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Abstract: During construction, the shield linings of tunnels often face the problem of local or overall upward movement after
leaving the shield tail in soft soil areas or during some large diameter shield projects. Differential floating will increase the
initial stress on the segments and bolts which is harmful to the service performance of the tunnel. In this study we used a
random forest (RF) algorithm combined particle swarm optimization (PSO) and 5-fold cross-validation (5-fold CV) to predict
the maximum upward displacement of tunnel linings induced by shield tunnel excavation. The mechanism and factors causing
upward movement of the tunnel lining are comprehensively summarized. Twelve input variables were selected according to
results from analysis of influencing factors. The prediction performance of two models, PSO-RF and RF (default) were compared.
The Gini value was obtained to represent the relative importance of the influencing factors to the upward displacement of
linings. The PSO-RF model successfully predicted the maximum upward displacement of the tunnel linings with a low error
(mean absolute error (MAE)=4.04 mm, root mean square error (RMSE)=5.67 mm) and high correlation (R*=0.915). The thrust and
depth of the tunnel were the most important factors in the prediction model influencing the upward displacement of the tunnel linings.

Key words: Random forest (RF); Particle swarm optimization (PSO); Upward displacement of lining; Machine learning prediction;
Shield tunneling construction

1 Introduction of soil or high water pressure (Ye et al., 2008; Zhou

and Ji, 2014). Differential floating increases the initial

Shield tunnel excavation has a short construction
cycle and a high level of mechanization, becoming the
prior choice in many countries and regions to develop
urban underground spaces (Ding et al., 2023c; Ye et al.,
2023). Since Dec. 31, 2022, 41 cities have constructed
metro tunnel lines with a total length of 8008 km in
China, mostly in soft soils in the southeast.

However, the shield tunnel linings often show
local or overall upward movement after leaving the
shield tail in soft soil areas or during some large diam-
eter shield projects, especially when tunnelling an upper
soft and lower hard stratum with a shallow overburden
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stress of the segments and bolts, which is harmful to
the service performance of shield tunnel, and results in
the lining crack, damage, dislocation, and water leakage
and even axis deviation (Fig. 1). Therefore, it is impor-
tant to study the mechanism involved, develop methods
to predict the upward movement of the lining, and
implement effective measures to control such move-
ment to enable safe construction.

Traditional prediction methods for upward move-
ment of tunnel linings can be divided into those based
on theoretical analysis and those based on numerical
simulation. Theoretical analysis is based on the loading-
structure method, in which the tunnel linings are sim-
plified into a longitudinal beam, assuming the anti-
floating effect of overlying soil into the foundation
spring. After analyzing various loads based on empiri-
cal formulas, the upward displacement of linings is cal-
culated (Geng et al., 2021). However, the calculation
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Fig. 1 Engineering problems induced by upward movement
of tunnel linings: (a) crack; (b) damage; (c) dislocation;
(d) water leakage

model is a 2D plane model that cannot analyze the 3D
stress on the lining. Moreover, the magnitude and dis-
tribution of loads are based on experience and assump-
tion, which may be inconsistent with the actual com-
plex geological conditions. Numerical simulation is
based on establishing a 3D soil-tunnel numerical model
to predict the upward displacement, considering the
complex interaction between tunnel construction and
the surrounding stratum (Ye et al., 2014; Liang et al.,
2022). However, the accuracy of the prediction depends
on the selection of appropriate soil constitutive model
and the assumption of a contact relationship between the
soil and the linings. In addition, it needs to be remod-
eled for different sections, which is time consuming
and costly.

The development of machine learning (ML) has
provided an efficient and suitable alternative way to
solve the prediction problems of civil engineering (Ye
et al., 2019, 2022; Lin et al., 2022; Shan et al., 2022;
Shen et al., 2022). ML not only has excellent perfor-
mance in processing high dimensional variables that
can help find the internal relationships between rele-
vant parameters, but also has powerful computing
power with a much lower computational cost and higher
operability (Lv et al., 2022). Among ML methods, ran-
dom forest (RF) is used widely because of its power-
ful learning performance and high robustness. Zhou
et al. (2016) proposed using RF to classify rock burst
in underground projects. Luo et al. (2020) established
an RF prediction model to forecast and analyze the

slurry pressure at the shield cut during construction in
a composite stratum. Kohestani et al. (2017) and Zhou
et al. (2017) verified the excellent prediction perfor-
mance using RF to predict the maximum surface set-
tlement induced by tunnelling. Elbaz et al. (2020, 2023)
verified the excellent performance of particle swarm opti-
mization (PSO) to improve the prediction performance
of ML algorithms. However, RF is rarely employed
to predict the upward displacement of tunnel linings,
and the input variables are not strictly selected accord-
ing to the relevant geotechnical knowledge and their
physical meaning is obscure.

To address these problems, we propose a hybrid RF
algorithm combining PSO and 5-fold cross-validation
(5-fold CV) to accurately predict the maximum upward
displacement of tunnel linings caused by shield tunnel
excavation. This hybrid algorithm can effectively avoid
the problem of over- or under-fitting in optimization
and improve the robustness and generalization of pre-
diction models. The mechanism and factors causing
upward movement of the tunnel lining during con-
struction are comprehensively summarized. Twelve
input variables are selected according to the results
from analysis of influencing factors. The prediction per-
formance of two models, PSO-RF and RF (default) are
compared using three evaluation indicators: the mean
absolute error (MAE), root mean square error (RMSE),
and R-square (R’). The Gini value is obtained to repre-
sent the relative importance of the influencing factors
on upward displacement of the linings.

2 Mechanism of upward movement of tunnel
linings

2.1 Reasons for upward movement of tunnel linings

There are five main reasons why tunnel linings
move upward during construction: tail void, soil dis-
turbance, slurry buoyancy, rebound of foundation, and
jack unloading.

