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A B S T R A C T

Shallow tunnels in urban areas are close to adjacent buildings and municipal pipelines. Ground surface settlement
(GSS) due to tunnelling can cause damage to those infrastructures surrounded. Many methods have been proposed
for evaluating ground settlement induced by tunnelling, including empirical, analytical, numerical and artificial
intelligence methods. This paper reviews the proposed methods in detail based on published 677 articles within
past ten years. The principles, assumptions and application scope of those methods are summarized and the
advantages and limitations of each method are discussed. Since artificial intelligence (AI) become popular in
recent few years, the application of AI in the aspect of tunnelling-induced ground deformation is introduced
emphatically. Finally, the challenges of ground displacement prediction by machine learning (ML) are clarified
and future research directions are suggested.
1. Introduction settlement is integral not only for the engineering design and construction
The rapid development of urban areas in recent decades contributes to
the increasing demand for underground space utilisation. Tunnels have
been regarded as effective choice to overcome congestion problems and
relieve traffic pressure. Deep tunnels are constructed within stiff rock
generally, which means the stratum is relatively stable and settlement of
ground is limited. Compared with deep tunnels, tunnels in shallow depths
are always surrounded by soft soil practically. In urban areas, the resulted
settlement of ground cannot be neglected. In other words, the construction
of tunnel in urban regions ismore complicated than in less populated areas.

Tunnel excavation disturbs the original stress statement of ground
inevitably, as a result, ground settlement is induced (Chen et al., 2019;
Kim et al., 2001; Moghaddasi and Noorian-Bidgoli, 2018; Pourtaghi and
Lotfollahi-Yaghin, 2012; Zhang et al., 2020). The settlement of ground
poses a threat to nearby structures and infrastructures (Chen et al., 2019;
Zhang et al., 2020; Hajihassani et al., 2020; Ocak and Seker, 2013;
Pourtaghi and Lotfollahi-Yaghin, 2012). To minimize the risk of damage,
accurate prediction of maximum GSS is critical to control it within the
tolerance (Chen et al., 2019; Ahangari et al., 2015; Darabi et al., 2012;
Hasanipanah et al., 2016; Kim et al., 2001; Moghaddasi and
Noorian-Bidgoli, 2018; Zhang et al., 2017). In addition, accurate evalu-
ation and management of GSS can help in selecting suitable construction
techniques andmaterials, thereby ensuring the severability of tunnel over
its lifespan. Therefore, a comprehensive understanding of ground
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of the tunnel itself but also for the safety of the ground surface structures.
Tunnelling-induced GSS is influenced by three factors mainly,

including ground properties, tunnel geometry as well as excavation and
support method (Chen et al., 2019; Hasanipanah et al., 2016;Moghaddasi
and Noorian-Bidgoli, 2018). Ground properties are the characteristics of
soil and rock around tunnel, the parameters depend on the constitutive
models used, and particular ones are friction angle, cohesion, unit weight,
Poisson's ratio, Young's modulus, etc. Tunnel geometry reflects the shape
and location of tunnel, generally including tunnel depth, tunnel diameter,
distance between tunnel and nearby structures. Some researchers adopt
ground water table in the classification of tunnel geometry as well. For
tunnel excavation and support method, already applied approaches
include drill-and-blastmethodwith anchor shotcrete support, mechanical
excavation method with steel beam support, shield tunnelling method
with lining, etc. Tunnel boring machine (TBM) and liner are regarded as
common construction approach of tunnels in urban area. There are many
parameters of TBM, such as thrust, torque, penetration rate, advance rate,
rotation speed, face pressure, pitching angle, grouting pressure, grouting
filling volume, specific energy and so on. As a result, choosing appropriate
parameters for performing GSS prediction is a challenge.

According to Ocak and Seker (2013), analysis of short-term ground
settlement caused by tunnelling is based on the assumption that the soil is
in undrained condition. Commonly, it happens within a few weeks after
excavation. For long-term settlement, which is due to creep, stress
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redistribution and consolidation of soil, it may take several months to a
few years to reach a stabilized stage (Ocak and Seker, 2013). In general,
short-term GSS is contributed by construction methods mainly while
long-term GSS depends on soil features and tunnel geometry.

This paper initially provides an extensive review of diverse methods
proposed for evaluating GSS. Special attention is then paid to investigate
the application of ML techniques in GSS prediction. Finally, a compre-
hensive discussion is concluded and future research directions in the field
of GSS prediction through machine learning (ML) are suggested.

2. Overview of traditional methods for ground surface settlement
prediction

The study of tunnelling-induced ground surface settlement (GSS)
holds a critical place in the field of tunnel research. There are two
modulus of ground surface deformation - transverse settlement and
longitudinal settlement (shown in Fig. 1). A significant research portion
is predicting maximum GSS, which is important for ensuring structural
stability and minimizing risks to adjacent buildings and infrastructure.
Various methodologies have been proposed to accurately predict and
manage maximum GSS, including empirical, analytical, numerical and
artificial intelligence methods (Moghaddasi and Noorian-Bidgoli, 2018;
Zhang et al., 2017).

Traditional approaches often rely on empirical or analytical equa-
tions, which are developed through engineering experience and theorical
assumptions. While these methods offer the benefit of simplicity, they are
limited in their applicability due to the inherent complexity of geological
characteristics. Numerical simulations such as Finite Element Method
(FEM) and Finite Difference Method (FDM) provide a more sophisticated
approach. These simulation techniques can accommodate a wide array of
soil parameters and capture the complex interaction between soil layers
and tunnel walls. Over the past few years, the rise of AI and ML tech-
niques had provided a newway for GSS prediction. These AI methods can
consider a broader set of variables and offer the advantage of adapt-
ability, learning from newly acquired data to refine future predictions.
Beyond the focus on GSS prediction, there is also a growing recognition
of the importance of predicting other aspects of ground behaviour, such
as time-dependent ground deformation and stress distribution. Spatial-
temporal analyses are also becoming increasingly important for real-
time monitoring and management of tunnelling-induced GSS.
Fig. 1. Tunnelling-induced ground deformation model. (a) transverse settle-
ment trough and (b) longitudinal settlement trough.
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2.1. Empirical methods

Empirical methods for evaluating GSS caused by tunnelling are ac-
cording to engineering practice and measured field data mostly. They
provide a roughly estimation of ground subsidence with allowable pre-
cision. In other words, empirical methods are proposed simple mathe-
matical equations based on measurements gathered from the field. These
formulas can approximately find settlement trough and calculate
displacement of ground at any point of the specific region.

Martos (1958) originally proposed that the normal distribution curve
can well represent the shape of daily settlement trough. As shown in
Fig. 1, Peck (1969) expanded the research and demonstrated that a
Gaussian curve was appropriate for fitting tunnelling-induced ground
settlement. He analysed the settlement data frommany tunnels as well as
mines projects and found that the settlement curve was roughly sym-
metrical above the vertical axis of the tunnel. Subsequently, he offered
the equations for estimating GSS, as shown in Equation (1).

Sv ¼ Smax exp
��Y2

2i2

�

Smax ¼ Vs

2:5*i

Vs ¼VL

�
πD2=4

�
(1)

Where Sv is the vertical surface settlement at the Y distance from tunnel
centreline, Smax is the maximum ground surface settlement that usually
occurs above tunnel centreline, i is horizontal distance from tunnel centre
to point of inflexion of the settlement trough (see Fig. 1), Vs is the set-
tlement volume per unit advancement, VL is tunnel volume loss, and D is
tunnel diameter.

Based on the hypothesis presented by Peck (1969), different methods
for calculating the value of Smax were investigated. For example, Ranken
(1987) optimised the relationship between Smax and Vs, as shown in
Equation (2). Attewell et al. (1986) proposed a new formula to calculate
maximum GSS (Equation (3)). More empirical equations are summarized
in Table 1. In addition, the inflection point (i), whichdetermines the shape
of settlement trough, may vary in different ground conditions. It is also
dependent on tunnel depth and tunnel radius significantly. The empirical
equations for estimating inflection point (i) are shown in Table 2.

Sv ¼ Smax exp
��X2

2i2

�

Smax ¼ Vs

i
ffiffiffiffiffi
2π

p (2)

Smax ¼ð1þ μ2ÞPv

E
4HR2

H2 � R2
(3)

Where Smax is the maximum ground surface settlement, Sv is the vertical
surface settlement at the X distance from tunnel centreline, Vs is the
settlement volume per unit advancement, H is tunnel depth and R is
tunnel radius, X is horizontal distance between pile and tunnel centre-
line, Pv is vertical component of the principal in situ stress, E is elastic
modulus, μ is Poisson's ratio.

Empirical equations have long been a convenient and straightforward
methodology for estimating GSS caused by tunnel construction. Those
formulas are summarized and developed based on engineering experi-
ences and field observation, taking the assumptions that soil properties
are uniform across tunnel alignment, tunnelling methods applied in new
project is similar to those of previous projects, 3D effects can be ignored,
ground conditions are similar, and so on. Empirical formulas are not
applicable in all projects (Chen et al., 2019), they are mostly suitable for
soft ground condition. For different strata conditions, the parameters



Table 1
Empirical formulas for predicting tunnelling-induced ground settlement.

Empirical Formula Application Conditions Reference

Smax ¼ 0:0125
VL

i
�
�
D
2

�2 clay and sand Schmidt (1969)

Smax ¼ f
�
H
2R

�
clay Attewell and Farmer (1974)

Smax ¼ Vsffiffiffiffiffiffi
2π

p � i
clay and sand Yoshikoshi et al. (1978)

Smax ¼ Vsffiffiffiffiffiffi
2π

p
i

h
G
�x � xi

i

�
� G

�x � xf
i

�i clay and sand Attewell and P Woodman (1982)

Smax ¼ 0:785½γn � H þ σs � � D2

i� E
clay and sand Herzog (1985)

Smax ¼ 4:71½γn � H þ σs � � D2

ð3iþ dÞ � E
twin tunnels in clay and sand Herzog (1985)
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2π
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p
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clay Mair et al. (1993)
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�VL � D2
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� clay and sand Mair and Taylor (1997)

Smax ¼ 4:71½1� 0:71 � expð� 0:018 � dÞ� � ðγn � H þ σsÞ� D2

ð3iþ dÞ � E
clay and sand Hasanpour et al. (2012)
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�D2
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Smax ¼ VLð1:82� ðH � hÞ=HÞ
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sand Wang et al. (2016)
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�0:5h
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sand Wang (2021)

Table 2
Empirical formulas for the calculation of inflection point.

