate surface 

settlement at any point during tunneling, as shown in Eq. (6) 

(Attewell et al., 1986). 

𝑆(𝑥, 𝑦) =
√2𝜋𝑉𝑖𝑅

2

2𝑖
𝑒
−𝑥2

2𝑖2 [𝐸(
𝑦 − 𝑦𝑖

𝑖
) − 𝐸(

𝑦 − 𝑦𝑓

𝑖
)] (6) 

where iy  and fy  represent the starting and ending positions 

of the linear excavation, respectively, and ( )E   is the 

probability function. 
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𝐸(𝛼) =
1

√2𝜋
∫ exp [

−𝑢2

2
] 𝑑𝑢

𝛼

−∞

 (7) 

4 SURFACE SETTLEMENT PREDICTION WITH 

MACHINE LEARNING 

Extensive research shows that tunnel-induced surface 

settlement is influenced by multiple factors, with maximum 

transverse settlement 𝑆𝑚𝑎𝑥  and settlement trough width 𝑖  as 

key indicators. Traditional empirical methods often lack 

accuracy under complex ground conditions. To enhance 

predictive performance, a comprehensive settlement database 

was established, and machine learning techniques were 

employed to enable fast and accurate estimation of key 

settlement metrics based on engineering input parameters 

(Wang & Yin, 2020; Wang et al., 2020; Wang & Yin, 2021). 

Figure 3 illustrates the machine learning workflow, including 

data acquisition, model training, multi-model ensemble 

integration, and deployment into the software platform. 

 
Figure 3. Machine learning workflow. 

4.1 Database construction 

A comprehensive literature review was conducted to compile 

representative ground settlement data, including field-measured 

profiles, forming a high-quality dataset for model training. 

Input parameters cover typical geological and structural 

features—such as soil unit weight 𝛾 , Poisson’s ratio 𝑣 , 

cohesion 𝑐, internal friction angle 𝜑, elastic modulus 𝐸, tunnel 

depth 𝐻, and tunnel radius 𝑅—while outputs include maximum 

transverse settlement 𝑆𝑚𝑎𝑥 , settlement trough width 𝑖 , and 

ground loss rate 𝑉𝑖. All raw data were rigorously cleaned and 

standardized to ensure reliability and consistency. Cleaning 

involved removing duplicates, correcting formatting, and 

addressing missing or anomalous values. Standardization 

unified units, normalized ranges, and harmonized labels, 

ensuring structural coherence and suitability for subsequent 

analysis. 

4.2 Machine learning model development 

Using the constructed dataset, multiple machine learning 

algorithms—backpropagation neural networks (BP), 

convolutional neural networks (CNN), deep neural networks 

(DNN), decision trees (DT), random forests (RF), recurrent 

neural networks (RNN), and support vector machines (SVM)—

were selected for ground settlement prediction (Wang & Yin, 

2020; Wang et al., 2020; Wang & Yin, 2021). The data were 

randomly split into training and testing sets with an 7:3 ratio. 

Each model was trained on the training set and evaluated on the 

testing set to assess its performance and generalization ability. 

Feature importance analysis was then performed to identify key 

factors, which guided further model optimization (see Figure 

4). 

 
Figure 4. Correlation matrix diagram of input features and output 

targets. 

4.3 Model integration and optimization 

(a)

(b)

 
Figure 5. Prediction results of the comprehensive algorithm: (a) 

maximum surface settlement; (b) settlement trough width. 

To enhance generalization and predictive accuracy, multiple 

computational models were first evaluated, including BP, CNN, 

DNN, DT, RF, RNN, and SVM. Each model has its strengths 

and limitations: neural networks (BP, DNN, CNN, RNN) are 

powerful in capturing complex nonlinear relationships but have 

distinct characteristics: BP networks are simple and effective 

for small- to medium-sized datasets but may converge slowly 

and overfit; DNN can model highly complex patterns and 

extract hierarchical features but require large datasets and 

substantial computational resources; CNN excels at capturing 

spatial patterns and local dependencies, making them suitable 

for structured data, but are less effective for sequential data and 

computationally intensive; RNN is designed for sequential data 

and can capture temporal dependencies, but may suffer from 

vanishing or exploding gradients and longer training times. 

Tree-based methods (DT, RF) are interpretable and robust to 
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noise but may struggle with highly nonlinear patterns, while 

SVM generalizes well on smaller datasets but is less scalable.  

To leverage the complementary strengths of these models 

and further improve predictive performance, a stacking-based 

multi-model ensemble was implemented. The trained model 

was applied to the testing set to predict the maximum surface 

settlement and settlement trough width. These predictions were 

then compared with the observed values to evaluate model 

performance, which was quantified using root mean squared 

error (RMSE), mean absolute error (MAE), and coefficient of 

determination (R²), as shown in Figure 5. 

4.4 Software platform development 

The developed MATLAB platform serves as a practical 

implementation of the trained ensemble machine learning 

models, enabling users to directly apply the predictive 

capabilities of these models to shield tunneling-induced ground 

settlement scenarios. By integrating the ensemble model, the 

platform provides an intuitive interface for real-time prediction 

and visualization, bridging the gap between model development 

and practical application. 

Specifically, the platform supports parameters upload and 

real-time prediction, outputting the maximum transverse 

settlement 𝑆𝑚𝑎𝑥 , settlement trough width 𝑖 , and ground loss 

rate 𝑉𝑖 . It also automatically generates transverse and 

longitudinal surface settlement curves, as well as a three-

dimensional surface settlement plot (see Figure 6), allowing 

users to conveniently explore the effects of different tunneling 

parameters and visualize potential settlement outcomes. 

 
Figure 6. Surface settlement prediction program interface. 

5 CONCLUSIONS 

This study presents a novel surface settlement prediction 

framework that combines traditional empirical models with 

advanced machine learning techniques, representing a 

significant advancement in predictive accuracy and practical 

applicability for shield tunneling projects. A high-quality 

dataset compiled from comprehensive field monitoring data 

was used to train multiple algorithms, including BP, CNN, 

DNN, RNN, RF, DT, and SVM, enabling accurate prediction 

of key settlement indicators such as maximum settlement, 

settlement trough width, and ground loss rate. To enhance 

predictive performance and generalization, a stacking-based 

multi-model ensemble strategy was implemented, leveraging 

the complementary strengths of different algorithms.  

Building on this framework, a MATLAB-based platform 

was developed to facilitate parameter input, real-time 

prediction, and automatic visualization of settlement outcomes, 

providing an innovative, user-friendly tool that bridges machine 

learning research and practical engineering applications. 

Together, these contributions demonstrate the integration of 

data-driven modeling, ensemble learning, and software 

development to create an intelligent system for efficient risk 

assessment and decision-making in complex urban tunneling 

environments. 
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