Settlement Trough (i) Application Conditions Reference

i ¼ H=
	 ffiffiffiffiffiffi

2π
p � tan

�π
4
� φ

2

�i
clay and sand Peck (1969)

i¼ 0:4Hþ 1:92 clay and sand Schmidt (1969)
i¼ 0:5H clay Glossop (1978)

i ¼ R
�
H
D

�0:8 clay and sand Clough and Schmidt (1981)

i ¼ K� H K¼ 0:2� 0:3 for sand O'Reilly and New (1982)
K¼ 0:4� 0:7 for clay

i¼ 0:43Hþ 1:1 clay
i¼ 0:4Hþ 0:6 clay Herzog (1985)

i¼ 0:9
�
D
2

�
�
�
H
D

�0:88 clay and sand Arioglu (1992)

i¼ 0:386Hþ 2:84 clay and sand

i¼ 1:392
�
D
2

�
�
�
H
D

�0:704 clay

i ¼ D
2
� 1:15

�
H
D

�0:9 clay Loganathan and Poulos (1998)

i ¼ H
D

clay and sand Hamza et al. (1999)

i ¼ D
2
�
�
H
D

�0:8 clay

i¼ 0:74
�
D
2

�
�
�
H
D

�0:9 sand

i¼ 0:63
�
D
2

�
�
�
H
D

�0:97 sand

i¼ 0:29Hþ R clay Lee (1999)

i ¼ 1
3

�
0:886Hþ 0:696D �

�
H
D

�0:704

þ 2:84
� clay Ercelebi et al. (2005)

i ¼ 1
4
½0:93H þ R� ð0:9

�
H
D

�0:88

þ
�
H
D

�0:8

Þ þ 1:1�
clay and sand Ercelebi et al. (2011)

i ¼ 1
7
½2:116H þ R� ð0:9

�
H
D

�0:88

þ
�
H
D

�0:8

Þ þ 6:46�
sand Chakeri et al. (2013)

i¼ 0:56309� H� 0:40978� D sandy cobble strata Wang et al. (2023)

i is inflection point, R is tunnel radius, D is tunnel diameter, H is tunnel depth. φ is friction angle of soil.
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selection of the empirical formula varies greatly (Su et al., 2022).
Moreover, empirical methods often suffer from a lack of comprehensive
soil parameter inclusion, which means the accuracy of the GSS prediction
based on the empirical method cannot be guaranteed (Zhang et al.,
2017). The limited number of settlement markers available in site also
150
restricts the accuracy of empirical methods. According to Zhang et al.
(2020), the variability of predicted results using empirical methods tend
to be large. Considering these constraints and limitations, while empir-
ical methods will continue to be a tool for tunnel construction planning,
they should be used in conjunction with other more advanced and
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comprehensive methodologies such as numerical simulations or machine
learning (ML) algorithms, for more reliable and accurate GSS prediction.

Smax is the maximum ground surface settlement that usually occurs
above tunnel's centreline, Vs is the settlement volume per unit advance-
ment and VL is tunnel volume loss, i is horizontal distance from tunnel
centre to point of inflexion of the settlement trough while R and D are
tunnel radius and tunnel diameter respectively. It needs notice that h and
H are depth of the calculated settlement trough from the ground surface
and tunnel depth respectively. d is distance between tunnel axes, E is
elastic modulus, γn is natural unit weight of soil, Cu is undrained cohe-
sion, k is empirical constant of proportionality, σs is surface surcharge, σT
is required face support pressure, x is the longitudinal position of the
considered surface point, xi is the initial position of the tunnel, xf is the
Uz¼ �εR2

�
z1
r21
þ z2
r22

�
þ δR2



z1
�
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r22
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�
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�
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þ m
mþ1

2zz2
�
3x2 � z22

�
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x
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þ x
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�
þ δR2



x
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�
r41

þ x
�
x2 � kz22

�
r42

�
� 2εR2x

m



1
r22

� 2mzz2
r42

�
� 4δR2xH
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z2
r42
þ zm

�
x2�3z22

�
r62

�
(5)

Uz¼0¼ 4ð1� μÞR2 H
H2 þ x2

4gRþ g2

R2
exp

"
� 1:38x2

ðH þ RÞ2
#

Ux¼ �xR2

"
1

x2 þ ðH � zÞ2 þ
3� 4μ

x2 þ ðH þ zÞ2 �
4zðzþ HÞ

ðx2 þ ðH þ zÞ2�2
#
� 4gRþ g2

4R2
exp f�

"
1:38x2

ðH þ RÞ2 þ
0:69z2

H2

#)
(6)
location of the tunnel face, and G is the numerical integration of the
normal probability curve. When x ¼ xf , the quantity of G is 0.5, and
when (x� xi) approaches infinity, the quantity of G approaches one. This
part is the illustration of each sign in Table 1, thus it should be located at
the bottom of Table 1.
2.2. Analytical methods

Analytical methods take into account more influential factors and
simulate ground responses in a simple manner. They are developed based
on fundamental equations of elastic theory. Multiple analytical ap-
proaches such as mirror image method, stress function method, complex
variable function method, random medium theory and energy conser-
vation method have been proposed to theoretically analyse GSS caused
by tunnel construction. The special attention is devoted to analysing the
interactions between ground and tunnel.

Sagaseta (1987) presented an approach for determining
near-ground-surface stress and strainfield induced by point sink. Based on
the assumption that soil material is homogeneous and incompressible, he
developed the parameter of ground loss (ε) to predict surface subsidence
(z¼ 0) during tunnel excavation. The formulas are shown in Equation (4)

Sx ¼ � ε
2π

x
x2 þ H2

 
1þ y

ðx2 þ y2 þ H2Þ0:5
!

Sy ¼ ε
2π

1

ðx2 þ y2 þ H2Þ0:5

Sz ¼ ε
2π

H
x2 þ H2

 
1þ y

ðx2 þ y2 þ H2Þ0:5
!
: (4)

Where H is tunnel depth, ε is ground loss, x and y are coordinates at
ground surface, which physically means x is horizontal distance from
tunnel centreline and y is the distance from tunnel face.

Verruijt and Booker (1996) investigated GSS due to tunnel
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deformation by employing elastic half plane theory. They set up two
tunnel deformation mechanisms including a uniform radial displacement
(shown in Fig. 2) and an ovalisation of tunnel. Assuming soil is elastic
material, they proposed analytical expressions for calculating the dis-
placements at any points of the half plane. The formulas for calculating
vertical and lateral displacement of arbitrary positions are shown in
Equation (5). Later, Loganathan and Poulos (1998)modified the approach
above and introduced new ground loss parameter that incorporates
nonlinear ground movement around tunnel-soil interface (see Fig. 2).
With short term consideration only, they neglect the ground deformation
due to tunnel ovalisation (δ¼ 0). In this case, the analytical method pro-
posed by Loganathan and Poulos (1998) is suitable for clay in undrained
situation merely. The optimised formulars are expressed in Equation (6).
Where ε is uniform radial ground loss, δ is long-term ground deformation
due to ovalisation of tunnel, g is gap parameter, z1 ¼ z � H and z2 ¼ zþ
H, r21 ¼ x2 þ z21 and r22 ¼ x2 þ z22, R is tunnel radius and H is tunnel depth,
m¼ 1=ð1� 2μÞ, k ¼ μð1� μÞ, μ is soil Poisson's ratio.

Similarly, Gonzaíez and Sagaseta (2001) improved the mentioned
analytical equations by considering soil volumetric compressibility. They
clarified that the total deformation of tunnel is caused by three parts:
ground loss, ovalisation and vertical movement of tunnel itself (depicted
in Fig. 3). The general equations for analysing ground movement at
surface are shown in Equation (7). The results are compared with actual
measurements and show a good agreement. It means the proposed for-
mulas can reflect soil deformation patterns in various situations with
reasonable accuracy and can be employed in a wide range of cases
(Gonzaíez and Sagaseta, 2001).

Sz¼0¼ 2εR
�
R
H

�2α�1

� 1

ð1þ x0 2Þα
�
1þ ρ

1� x
0 2

1þ x0 2

�

Sx¼ �2εR
�
R
H

�2α�1

� x
0

ð1þ x0 2Þα
�
1þ ρ

1� x
0 2

1þ x0 2

�
(7)

Where H is tunnel depth, R is tunnel radius, u is uniform radial
displacement, α is exponent for volumetric compressibility, ε is radial
contraction (u=R), δ represents ovalisation, ρ is relative ovalisation ðδ =εÞ,
the prime (0) means the magnitudes are scales by tunnel depth.

Antonio Bobet (2001) discussed different construction processes and
soil conditions, including shallow tunnel in dry ground, shallow tunnel in
saturated ground and shallow tunnel in saturated ground with air pres-
sure. For the last two cases, long-term and short-term analysis are con-
ducted. The liner is assumed to be incompressible and flexible, while
both ground and liner behave elastically. According to analytical anal-
ysis, he concluded: (1) The presence of water table decreases settlement
at ground surface. (2) The dissipation of pore pressure causes an increase



Fig. 2. Circular ground deformation patterns around tunnel section. (a) Uni-
form contraction (Verruijt and Booker, 1996) and (b) Uniform contraction with
vertical displacement (Loganathan and Poulos, 1998).
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in ground deformations. (3) Most of ground deformations happen during
the undrained phase of tunnel construction. (4) Excavation with air
pressure produces larger settlement than that of without air pressure. The
details are shown in Equation (8)(9)(10)(11)(12). Further, following the
outcome illustrated by Antonio Bobet (2001), Chou and Bobet (2002)
analysed the condition that water table is at the ground surface. They
compared the analytical results with field observations where tunnels are
constructed within soft to stiff clay below water table. The analytical
solution gives reasonable prediction for shield driven tunnels in medium
to stiff clay (Chou and Bobet, 2002). In addition, it is explained that
during excavation of tunnel, the internal air pressure is commonly
applied to prevent water inflow into the tunnel (Antonio Bobet, 2001).
The value of air pressure is taken as the magnitude of the water pressure
at invert of tunnel (Antonio Bobet, 2001; Chou and Bobet, 2002).

In dry ground,

Smax¼ � gR
H

þ 1þ μ
E

(
γR2

"
1
8

�
k � μ

1� μ

��
R
H

�2

� 1
4
3� 4μ
1� μ

ln H

#

þγHð1� kÞR
"
� 2ð1� μÞ R

H
þ 1
8
ð9� 4μÞ

�
R
H

�3

� 1
4

�
R
H

�5
#) (8)

In saturated ground, short-term analysis,

Smax¼ � gR
H

þ 1þ μ
E

�
� 1
2
γR2 ln H þ γbHð1� kÞR

�
"
� R
H
þ 3
4
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R
H

�3

� 1
4

�
R
H

�5
#) (9)

In saturated ground, long-term analysis,

Smax¼ � gR
H

þ 1þ μ
E

(
γR2

"
1
8

�
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1� μ

��
R
H

�2

�1
4
3� 4μ
1� μ

ln H
�
þ 1
8
γwð1� kÞ R

4

H2
þ γbHð1� kÞR

�
"
� 2ð1� μÞ R

H
þ 1
8
ð9� 4μÞ

�
R
H

�3

� 1
4

�
R
H

�5
#)

(10)
Fig. 3. Components of tunnel deformation illu
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In saturated ground with air pressure, short-term analysis,

Smax¼ � gR
H

þ 1þ μ
E

�
� 1
2
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) (11)

In saturated ground with air pressure, long-term analysis,
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γHR
�
R
H

�3

þ γbHð1� kÞR


�2ð1� μÞ R

H

þ2� μ
2

�
R
H

�3

� 1
4

�
R
H

�5
#
þ γwHR

�
R
H

�2
) (12)

Where E is Young's modulus of soil, μ is Poisson's ratio, H is tunnel
depth, R is tunnel radius, g is gap between ground and liner, γ is total unit
weight of ground, γw is unit weight of water, γb is buoyant unit weight of
ground, k is coefficient of earth pressure at rest, Smax is maximum surface
settlement above tunnel centreline.

Park (2004) optimised the analytical method through employing
correction factors. By imposing the oval-shaped ground determination
pattern as boundary condition around tunnel section, Park (2004) con-
siders a real nonuniform ground deformation pattern. The analysis model
is based on the assumption that soil is elastically incompressible with
short-term undrained ground conditions ðk ¼ 1 and μ ¼ 0:5Þ. Detailed
formulas are shown in Equation (13).

uz ¼ �1:5
Eu

ha0
r
sin θ

þγR2

2

�
ln r
�
sin2 θ � cos2 θ

�� cos2 θ
��

ux¼ � 1:5
Eu



a0
r
cos θ � γR2

2
cos θ sin θ

�
(13)

Where Eu is undrained Young's modulus of soil, γ is unit weight of
ground, a0 is determined from boundary condition, R is tunnel radius, r
and θ are polar coordinates.

More analytical methods for solving ground surface settlement (GSS)
problem can refer to New and O'Reilly (1991), Chi et al. (2001), Chakeri
and Ünver (2014), Fang et al. (2017), Yuan et al. (2018), Zhang et al.
(2020), Franza and Marshall (2019), Fang et al. (2023) and so on.

From discussed above, the summary can be drawn. Analytical solu-
tion is accepted in many applications as it provides solution for the case
of ground loss for the incompressible soil (Zhang et al., 2017). But it
tends to underestimate the maximum soil deformation or overestimate
the settlement trough since time-dependent consolidation and creep of
ground are ignored (Chen et al., 2019; Zhang et al., 2017). Meanwhile,
analytical solution adopts many assumptions, for example, the soil ma-
terial is elastic, homogeneous and incompressible. Since GSS is a
nonlinear problem with high dimensional inputs, it is hard to model
strated by Gonzaíez and Sagaseta (2001).
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soil-tunnel interaction by analytical methods. Su et al. (2022) also indi-
cated that analytical methods are difficult to describe the complex
nonlinear relationship between tunnel and the ground settlement due to
its relatively simply form and limited influencing factors. The results
obtained from analytical theories cannot be guaranteed. Thus, it is sug-
gested that analytical solution is applicable to short-term undrained
conditions but fails to be employed when the ground deformation around
tunnel section is small such as rock (Zhang et al., 2017).

2.3. Numerical methods

In response to the increasing computing capability, numerical
methods have been accepted as effective tool for tunnel analysis in com-
plex geometrical conditions. Numerical approaches can overcome some
limitations of empirical and analytical methods. For example, it allows
more input parameters that have influence on the settlement of ground
surface to be considered. Finite element method (FEM) and finite differ-
ence method (FDM) are two widespread numerical methods in tunnel
analysis. Both have been employed to analyse various problems with
tunnels such as tunnel convergence, leakage of tunnel, tunnel excavation
process, tunnel stability and ground subsidence caused by tunnelling. For
example, Zhao et al. (2017) and Huang et al. (2015) employed FEM to
investigate tunnel convergence, while Huang et al. (2017), Zhang et al.
(2021) took advantage of FDM to study tunnel deformation in spatially
variable soil. The simulation of tunnel excavation process is conducted by
many researchers such as Kasper and Meschke (2004), Kasper and
Meschke (2006a), Kasper and Meschke (2006b) and Xie et al. (2016). On
other aspects, Zhang et al. (2021) predicted excavation disturbed zone by
FEM. They used a linear elastic constitutive model to describe the me-
chanical behaviour of rock, while the mechanical properties of soil were
modelled by Mohr-Coulomb elastic-perfectly plastic constitutive model.
Outcomes show that rock content, rock size, rock strength and lateral
pressure coefficient influence the disturbed zone significantly while tun-
nel radius and tunnel depth have small effects.

In terms of GSS due to tunnelling, proposed numerical simulation
methods are gap method, stress reduction method, stiffness reduction
method, contraction method, grouting pressure method and step-by-step
methodmainly. Themain publications in 2021 and 2022 are summarized
in Table 3. As can be revealed, the original study primarily concentrates
on two-dimensional (2D) analyses, overlooking the spatiotemporal ef-
fects associated with tunnelling. It simulates a solitary step without
taking the whole tunnelling procedure into account. For instance, the
stress reduction method is implemented by creating a tunnel that is
initially in equilibrium with the pressure from the surrounding soil mass.
Subsequently, the support pressure is progressively diminished to mimic
the tunnel excavation process. However, this approach neglects crucial
aspects such as the grouting process and face balance of TBM which can
be simulated within a three-dimensional (3D) framework.

Recently, the most popular employed simulation method is full
excavation process method (step-by-step method). A systematic process
for tunnel construction simulation can be briefly outlined as follows: (1)
Establish the initial ground condition and balance the geostatic stresses.
(2) Apply face pressure at the tunnel face and supporting pressure along
the tunnel outline. (3) Simulate TBM excavation by gradually deacti-
vating soil elements inside the tunnel until all soil elements are exca-
vated. (4) Install liner by activating predesigned lining elements.
Concurrently, variations in face pressure can be employed to model the
stoppage of TBM. (5) Activating grouting pressure. (6) Optionally, the
hardening process of the grouting material and the weight of the grout
filling can be simulated in the end. These processes are repeated until the
whole tunnel is constructed. This step-by-step analysis approach permits
soil to undergo vertical displacement freely under the influence of gravity
during tunnelling. The commonly applied constitutive model of soil is
linear elastic with Mohr–Coulomb failure criterion, followed by Cam-
Clay model. When considering time factor, viscous, consolidation and
creep constitutive model of soil should be applied. Underground support
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structures such as liner are always assumed to exhibit elastic behaviour
due to the significantly higher relative strength and Young's modulus of
concrete compared to soil. The elastic deformation of liner caused by the
overburden pressure of soil makes a limited contribution to GSS, thus
rendering it negligible.

The interactions between tunnel and surrounding structures (build-
ing, pile, tunnel, excavation) are investigated further. Potts (1997) ana-
lysed the interaction between building and tunnelling by parametric
study. Mroueh and Shahrour (2003) employed a 3D finite element model
to analyse the tunnelling–adjacent structures interaction. They assumed
soil is elastic Mohr–Coulomb plastic material, the behaviour of nearby
building during tunnel construction was presented. Houhou et al. (2022)
analysed the behaviour of single pile and pile group due to
tunnelling-induced ground movement. It is reported that the results ob-
tained from 2D finite element simulation tends to be conservative, which
means the responses of pile is overestimated (Houhou et al., 2022).
Compared with 3D analysis, applying 2D simulation can simplify
constitutive model and save calculation time. However, 2D analysis re-
quires to consider 3D tunnelling effect as a result of volume loss (Karakus,
2007). In instances where multiple tunnels are being constructed adja-
cently, analysis of GSS caused by a single tunnel is insufficient. Hage
Chehade and Shahrour (2008) studied the influences of relative position
and construction procedure of twin tunnels on GSS using FEM. Based on
modified Cam-Clay soil and elastic liner assumption, Zheng et al. (2022)
also employed FEM to investigate the interaction of overlapping tunnels.
More complex situation was investigated by Chakeri et al. (2011). Stress
distribution, deformations and surface settlements were simulated in the
condition of two tunnels pass beneath one tunnel. Under intricate envi-
ronmental circumstances, (such as multiple adjacent tunnels), empirical
and analytical solutions often falter in accurately predicting GSS. In
contrast, numerical simulation is a highly suitable method for such an-
alyses. However, the efficacy of numerical simulations heavily depends
on the constitutive models adopted.

In summary, numerical method is widely used in geotechnical engi-
neering. It is a theoretically more realistic and rigorous method for
estimating GSS (Zhang et al., 2020). With the ability to consider various
relevant factors, such as nonlinear behaviour of soil, ground heteroge-
neity, underground water level and soil-tunnel interaction, numerical
method is proved to be an effective approach for tunnel analysis. How-
ever, numerical method is criticised by its efficiency as simulationmodels
are time-costing and sensitive to boundary condition (Zhang et al., 2017).
The accuracy of numerical methods depends on the size of mesh and the
selection of failure criterion model. Geotechnical materials often exhibit
nonlinear, inelastic, and time-dependent characteristics. Although many
advanced numerical methods attempt to simulate these complex prop-
erties, fully simulating real-world situations remains a challenge. Iden-
tifying the relevant elements to introduce into numerical model is
another main factor influencing simulation accuracy. The determination
of some parameters of constitutive model may relies on laboratory ex-
periments (Chen et al., 2019). Additionally, the excavation process is
difficult to simulate, and the obtained results sometimes differ from field
measurement and case histories (Pourtaghi and Lotfollahi-Yaghin, 2012).

3. Overview of artificial intelligence methods

Currently, using computer technology to establish prediction models
is a research focus. ML performs well in solving complex mapping
problems and becomes popular in engineering field. The wide applica-
tion of ML in geotechnical engineering provides a new option for ana-
lysing soil and rock behaviours dynamically. Compared with the
traditional empirical formulas and theoretical analysis methods, AI
method can implement many functions with higher accuracy. Those AI
methods, such as Artificial Neural Network (ANN), Decision Tree (DT),
Radom Forest (RF), Support Vector Machine (SVM), Convolutional
Neural Network (CNN), Recurrent Neural Network (RNN), and K-Nearest
Neighbors (KNN), have been successfully employed in tunnel



Table 3
Analysis of tunnelling-induced ground deformation by numerical method between 2021 and 2022.

Simulation Method/Boundary
Condition

Dimension Constitutive Model References Studied Problems

Soil Liner

Gap Method 2D Cam-Clay and MC Elastic Mansour et al. (2021) GSS in Port-Said clay considering effects of grouting pressure and consolidation
Contraction Method 2D MC Elastic Saeed and Uygar (2022) The effect of tunnel geometry and volume loss on the maximum GSS.

Topal andMahmuto�glu (2021) Analysis of GSS induced by tunnelling for Esenler-Basaksehir subway line
Stress Reduction Method 2D Cam-Clay Elastic Tian et al. (2022) GSS due to tunnelling in anisotropic ground

MC Elastic Mojtahedi and Nabizadeh
(2022)

GSS due to twin-tunnel excavation

Stiffness Reduction Method 3D Cam-Clay Elastic Hu et al. (2022) The effect of construction sequence on GSS in case of triple stacked tunnelling
Full Tunnelling Process Simulation 3D MC Elastic He et al. (2021) GSS due to tunnelling in sandy cobble strata
(step-by-step method) Zhong et al. (2021) GSS induced by twin tunnels construction in soil-rock mixed ground

Ahmed et al. (2021) GSS due to tunnelling under existing tunnel
Li et al. (2021) GSS induced by curved shield tunnelling
Chakeri et al. (2021) Influence of annular gap on GSS
Dehghan et al. (2021) Influence of face pressure and grouting pressure on GSS
Ke et al. (2021) Interaction between mechanically driven tunnel construction and surrounding soil
Li et al. (2021) Influence of asymmetric tunnelling construction scheme on GSS
Do Ngoc et al. (2022) GSS induced by twin tunnels construction
Zhang et al. (2022) The effect of grout material properties on GSS, i.e. immediately solidified, quick hardening and good

mobility type.
Deng et al. (2022) GSS caused by tunnelling at curve section
Pirastehfar et al. (2022) GSS due to tunnel excavation that adjacent to existing tunnel
Li et al. (2022) GSS and deformation of existing tunnel induced by overlapped tunnelling
Aswathy et al. (2022) Tunnel geometry and soil elastic modulus on GSS in Young Alluvium Deposit
Zhu et al. (2022) GSS induced by tunnelling in saturated loess stratum
Krishna and Maji (2022) Comparison of empirical, analytical and numerical methods for predicting GSS
Feng et al. (2022) GSS caused by small-radius curved tunnel
Hao et al. (2022) GSS caused by twin-tunnel excavation under existing building

Cam-Clay Elastic Zheng et al. (2022) Soil-tunnel and tunnel-tunnel interactions of overlapping tunnels in soft ground
Hou et al. (2022) GSS caused by multi-line tunnelling with TBM in clay stratum

HS and MC Elastic Vitali et al. (2022) The influence of different construction schemes on GSS and face stability
Ding et al. (2021) GSS due to tunnelling in soil-rock composite strata
Ma et al. (2022) The influence of support pressure on GSS induced by TBM in soft-hard mixed strata
Li et al. (2022) Influence of excavation sequence on GSS

HS Elastic Mu et al. (2021) GSS and lining deformation in different soils
CYsoil Elastic Do et al. (2022) Influence of position and construction procedure of twin stacked tunnels on GSS
CYsoil and MC Elastic Do et al. (2021) The influences of TBM parameters on GSS
Elastic-plastic-viscous model and MC Elastic Miao et al. (2021) Analysis of time-dependent deformation behaviour of soil and GSS

2D MC Elastic Mohammadi and Azad (2021) Purpose of making comparison with other GSS evaluation methods
MC, soft soil model, soft soil creep
model

Elastic Zhu et al. (2022) GSS caused by tunnelling in saturated loess stratum

MC means linear elastic with Mohr–Coulomb failure criterion, Cam-Clay includes original and modified Cam-Clay constitutive model, HS means hardening soil model, CYsoil is defined by a frictional Mohr-Coulomb shear
envelope (zero cohesion) and an elliptic volumetric cap.
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Fig. 4. The tendency of ML in ground movement and tunnel conver-
gence problem.
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engineering in the aspects of penetration rate forecast of tunnel boring
machine (TBM), prediction of cutter life during tunnelling, analysis of
tunnelling-induced GSS and convergence model of tunnel. Fig. 4 shows
the trend of the application of ML in ground movement and tunnel
deformation problem. As can be indicated, the number of published ar-
ticles remains stable from 2002 to 2017 with a sharply increasing ten-
dency in recent five years due to the development of AI technique. ANN is
the most popular MLmethods for GSS evaluation. ANN can automatically
learn and extract useful features from raw data, and it learns by adjusting
the weights of connections between neurons, which enables ANN to
adapt to a wide variety of data structures. RF occupies the second
dominant position. Unlike ANN and SVM, RF do not require input fea-
tures to be scaled. It can handle mixed data types without the require-
ment of extensive preprocessing. GSS is also predicted by many other ML
methods such as SVM, RNN, CNN, KNN etc. In fact, through data pro-
cessing, all ML methods can identify the optimal target based on the
given input. Their effectiveness depends on the nature of problems they
are applied to and their accuracy levels.

3.1. Introduction to different machine learning methods

3.1.1. Artificial Neural Network (ANN)
ANN is a highly parameterized model that similar to the structure of

animal brain. It is able to learn the pattern and find out the non-linear
relationship between input and output variables by training and valida-
tion. An ANN consists of a set of simple information processing elements
called neurons. As foundational units, these neurons help to carry the
message from one cell to another cell. The arrangement of them
Fig. 5. The structure of Artificial Neural Network (ANN).
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determines the architecture of ANN (Mahdevari et al., 2012).
Fig. 5 illustrates the processing principle of ANN model. As can be

seen, there are three layers in the ANN structure, including input layer,
output layer and hidden layers. Every input has its individual weight.
Each incoming signal (xi) from previous layer is multiplied by an asso-
ciated weight coefficient (wij). Then a summation function is applied and
a bias (bj) is added. This process is repeated for each layer until the final
output is produced. Mathematically, the formula of output of each node
is expressed as follows:

yj ¼
Xn
i¼1

wij ⋅ xi þ bj (14)

Where yj are outputs, wij are weights, xi are inputs and bj are bias.
For the hidden layers, it bridges inputs to outputs through non-linear

transformation with linear combinations (Zhao et al., 2023). The simu-
lation ability of ANN depends on the numbers of hidden layers mainly
(Zhao et al., 2023). Each neuron output is regarded as input to next layer
neurons. The commonly used activation function includes sigmoid, lo-
gistic, hyperbolic tangent (tanh) and rectified linear unit (ReLu) functions.
The essence of ANN training is tuning weights through iterations until the
error between the predicted values and real measurements is minimized.
It means ANN can be iteratively trained many times to reduce the
imperfection of the outputs (Armaghani et al., 2023). One challenge of
ANN is that it has slow learning rate andmay get trapped in local minima.

3.1.2. Decision trees (DT) and random forest (RF)
DT can be used for solving both regression and classification prob-

lems. The characteristic of DT is tree-like structure (Navada et al., 2011;
Quinlan, 1990). As shown in Fig. 6, it contains root node, interior nodes
as well as leaf nodes (Swain and Hauska, 1977). The root node and
interior nodes are referred as nonterminal nodes, which are linked to
decision stages; the leaf nodes represent final classifications (Navada
et al., 2011; Podgorelec et al., 2002; Swain and Hauska, 1977). When a
data point falls in a partitioned region, the decision tree classifies it as
belonging to the most frequent class in that region (Kotsiantis, 2013).
According to Kingsford and Salzberg (2008), DT is more interpretable
than other classifiers such as SVM sometimes, because it combines
straightforward questions in an understandable way. In addition, it can
handle items with some missing features (Kingsford and Salzberg, 2008).

However, this algorithm is often suffered from the disadvantage of
excessive complexity. And small variation of input data can lead to large
changes in the construction of the tree (Kingsford and Salzberg, 2008;
Kotsiantis, 2013). Some improvements have been proposed to optimize
the performance of DT. For example, multiple DTs can be combined to
reach a single output which is called Radom Forest (RF). RF can over-
come the issue of overfitting effectively. It also increases the data volume
that can be addressed. In classification problems, the output of RF is the
Fig. 6. The structure of Decision Tree (DT).



Fig. 7. An illustration of Support Vector Machine (SVM).
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class selected by the majority of the DTs, while in regression tasks, the
average predicted value of each DT is returned as the result of RF. Some
other methods such as AdaBoost, XGBoost and Gradient Boost are sug-
gested to cooperatively employed with RF. The principle of these
boosting methods is combining a set of weak learners into a strong
learner to minimize training errors and improve prediction accuracy.
Although RF may lose the intrinsic interpretability of decision trees and
might predict extreme values in continuous variables inaccurately, it
presents better results in general.

3.1.3. Support Vector Machine (SVM) and support vector regression (SVR)
SVM is a supervised learning algorithm which can be used to deal

with various classification and regression problems (Afradi et al., 2019;
Meharie and Shaik, 2020). SVM seeks to maximize the margin between
two classes, forming a hyperplane in the centre of the utmost margin
(Akbarzadeh et al., 2022). The hyperplane is a decision boundary to
classify the samples, and its location depends on the closest data points to
the hyperplane (Zhao et al., 2023). This means the formed hyperplane
ensures that the distance between it and the nearest data point of each
class is maximized (see Fig. 7). The determination of hyperplane in 3D
space can be accomplished by converting the data space with a set of
mathematical functions known as kernels, including Gaussian, sigmoid,
radical basis function and so on. To choose the appropriate kernel
function and achieve a better performance of SVM, usually several trials
have to be carried out (Zhao et al., 2023).

As SVM refers to both classification and regression methods, the term
support vector regression (SVR) is applied for regression specially. SVR is
Fig. 8. An illustration of Support Vector Regression (SVR).
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an important branch of SVM. SVM tries to maximize the ‘distance’ to the
nearest sample point of the hyperplane while SVR aims to minimize the
‘distance’ to the farthest sample point of the hyperplane. In addition, SVR
adopts SVM to solve the problem of function approximation and
regression estimation by introducing an alternative loss function (Mah-
devari et al., 2012). In SVR, the main objective is finding the function
that has the lowest deviation between the actual values and the predicted
values, as shown in Fig. 8. As long as the deviation is less than ε, there is
no penalty applied. However, the penalty function would be employed if
the deviation is larger than ε.

SVM takes long training time for large data sets, therefore, it is not
suitable for large datasets with many features. Furthermore, SVM is
sensitive to the choice of parameters such as the regularization parameter
and it is not easy to choose an appropriate kernel function.

3.1.4. Recurrent Neural Network (RNN)
RNN uses sequential data or time series data. It allows previous out-

puts to be used as inputs while having hidden states (Sherstinsky, 2020).
As traditional neural networks cannot remember previous context, RNN
is developed for handling temporal features especially. It is gradually
occupying an important position in the field of image classification. As
shown in Fig. 9, the characteristic of RNN is a loop structure. The mes-
sage is delivered from one cell to the next in the hidden layer. RNN uses
back propagation to update the weights of neurons. During forward
propagation, the inputs move forward and pass through each layer to
calculate output state. In back propagation, the message goes back and
change the weights of neurons to make it learn better. Multiple RNN
layers can be stacked to build deeper RNN, which can achieve better
modelling capabilities. However, as the message is back propagated to
lower layers, gradient often gets smaller, and eventually, the weights
would remain unchanged at lower layers. This is the issue commonly
suffered by RNN called gradient vanishing (Fei and Tan, 2018). RNN
does not work effectively for learning long-term patterns and construct-
ing deep network due to the gradient vanishing and exploding problems.

For each timestep, the activation a<t> and the output y<t> are
expressed as follows:

a<t> ¼ g1
�
Waaa<t�1> þWaxx<t> þ ba

�

y<t> ¼ g2
�
Wyaa<t> þ by

�
(15)

Where Waa;Wax;Wya; ba; ba are coefficients that are shared temporally
and g1; g2 are activation functions.
Fig. 9. The structure of Recurrent Neural Network (RNN).



Fig. 10. The structure of Convolutional Neural Network (CNN).
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3.1.5. Convolutional Neural Network (CNN)
CNN is a type of feed-forward artificial network. The main advantage

of CNN is that it does not require human supervision for identifying
important features and is relatively accurate at image recognition and
classification. Typical CNN consists of several layers including input,
convolutional, activation, pooling, dropout and output layers (see
Fig. 10). These layers are mutually connected like neurons in a biological
brain. The role of convolutional layer is recognizing features. An
important element that constitutes the convolutional layer is the filter
(Wang et al., 2021). Generally, there are more than one filter involved in
a convolutional layer. Each convolutional filter of CNN slides across the
input matrix with a definite stride (Chen et al., 2021). The convolutional
filter and the stride size determine output size. The activation layer plays
the role of increasing the nonlinearity of the convolution output. Chen
et al. (2021) suggest implementing Rectified-Linear-Unit (ReLU) as
activation function in CNN to get the reasonable gradient. For pooling
layer, it can simplify the complexity of the network. This means pooling
layer aims to compress the features of input, while reducing the number
of parameters and dimensions of upper layers. A convolutional layer is
often followed by a pooling layer, as convolutional layer produces mul-
tiple input matrices for the pooling layer (Wang et al., 2021). There are
two pooling methods primarily: max pooling and average pooling. Their
values are calculated by the maximum or mean operators, respectively.
Both summarize the most activated and average presence of the input
feature (Zhang et al., 2021). In terms of dropout layer, it can isolate the
connections among different nodes randomly, as a result, achieves the
goal of preventing overfitting problem.

Deep CNN models require a sizable volume of data to obtain good
Fig. 11. The expression of K-Nearest Neighbors (KNN).
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performance, which means the associated challenge of CNN is the lack of
training data. In addition, due to the large number of parameters
involved and complicated relationships in deep learning in CNN, the
possibility of overfitting during the training phase is very high (Xu et al.,
2019).

3.1.6. K-nearest neighbors (KNN)
KNN is a nonparametric, supervised learning classifier that uses

proximity to classify or predict groups of individual data points. Based on
the principle of local minimum of the target function, it aims to learn an
unknown function of desired precision and accuracy. The core principle
of KNN is predicting the label of a data point by the majority rule (see
Fig. 11). It means the class of a data point is predicted by the dominant
classes of its K most similar training data points (Zhang et al., 2017). KNN
first selects K nearest training samples for a test sample, and then predicts
the test sample with the major class among K nearest training samples
(Deng et al., 2016).

There are twomain issues of KNN required to be solved, which are the
similarity measurement between two data points and the selection of K
values, separately (Zhang et al., 2017). The value of K is regarded as an
important and sensitive parameter for KNN. A small K value may lead to
overfitting of KNN, while a large K may contribute to underfitting. In
classification problem, KNN chooses the K value by setting a fixed con-
stant for all data or performing cross-validation to estimate the value of K
for each data point (Zhang et al., 2017). In regression problems, the
output of KNN is the average values of the K nearest samples (Mah-
moodzadeh et al., 2022).
3.2. Performance evaluation metrics in machine learning

ML methods are regarded as ‘black-box’ techniques since the internal
prediction steps cannot be elucidated. Therefore, evaluation of machine
learning performance is necessary. Performance analysis aims to display
the validity and assess the accuracy of the established prediction models.
Some reference parameters have been recommended to demonstrate the
correspondence between predicted values and actual values. The evalu-
ation metrics that have been commonly employed include the coefficient
of determination (R2), mean absolute error (MAE), mean absolute per-
centage error (MAPE), mean square error (MSE), root mean square error
(RMSE) as well as variance account for (VAF). R2 reflects the fitting level
of the established model while MAE, MAPE, MSE, RMSE and VAF
describe the differences between the predictions and measurements. In
such case, MAE, MAPE, MSE, RMSE and VAF are also known as error
parameters. Furthermore, in order to reveal the correlations between
inputs and outputs clearly, Pearson correlation coefficient (R) is
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proposed.

3.2.1. Pearson correlation coefficient (R)
The correlation between the measured and predicted data can be

investigated by Pearson index (Chen et al., 2019; Zhang et al., 2020). It is
a linear relationship fitting method. The expression of Pearson correla-
tion coefficient (R) is shown in Equation (16). The number of R is in the
range�1 to 1 that measures the strength and direction of the relationship
between input and output variables.

R¼
n
Pn
i¼1

xiyi �
Pn
i¼1

xi
Pn
i¼1

yiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

xi2 �
�Pn

i¼1
xi

�2
s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1
yi2 �

�Pn
i¼1

yi

�2
s (16)

Where xi is the value of input variable, yi is the value of output variable, n
means the total number of events considered.

3.2.2. Coefficient of determination (R2)
Coefficient of Determination (R2) is frequently employed to quantify

the comparability between predicted and observed values. It represents
the proportion of the variance in the dependent variable, which means it
can reflect the overall fit of the established model. The formula of R2 is
expressed as Equation (17). Where yi represents the ith measured value,
y*i means the ith predicted value, and y is the mean value of the measured
values. R2 will increase with the improvement of model performance.
This means if the predicted values accurately match the observed value,
R2 would close to 1.

R2¼ 1�
Pn
i¼1

�
yi � y*i

�2
Pn
i¼1

ðyi � yÞ2
(17)

3.2.3. Variance account for (VAF)
Variance accounted for (VAF) is a measurement used in statistics and

data analysis to evaluate how well a regression model can predict the
outcome variables. Based on percentage, it is calculated as the proportion
of variance in the dependent variable as shown in Equation (18). The
perfect value for VAF is 100% for a model with R2 ¼ 1 and RMSE ¼ 0.

VAF¼


1� var

�
yi � y*i

�
varðyiÞ

�
�100% (18)

3.2.4. Mean square error (MSE)
Mean square error (MSE) represents the deviation of the predicted

results from the measured results. It is calculated by the average of the
squares of the differences between the predicted and measured values.
The definition of MSE is shown in Equation (19). As can be seen, this
parameter is a non-negative value. With the improving of model per-
formance, the value of MSE decreases.

MSE¼ 1
n

Xn
i¼1

�
yi � y*i

�2
(19)

3.2.5. Root mean square error (RMSE)
Root mean square error (RMSE) declares the standard deviation of

predicted results to the measured results (Equation (20)). It has the same
tendency with MSE that with the improving performance of model RMSE
value reduces. RMSE is better than MSE when the output values have
different dimension, since RMSE maintains the same dimension as the
output values.

RMSE¼
ffiffiffiffiffiffiffiffiffiffi
MSE

p
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

ðyi � y*i Þ2
s

(20)
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3.2.6. Mean absolute error (MAE)
Mean absolute error (MAE) reflects the mean magnitude of the errors.

As can be indicated in Equations (20) and (21), RMSE and MAE have the
same dimension. Since RMSE calculates errors by squaring, the obtained
value of RMSE is larger than that of MAE generally. Additionally,
different with RMSE, MAE is proportional to the absolute value of the
error. Without considering the directions, each error influences MAE in
proportion to its magnitude.

MAE¼ 1
n

Xn
i¼1

��y*i � yi
�� (21)

3.2.7. Mean absolute percentage error (MAPE)
Mean absolute percentage error (MAPE) is one of the widely used

error evaluation metrics, which calculates errors between the predictions
and the measurements and shows them in percentage expression
(Equation (22)). As a dimensionless evaluation metrics, MAPE can
compare the performance of different models on different datasets
frankly. However, MAPE is not suitable for the situation when the
measured values are very small even close to zero. The reason is MAPE
would tend to infinity in that case.

MAPE¼ 100%
n

Xn
i¼1

����y*i � yi
yi

���� (22)

3.3. Machine learning performance optimization techniques

3.3.1. Data preprocessing
The quality of ML models is significantly impacted by the nature of

input data. Applying preprocessing steps such as data standardization
and normalization can scale the features of data to make them have
similar scales. Data interpolation can fill in missing or incomplete in-
formation while data extraction can distil essential characteristics from
complex datasets. Moreover, identifying and managing outliers contrib-
utes to the stability of ML models, and denoising techniques can help in
reducing irrelevant fluctuations in datasets. Common feature selection
methods include principal component analysis and correlation analysis
mainly. Principal component analysis serves for dimensionality reduc-
tion. While identifying the principal components that have the greatest
impact on the target variable, its primary objective is retaining the most
critical information and minimizing the dimensions of data. Correlation
analysis, on the other hand, focuses on identifying and eliminating highly
correlated or redundant features in dataset. Removing these features can
simplify ML model and improve its accuracy, as highly correlated fea-
tures may lead to overfitting. It is notable that the effectiveness of pre-
processing and feature selection techniques may vary across different ML
models. For instance, tree-based models might be less sensitive to the
scale of features, while SVM and ANN might require meticulous data
normalization due to their sensitivity to the scaling and distribution of
input data.

3.3.2. Generalization enhancement
Regularization and ensembling are two important techniques that can

enhance the performance of ML models. Regularization prevents over-
fitting by adding a penalty term to the weight parameters of ML model,
thereby improving its generalization. For example, dropout plays an
important role in deep learning models, as it helps prevent overfitting by
randomly dropping out a fraction of neurons during each training step.
On the other hand, ensembling methods like RF can improve model
performance by aggregating predictions from multiple weak learners,
which reduces error rates on new data and enhances generalization ca-
pabilities. Furthermore, early stopping is a universal strategy used to
minimize overfitting across all types of ML models. It continuously
monitors the performance of the model on the validation set during the
training process. Once it is detected that this performance is starting to
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drop, training will be terminated early to avoid the model from over-
fitting. Cross-validation and bootstrapping are two techniques used to
assess the generalization ability of MLmodels. Cross-validation partitions
the original dataset into multiple subsets, using one as the validation set
and the remainder for training. This cycle is repeated with different
subsets to provide a more generalized and robust evaluation. In contrast,
bootstrapping involves random sampling with replacement from the
original dataset to generate multiple resampled sets for training and
evaluation. These two methods identify potential issues of overfitting or
underfitting, improving the reliability of ML models.
3.4. The application of different machine learning methods in predicting
ground settlement

VOSviewer program was employed for generating keyword distri-
bution and the relationship among them. Fig. 12 shows the distribution
of keywords in the application of ML for predicting GSS. The size of each
circle corresponds to the frequency of keyword occurrences, which
means a larger circle represents a higher frequency. The thickness of the
lines signifies the strength of the relationship between keywords. A
thicker line denotes a more significant relationship, while a thinner line
indicates a weaker association between two points. As can be seen, the
keyword with the highest occurrence frequency is ‘ground settlement’,
which is primarily represented by terms such as surface settlement,
ground movements, ground deformations and subsidence. The keywords
with the second highest frequency are 'tunnels' and ‘forecasting’, which
are associated with terms like tunnelling, shield tunnelling, tunnel
Fig. 12. Keywords network of tunnell
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excavation, TBM, prediction and so on. Compared with rock and other
ground condition, shallow tunnelling in soft clay environment has gained
significant attention. Interrelationships among ground settlement, tun-
nels, soils, foresting and machine learning are stronger than other key-
words. Limited connection linked between some keywords such as
railway construction, retaining wall and soft rock.

As different researchers employ different factors for analysing GSS
problem, the number of parameters is huge and diverse. Such a large
number of inputs with various considerations makes it challengeable to
grasp the important information. Those inputs can be briefly grouped.
For example, five catalogues of influence factors are suggested as follows
for the prediction of GSS: tunnel geometry, geotechnical parameters,
TBM operations parameters, hydraulic factor and others. Detailed in-
formation can be found in Appendix A. Also, some convertible parame-
ters have been restructured to match a general expression. For example,
unit weight and density of soil can be used interchangeably, which is
expressed by soil density uniformly. Tunnel depth below water table and
water level can be summarized by water table. Cover-span ratio is simply
represented by cover and tunnel diameter, separately. Advance rate and
penetration rate of a TBM share the same unit, both signifying the speed
at which the machine moves forward. They are represented with exca-
vation speed (ES) in this paper.

Since tunnel may pass through stratum with different soil layers, ‘soil
types’ represents the variation of ground materials such as soil type and
rock composition around tunnel (crown, invert, face). While most soil
parameters are sourced from laboratory test and in-situ measurements,
only a limited number of authors utilize average values of all soil layers as
ing-induced GSS by ML methods.
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the inputs. When the dataset is relatively small and insufficient, average
values for soil parameters are typically adopted as a workaround.

Fig. 13 displays the frequency of variables employed for GSS pre-
diction (such as service as input in ML). A larger word indicates a higher
frequency of use. For soil features, friction angle and cohesion are
considered as the most important factors influencing tunnel and ground
deformation (see Fig. 13). Both can be evaluated from laboratory tests or
in-situ SPT tests. These two parameters characterize the strength and
stability of soil and soil resistance to disturbance. Soil density, Young's
modulus and Poisson's ratio are obtained from laboratory tests primarily.
Uniaxial compressive strength tests (UCS), dynamic penetration tests
(DPT) and standard penetration tests (SPT) are commonly employed to
obtain soil and rock properties in site. Among them, SPT is used most
frequently. The data from these three tests can be applied for ML, elim-
inating the need for additional laboratory tests.

As can be summarized in Fig. 13, the most used TBM operation
parameter is excavation speed, followed by face pressure, thrust and
torque. Grouting pressure and grouting filling volume are also regarded
as important factors influencing GSS as they determine the filling status
of the gap between tail and liner. Operation of TBM induces soil volume
loss inevitably, which subsequently triggering deformation of tunnel
profile and consequential ground displacement. Excavation speed and
face pressure have been regarded as two critical factors associated with
GSS. During tunnelling process, if excavation speed of TBM is high while
the chamber pressure is low, the rate at which soil is expelled would
exceed the rate of replenishment, leading to an imbalance. As a result,
GSS may occur. On the other hand, if the excavation speed is slow but the
face pressure remains high, it can trigger ground heaving due to the
excess pressure exerted on the surrounding soil. Other researchers also
incorporate additional parameters in their unique studies such as devi-
ation, pitching angle and stoppage of TBM. While those unique param-
eters can have a certain degree of influence in specific projects, their
overall contribution tends to be less significant when compared to the
commonly recognized factors.
Fig. 13. Influencing factors of GSS caused by tunnelling. (a) geotechnical parame
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In terms of tunnel geometry, tunnel depth is a critical factor, espe-
cially in research studies focusing on tunnels with a consistent diameter.
While some researchers utilize cover depth instead of tunnel depth, these
two parameters are interchangeable. In addition, common considerations
often include the water table and the thickness of soil layers. Sometimes
considerations can extend to distance form tunnel face and settlement
markers and rock layer thickness. For other associated factors, the time
factor due to creep and consolidation of soil is the most frequently factor.
Surface load and construction method are sometimes taken into account.

Fig. 14 shows the distribution of ML applications in predicting GSS
within past ten years. It illustrates that ANN is the most popular approach
for GSS analysis, followed by RF and SVM. RNN takes the fourth place.
Adaptive Neuro-Fuzzy Inference System (ANFIS), Multivariate Regres-
sion (MR), Gaussian Processes (GP), KNN, CNN and other ML methods
collectively account for only 14% of the methods applied. This discrep-
ancy can be attributed to the considerations of both accuracy and
computational efficiency. The algorithms and internal structures of ANN
and RF are more complex than simple ML methods such as KNN. Owing
to their strong performance and well-established reliability in managing
intricate and diverse data, ANN and RF are frequently chosen for pre-
dicting GSS. While SVM was a research point for GSS estimation a few
years ago, deep learning models such as CNN have demonstrated their
effectiveness and emerged as powerful tools for evaluating GSS recently.
Compared with other methods, the application scope of KNN is
restricted. Only two of 103 statistical articles apply KNN. Formore details
regarding the application of ML in GSS prediction, the statistical main
outcomes from the past decade can be found in Appendix A.

4. Discussion

4.1. Ground surface settlement in different tunnel construction stages

The process of GSS is long lasting, which may take decades to reach a
stabilisation (Shen et al., 2014). It happens from the beginning of tunnel
ters (b) TBM operation parameters (c) tunnel geometry and (d) other factors.
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excavation and keeps developing after tunnel construction is completed.
Analysis of GSS is challenging as there are a lot of factors that impact GSS.
Generally, the influencing factors can be categorized into tunnel geom-
etry, geotechnical parameters, and TBM excavation operations. For
long-term settlement prediction, ground properties and tunnel geometry
are predominantly influential, whereas construction methods tend to be
the key determinants for short-term GSS analysis.

During tunnelling process, the natural stress state of ground is
disturbed, leading to potential surface subsidence. Initially, a relatively
stable stress equilibrium exists within the ground, maintained primarily
by soil weight and groundwater. The weight of soil induces vertical
stress, increasing progressively with depth. Groundwater creates pore
water pressure, affecting soil stability and altering its physical and
chemical properties. Tunnel excavation disrupts this original state of
stress balance, causing stress redistribution and various ground issues
such as deformation, cracking and changes in groundwater level. These
changes can consequently lead to GSS. For example, the fluctuation of
groundwater level contributes to consolidation and creep of soil, further
exacerbating GSS issues (Shen et al., 2014). Tunnel construction method
also has significant impacts on GSS. For instance, when using a TBM, the
tail void (space between cutter head and lining segment) needs to be
carefully managed. Grouting is an effective technique to fill the tail void
and mitigate GSS. For optimal results, grouting pressure needs to be
controlled and calibrated to ensure sufficient filling and compaction,
avoiding causing excessive stress on the surrounding soil. Also, the
grouting material should possess sufficient flowability to adequately fill
the void. Other properties of grouting material such as viscosity, strength
and consolidation time should be tailored to suit individual ground
conditions. Face pressure of TBM is another important factor influencing
transverse and longitudinal GSS. As mentioned before, the excavation
speed (advance rate or penetration rate) should keep balance with cut-
tings transport speed to avoid heaving or subsidence of ground surface in
longitude direction.

The completion of a tunnel construction project does not signify the
end of GSS. Post-construction factors can continue to influence GSS, with
the gravitational force of liner and changes in underground water level
being prime contributors. The gravity of liner can result in soil consoli-
dation, potentially contributing to GSS. Magnitude of this effect is
influenced by the weight and material of the liner, as well as the depth
and size of tunnel. Heavy rain, drainage and potential leakage of liner
present risk on GSS in many aspects (Shen et al., 2014). For example,
intense or prolonged periods of rainfall can lead to an increase in
groundwater levels, which can exert additional pressure on soil and
tunnel structure. The saturation of soil due to heavy rain can also reduce
Fig. 14. Percentage of different ML methods in GSS problem within past
ten years.
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its shear strength, making it more susceptible to deformation and set-
tlement. Wu et al. (2015) proposed that the shear stiffness between rings
can also contribute to GSS from long-term of view. Thus, it is important to
maintain supervision and monitoring of GSS after tunnel construction is
completed.

4.2. Discussion of different tunnelling-induced ground displacement
evaluation methods

According to Web of Science and Scopus, a total number of 677 ar-
ticles that published between 2013 and 2022 were reviewed. The key-
words for literature searching include ‘tunnel’, ‘tunnelling’, ‘ground
surface’, ‘ground movement’, ‘deformation’, ‘displacement’, ‘settlement’,
‘empirical’, ‘analytical’, ‘numerical’, ‘FEM’, ‘FDM’, ‘artificial intelli-
gence’, ‘machine learning’, ‘neutral network’, ‘soft computing’, ‘deep
learning’, ‘AI’, and ‘ML’. There were 103 articles explored the application
of ML in tunnel stability, tunnel deformation and ground movement
problem. In the same period, 51 articles utilised empirical methods, 86
delved into analytical methods, and a notable 437 articles employed
numerical approach statistically.

As shown in Fig. 15, numerical method holds the predominant share
(65%) among the four methods utilised for ground and tunnel defor-
mation analysis. Some computer simulation software such as ABAQUS,
PLAXIS and FLAC3D has been developed to simplify the process of ma-
terial property definition, model simulation and computational activities.
These software packages enable fairly estimation of GSS prediction. The
key constraint faced by numerical method is computational cost (see
Table 4). The computational demands can be substantial, particularly for
complex geological conditions. This limitation can sometimes make nu-
merical methods less feasible for real-time and rapid assessments.
Empirical method occupies the smallest percentage which is 8%. The
empirical formulas are developed in early stage based on engineering
experience and site observation, which means the application range and
considered parameters are limited. In addition, AI method takes the
second place, followed by analytical method (see Fig. 15). Since analyt-
ical method is relatively more accurate and has wider scope of applica-
tion than empirical method, it is adopted as an effective method to deal
with GSS problem. As a developing approach, AI offers a new direction
for analysing GSS problem accurately. By leveraging complex algorithms
and data-driven learning, AI techniques are becoming increasingly adept
at evaluating the intricate variables that contribute to GSS.

Compared with long-time supervision of GSS in site, laboratory
experiment is time-efficiency. The interaction between tunnel and
nearby structures can be modelled easily (Loganathan et al., 2000). And
different materials and construction methods can be tested and compared
in laboratory. However, laboratory test cannot reflect the in-situ behav-
iour of ground and tunnel due to size effect. On the one hand, the me-
chanical properties of soil or rock in the laboratory may not exactly
match those in the field. The grain size of soil relative to tunnel diameter
is a significant factor. In a small-scale model, the relative size of the soil
particles may be larger compared to the tunnel diameter, affecting the
interaction between soil and tunnel (Idinger et al., 2011). On the other
hand, the test apparatus introduces boundary effects that can signifi-
cantly influence the results of laboratory experiment. For example, the
container walls restrict lateral movement of soil, potentially leading to
stress concentration near the boundaries. The confinement of the sample
within the apparatus walls can restrict the natural deformation behaviour
of the soil, while introducing friction. This friction can influence the
shearing behaviour of soil. In tunnelling scenarios, boundary condition
effects can turn into inaccurate descriptions of how the ground settles.
The size and shape of the test apparatus play an important role in how
significantly boundary effects influence test results. Smaller containers
may exhibit more pronounced boundary effects. Normally, laboratory
experiment is validated by numerical simulation or established formulas.

ML gains popularity in recent years in geotechnics due to its powerful
capabilities and versatile adaptability. Some improved algorithms are



Fig. 15. The percentage of different methods on tunnel and ground deformation
analysis from 2013 to 2022.
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proposed to optimize the selection of hyperparameters of traditional al-
gorithm, such as particle swarm optimization (PSO), imperialist
competitive algorithm (ICA) and whale optimization algorithm (WOA).
Those studies achieve an outstanding GSS prediction in special tunnel
projects. PSO is inspired by the intricate social behaviors observed in bird
flocking or fish schooling (Hajihassani et al., 2018; Li et al., 2014).
Within PSO, a swarm of particles navigates through the search space,
collaboratively working to pinpoint the optimal solution. ICA draws its
inspiration from the concept of imperialistic competition, wherein na-
tions are categorized into colonies and imperialists, with the imperialists
vying to assert dominance and acquire colonies (Hosseini and Al Khaled,
2014). WOA is based on the bubble-net hunting strategy employed by
humpback whales (Deng et al., 2023). In this algorithm, agents mimic the
sophisticated hunting patterns and strategies of whales to optimize the
search process. Their advantages and limitations are briefly summarized
in Table 5.
4.3. Challenges of machine learning in ground surface settlement prediction

ML faces some challenges in the realm of tunnel-induced GSS
Table 4
Advantages and limitations of methods for predicting tunnelling-induced ground sett

Category Advantages

Empirical
Method

1. Easy to understand and implement
2. Provide quick approximations
3. Useful to make comparison with other methods
4. Provide initial idea for estimating GSS

Analytical
Method

1. Relatively simple formulas
2. Cover both horizontal and vertical displacements
3. Relationship between affecting parameters could be understood.

Numerical
Method

1. Achieve graphic visualization
2. Can simulate tunnelling process
3. Highly adaptation to various ground conditions and solve complex p
4. Take more parameters and soil-tunnel interaction into consideration

AI Method 1. No need prior knowledge
2. High accuracy
3. Capable of capturing multiple factors and complex interactions amon
4. Can process various types and structures of data, including geologica

TBM parameters, etc.

162
prediction (see Table 4). A primary issue is generalization. ML model
might excel in forecasting ground surface shifts for a tunnel project under
specific geological conditions, its adaptability to diverse situations is
often limited. This restricted scope implies that each ML model can
usually only analyse a particular tunnel project, but no model has yet
demonstrated universal applicability. In other words, although a ML
model may perform well on a specific task, its ability to generalise to
different tasks still needs to be improved. Another hurdle is the opacity of
ML algorithms. Deep learning models, for example, are exceptionally
powerful but suffer from a “black box” problem that makes them difficult
to interpret. This becomes problematic when understanding that
different datasets and their structures can have significant impacts on
model prediction. The measured datasets for GSS are often insufficient
due to the spatial-temporal variability of GSS problem. On the one hand,
since ground properties change above tunnel as well as at tunnel face,
GSS varies both longitudinally and transversely along tunnel. On the
other hand, each point above tunnel may experience different movement
with time, which means subsidence of ground surface does not vary
uniformly over time. As a result, the actual ground movement datasets
are difficult to be gathered. The quality and availability of input data also
constrainsMLmodel performance, especially when noise, missing values,
and bias are prevalent, which introduces another layer of complexity
(Suwansawat and Einstein, 2006).

In addition, the range of considered input variables varies widely
across studies, contributing to a complicated and fragmented research
landscape. For instance, some researchers such as Ahangari et al. (2015),
Zhou et al. (2016) as well as Ghiasi and Koushki (2020) emphasise the
significance of tunnel depth and diameter, integrating these parameters
with selected soil properties to analyse GSS. By not accounting for tunnel
constructionmethod and employing an incomplete set of soil parameters,
these studies inadvertently limit the comprehensiveness of their analysis.
Some other researchers argued for the importance of other factors like
groundwater levels and tunnel construction methods. The performances
of TBM and grouting operations are regarded as essential factors for
ground movement. For example, penetration rate, advance rate, exca-
vation speed, torque, thrust, chamber pressure, grouting filling volume
and grouting pressure are commonly included under consideration.
However, some of them take limited consideration of soil characteristics
such as Wang et al. (2013), Bouayad and Emeriault (2017), Goh et al.
(2018), Kannangara et al. (2022), Cheng et al. (2022, 2023), while some
others take simplified parameters to represent soil properties such as
lements.

Limitations

1. Few factors are considered
2. Results are not highly accurate
3. Limited applicability to different and complex underground

conditions
4. Ignore the influence of different tunnel construction techniques

and 3D effects
5. Cannot predict horizontal displacement

1. Employing simplified assumptions
2. Only applicable for specific types of ground conditions
3. Time-dependent consolidation and creep of ground are ignored

roblems

1. Time-costing
2. Sensitive to boundary condition
3. Hard to verify and validate results
4. Accuracy highly depends on constitutive model of soil

g them
l information,

1. Quality relies on data heavily
2. High computational cost
3. Complicated algorithm and poor interpretability
4. Poor generalization to different ground conditions and

construction techniques



Table 5
The advantages and disadvantages of PSO, ICA andWOA optimization algorithm.

Algorithm Advantages Limitations

PSO 1. Fast convergent
2. Simple algorithm and easy to

understand
3. Promising performance on

nonlinear function optimization

1. Easy to fall into local
optimum

2. Premature and
divergence issue

ICA 1. Good convergence rate
2. Flexibility, robustness and

scalability
3. Powerful in handling large number

of decision variables

1. Premature convergence
issue

2. Many parameters tuning
required

3. Lacks theoretical
convergent properties

WOA 1. Low computational cost
2. Small number of predetermined

parameters
3. Can avoid local optima and get a

globally optimal solution

1. Slow convergence speed
2. Falls into local optimal

value easily
3. Low precision

Table 6
Suggestions for laboratory tests, numerical and artificial intelligence methods.

Category Recommendations

Laboratory Experiment 1. Appropriate scale modelling
2. Careful selection of experimental geotechnical

materials
3. Calibration of measurement tool
4. Consider multiple factors to model actual field

conditions
5. Validation of results

Numerical Method 1. Establish detailed geological condition
2. Appropriate selection of soil and rock constitutive

models
3. Account for sensitivity analysis (influence of different

parameters)
4. Validation of results

AI Method 1. Qualified input data
2. Use optimization and generalization techniques
3. Employ more advanced algorithms
4. Combined with numerical methods
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Zhang (2019), Chen et al. (2019), Zhang et al. (2020), Tang and Na
(2021), Feng and Zhang (2022) and Liu et al. (2022). They concentrated
on GSS caused by TBM performance but neglected the influence of soil
properties on GSS in a certain degree. Given the diversity of perspectives,
it is evident that there is no consensus on which factors are most pivotal
for inclusion in GSS analysis models. A holistic model that can adequately
represent the multifaceted influences on GSS is lacking.

4.4. Recommendations and future work

Take several parameters to represent ground condition is not
adequate. The author suggests employing more soil parameters in
conjunction with in-situ tests to indicate soil behaviours accurately.
Laboratory tests of soil properties should involve Young's modulus,
Poisson's ratio, cohesion, friction angle, unit weight etc. Meanwhile, in-
situ assessments should encompass SPT, DPT and UCS, as they reflect
different features of geotechnical materials. In some cases, like highly
expansive clay, the permeability, expansion coefficient and moisture
content should be considered as well. For tunnel geometry, the tunnel
depth, tunnel diameter and groundwater level are three important factors
that need to be considered. For cases where nearby buildings exist, more
parameters such as the distance from the building to tunnel centreline
should be included. There are many parameters regarding TBM perfor-
mance that can be taken into consideration, including torque, thrust,
penetration rate, face pressure, grouting filling volume and grouting
pressure. Other parameters like advance rate, rotation speed and specific
energy can be calculated and converted through the front primary pa-
rameters. Furthermore, some occasional dynamic factors such as the
temporarily increasing of ground water level due to heavy raining,
additional loading on the ground and repeated vibration should also be
included in some situations. Although some other parameters such as
temperature change may affect soil behaviour and influence tunnel
convergence further, these can be omitted due to their small
contributions.

Considering the difficulties and costs associated with gathering field
data for GSS, computer simulations can provide a complementary source
of high-quality, controlled data to train and validate ML models. This
synergy could result in more robust and accurate models, as simulations
can replicate a wide range of tunnelling and geological conditions that
are challenging to capture in field data alone. The ML algorithms could
also be designed to become more adaptive, learning in real-time from
new data as a tunnelling project progress. This would enable dynamic
updating of predictions, thereby offering more timely and accurate
guidance for construction and mitigation efforts. Additionally, the
development of transparent interpretable ML models is necessary, which
could aid in identifying the most influential factors in GSS, thereby
guiding both the engineering practices and policy decisions. Another
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avenue for research is to focus on optimising the trade-offs between
model complexity and computational efficiency. Having an ML model
that can deliver quick yet accurate predictions could be highly beneficial.
Advanced ML models such as CNN, RNN and transform algorithm, can be
computationally intensive, thereby consuming considerable time and
resources. This creates a dilemma where a more accurate model might be
less feasible to employ in real-world scenarios due to its computational
demands. Researchers could explore various approaches to address this
challenge, such as model pruning, quantization, or the adoption of more
efficient algorithms that provide a good balance between accuracy and
computational speed. Techniques like transfer learning could also be
considered, where a pre-trained model is fine-tuned for the specific task
of GSS prediction, thereby reducing the computational burden. More
recommendations can be found in Table 6. Future work should aim to
create a blend of ML and computer simulation, develop adaptive and
interpretable ML algorithms, explore multimodal learning, and fine-tune
the balance between computational complexity and efficiency.

5. Conclusion

The prediction of GSS faces challenges due to its internal complexity
and the multitude of influencing factors. In this study, the assumptions,
principles, application conditions, strengths and limitations of multiple
GSS evaluation methods are summarized, with a focus on AI approach.
Traditional GSS evaluation methods consider part of the influencing
factors and provide a fundamental estimation of GSS. They are criticized
for accuracy or validation concerns. As a powerful tool for identifying
optimal solutions, AI has gained widely usage in geotechnical engineer-
ing. ML can learn from historical data, effectively addressing the limi-
tations of traditional methods by involving a broader range of factors.
Despite of its advantages, the application of ML requires caution in terms
of generalization and accuracy, as it can lead to underfitting or over-
fitting issues. In addition, the quality of ML model relies on input data
significantly. Therefore, data preprocessing and feature selection play
pivotal roles in developing robust ML models for GSS prediction. By
cooperating with numerical simulation, advanced ML models can over-
come the restriction of data shortages. The establishment of open-
assessed data repository are recommended to be applied for the
training of advanced ML models to enhance the accuracy and reliability
of GSS prediction.
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Ground
Condition

Input

Geometry Geotechnical Properties

Tunnel
Depth
(H)

Cover
Depth
(C)

Tunnel
Diameter
(D)

Others Young's
Modulus
(E)

Compression
Modulus (Eo)

Cohesion
(c)

Frictio
Angle
(φ)

Soil – ✔ – – ✔ – – –

✔ – ✔ Distance
between
tunnels etc.

– – – –

✔ – – Distance
from
tunnel face
to monitor

– – – –

✔ – – – ✔ – ✔ ✔

✔ – ✔ – ✔ – ✔ ✔

✔ ✔ ✔ Distance
from
tunnel face
to monitor

– – – –

✔ – ✔ Volume
loss etc.

– – ✔ –

✔ – ✔ – – ✔ ✔ ✔

– ✔ – – ✔ – – –

✔ – ✔ – ✔ – ✔ ✔

– – – – ✔ – ✔ –

✔ ✔ ✔ Soil layer
thickness
at crown,
invert etc.

– – – –

✔ – – – ✔ – ✔ ✔

✔ – ✔ – ✔ – ✔ ✔

– ✔ – – ✔ – – –

– ✔ ✔ Distance of
building to
tunnel etc.

– ✔ ✔ ✔

– ✔ – – – – ✔ ✔

✔ – ✔ Volume
loss etc.

– – ✔ –

– ✔ ✔ Tunnel
inclination

– – ✔ ✔

✔ – – Distance
from
tunnel face
to monitor

– ✔ – –

– ✔ – – – – – –

✔ – – – – ✔ ✔ ✔

Soil and
Rock

Mixture – ✔ – –

200 ANN – Chen et al.
(2019)

– ✔ – – – – – –

– ✔ – – – – – –

– ✔ – – – – – –

– – – Thickness
of soil and
rock layers
etc.

– – – –

– ✔ – – – – – –

– ✔ – – – – – –

– ✔ – – – – – –

– ✔ – – – – – –

– ✔ – – – – – –

– ✔ – – – – – –

✔ – – Soil layer
thickness
at crown,
invert etc.

– – – –

– ✔ – Thickness
of soil and
rock layers
etc.

– – – –

– ✔ – – – – – ✔ –

ANN is artificial neutral network, RF is random forest, SVM is support vector mach
multivariate regression, ANFIS is adaptive neuro-fuzzy inference, GP is Gaussian pr
particle swarm optimization, ICA means imperialist competitive algorithm, WOA m
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Appendix
TBM
Operation
Parameters

n Soil
Density
(ρ)

Standard
Penetration
Test

Dynamic
Penetration
Test

Unixal
Compressive
Strength Test

Moisture
Content
(ω)

Other
Geotechnical
Parameters

Excavation
Speed

– ✔ – – ✔ – ✔

✔ ✔ u – – Soil types ✔

– – – – – Soil types ✔

✔ – – – – Soil types –

– – – – – – –

– – – – – Soil types ✔

– – – – – – –

– – – – – – ✔

– ✔ – – ✔ – ✔

– – – – – – ✔

– – – – – Earth
pressure
coefficient

–

– – – – – Soil types –

✔ ✔ – – – Poisson's
Ratio

✔

– – – – – – –

– ✔ – – ✔ – ✔

– – – – – – ✔

– – – – – – ✔

– – – – – – –

✔ – – – – – –

– – – – – – ✔

– – – – – Soil types ✔

✔ – – – – – ✔

– – – – – ✔ ✔

– ✔ ✔ ✔ – – ✔

– ✔ ✔ ✔ – Soil types ✔

– ✔ ✔ ✔ – Soil types ✔

– – – – – – ✔

– ✔ ✔ ✔ – Soil types ✔

– ✔ ✔ ✔ – Soil types ✔

– ✔ ✔ ✔ – Soil types ✔

– ✔ ✔ ✔ – Soil types ✔

– ✔ ✔ ✔ – Soil types ✔

– ✔ ✔ ✔ – Soil types ✔

– ✔ – – – Soil types –

– – – – – – ✔

– – ✔ – – ✔ ✔

ines, RNN is recurrent neural network, KNN is K-nearest neighbors, MR is
ocesses. BA means boruta algorithm, GA means genetic algorithm, PSO means
eans whale optimization algorithm, GEP means gene expression programming.



Input Datasets ML
methods

Optimization
Algorithm

References

TBM
Operation
Parameters

Hydraulic Others

Face
Pressure

Thrust Torque Grouting
Filling

Grouting
Pressure

Rotation
Speed

Pitching
Angle

Stoppage Others Water
Table

✔ – – – ✔ – – – – – – 148 ANN, MR – Zhang and Goh
(2013)

✔ – – ✔ – – – – Earth volume ✔ – 230 ANN, SVM,
GP

– Ocak and Seker
(2013)

✔ – – ✔ ✔ – ✔ – – ✔ – 661 ANN, SVM – Wang et al. (2013)

– – – – – – – – – – – 17 MR – Mohammadi et al.
(2015)

– – – – – – – – – – – 53 ANFIS, MR GEP Ahangari et al. (2015)
✔ – – ✔ ✔ – ✔ – – ✔ – 661 ANN, SVM – Wang et al. (2016)
– – – – – – – – – ✔ Construction

methods
40 RF – Zhou et al. (2016)

– ✔ – ✔ ✔ – – – – – – 26 RF – Zhou et al. (2016)
✔ – – – ✔ – – – – – – 148 ANN, MR – Goh et al. (2018)
– ✔ – ✔ ✔ – – – – – – 41 ANN,

ANFIS
– Moeinossadat et al.

(2018)
– – – – – – – – – – – 143 ANN, MR ICA Moghaddasi and

Noorian-Bidgoli
(2018)

– – – – – – – – – – – 500 SVM – Zhang et al. (2019)

– – – – – – – – – – – 123 ANN PSO Hajihassani et al.
(2020)

– – – – – – – – – – Construction
methods

300 ANN, RF,
SVM, KNN

– Mahmoodzadeh et al.
(2020)

✔ – – – ✔ – – – – – – 148 ANN, RF,
SVM, MR

– Zhang et al. (2021)

✔ ✔ ✔ ✔ – ✔ – – – – Foundation
intergrity and
building intact status

500 ANN – Pan and Zhang (2022)

✔ ✔ ✔ ✔ ✔ – – – Earth volume – – 533 ANN, RF,
SVM

– Su et al. (2022)

– – – – – – – – – – Construction
methods

38 ANN PSO Kong et al. (2022)

✔ – – – – – – – – ✔ Surface surcharge 250 SVM PSO Mahmoodzadeh et al.
(2022)

– ✔ ✔ – ✔ ✔ – – Discharge
flow rate etc.

✔ – 187 ANN, RF,
SVM, MR

– Liu et al. (2022)

✔ ✔ ✔ – – – – Jack pressure
etc.

✔ – 264 RF BA Kannangara et al.
(2022)

✔ ✔ ✔ ✔ ✔ ✔ – – – – – 370404 ANN, RNN WOA Ge et al. (2022)
✔ ✔ ✔ ✔ – – – – – ✔ – 200 ANN – Chen et al. (2019)

✔ ✔ ✔ ✔ – – – – – ✔ – 200 ANN, RF,
SVM

– Chen et al. (2019)

✔ ✔ ✔ ✔ – – – – – ✔ – 294 RF – Zhang (2019)
✔ ✔ ✔ ✔ – – – ✔ – ✔ – 294 RF PSO Zhang et al. (2019)
✔ ✔ ✔ ✔ ✔ – – – Tail void etc. ✔ Karst cave treatment

scheme
328 ANN ADAM Zhang et al. (2020)

✔ ✔ ✔ ✔ – – – ✔ – ✔ – 294 ANN, RF,
SVM

PSO Zhang et al. (2020)

✔ ✔ ✔ – – ✔ – ✔ – ✔ – 396 RF, RNN – Zhang et al. (2020)
✔ ✔ ✔ ✔ – – – ✔ – ✔ – 294 ANN PSO Zhang et al. (2020)
✔ ✔ ✔ ✔ – ✔ – – – ✔ – 385 RF – Zhang et al. (2021)
✔ ✔ ✔ ✔ – – – ✔ – ✔ – 294 ANN, RF,

SVM
PSO Tang and Na (2021)

✔ ✔ ✔ ✔ – – – ✔ – ✔ – 294 ANN GA Feng and Zhang
(2022)

✔ ✔ ✔ – – – – – – ✔ Surface surcharge 253 RF – Kim et al. (2022)

✔ ✔ ✔ ✔ – – – – Deviation
etc.

– – 72 RF, MR – Ling et al. (2022)

✔ ✔ ✔ ✔ – – – – – – – 65 ANN PSO Kong et al. (2022)
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