2.1.1 Tail void

Since the excavation diameter of a shield machine
is larger than the outer diameter of the tunnel lining,
there will be a tail void between the lining and the sur-
rounding soil, which provides the lining with space
for upward movement (Fig. 2). Although the void will
be filled with slurry during tunneling, the slurry takes
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Fig. 2 Tail void: (a) schematic diagram; (b) field picture
of tail void. D, is the diameter of lining; D, is the diameter
of shield machine

time to become consolidated (Wang SM et al., 2022).
The liquid slurry cannot stop the upward movement
of tunnel linings.

2.1.2 Soil disturbance

The surrounding soil will inevitably be disturbed
during the advancement of the shield machine. There
have been many studies of soil disturbance induced
by tunneling (Fargnoli et al., 2015; Elbaz et al., 2022;
Shi et al., 2022; Wang J et al., 2022). The nature of soil
disturbance is that excavation will destroy the soil struc-
ture and change the pore pressure of the surrounding
stratum, especially in a soft soil area within a structur-
ally soft stratum. This will decrease the strength and
stability of the soil, affect the space of the tail void and
cause deformation of the soil (Chen et al., 2013).

2.1.3 Slurry buoyancy

In soft soil area, when the linings leave the shield
machine tail, the upper section of the tail void is filled
with the surrounding stratum because of its own gravity
and tunnelling disturbance. The lower part of the tail
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void still exists because several adjacent linings are
equivalent to a beam fixed at both ends. One end is
constrained by the shield machine, and the other end
by the consolidated slurry (Yang et al., 2022). During
the process of backfill grouting, the lower part of
the tail void is occupied by unconsolidated slurry and
underground water, which generates upward buoyancy

(Fig. 3).
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Fig. 3 Slurry buoyancy: (a) schematic diagram; (b) field
picture of grouting pipes

2.1.4 Rebound of foundation

Due to the difference in weight between the exca-
vated soil and the tunnel linings, the stratum beneath
the tunnel will experience unloading and subsequently
rebound upwards. This will lift the linings after the
slurry becomes consolidated (Fig. 4). Lv et al. (2017)
concluded that the upward movement of tunnel lin-
ings in soft soil areas is caused mainly by the rebound
force of the foundation induced by the redistribution
of stratum stress.
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Fig. 4 Rebound of foundation. G_, is the gravity of excavated
soil; G, . is the gravity of lining

lining

2.1.5 Jack unloading

Jack loading or unloading will increase or decrease
the longitudinal binding force on the linings, which will
affect their upward displacement (Neu et al., 2022).
When shield machine tunneling, the jack thrust is large,
which increases the longitudinal binding force on lin-
ings, and the vertical displacement of linings is basi-
cally unchanged. When the shield machine stops and
the jack is unloaded to assemble the lining segments,
the longitudinal binding force on the linings decreases,
and the vertical displacement of the linings increases
rapidly. For example, when the No. (n+1) ring is assem-
bled, the No. 7 ring is still stuck in the shield machine
without floating. When excavating the No. (n+2) ring,
the No. n ring starts to leave the shield machine and
begins floating. However, during this period, the jack
is still loading and the longitudinal binding force on
the linings is still large, so the vertical displacement
of the segment rises slightly. When assembling the
No. (n+2) ring, the jack unloads and the longitudinal
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binding force on the linings declines dramatically, so the
vertical displacement of the segments grows remark-
ably. The association between the upward displacement
of the tunnel linings and the construction process of
the shield machine is shown in Fig. 5.

In essence, the tail void and soil disturbance will
affect the floating space, and the slurry buoyancy, foun-
dation rebound, and jack unloading will affect the
upward external forces on the linings which influence
the floating trend. Therefore, the combination of the
floating space and floating trend makes the linings
move upward, which provides the mechanism for the
upward movement of the tunnel linings.

2.2 Factors influencing upward movement of tunnel
linings

This section provides a comprehensive summary
of the factors contributing to the upward movement
of tunnel linings based on the reasons for floating ana-
lyzed in Section 2.1. The influencing factors can be
categorized into three main groups: tunnel geometry,
shield operation parameters, and geological conditions.

2.2.1 Tunnel geometry

For a shield tunnel, the tunnel linings along the
tunnel axis direction (longitudinally) and perpendicular
to the tunnel axis direction (laterally) are connected by
bolts. Many studies have verified the lateral and longi-
tudinal stiffness (G,) of the connection of tunnel lin-
ings and bolts. The re-tightening force of bolt () will
determine the deformation of the tunnel by affecting
the friction between linings, which eventually influ-
ences the upward displacement of the lining (Talmon
and Bezuijen, 2013). In addition, it has been demon-
strated that the upward displacement of the tunnel lin-
ing shows a decreasing trend with increasing tunnel
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Fig. 5 Jack unloading



cover depth (d.) due to the increased weight of the
overlying stratum (Chen et al., 2014). These two fac-
tors affect the upward displacement by influencing the
floating trend, while the different shapes (S) and diam-
eters (D,) of the lining lead to different upward dis-
placements by affecting the tail void.

2.2.2 Shield operation parameters

During tunnelling, synchronous grouting is car-
ried out to play the roles of filling and supporting. The
possible dynamic buoyancy generated by grouting pres-
sure and static buoyancy generated by the slurry ring
strengthen the upward movement trend of the tunnel
lining. Wang et al. (2019) demonstrated that the type
of slurry (7), grout filling volume (V;), and grout pres-
sure (p,;) significantly impact the buoyancy of tunnel
linings, consequently determining their upward displace-
ment. These factors alter the external forces acting on
the linings, then change the floating trend of tunnel
lining. The chamber pressure (p.) is the key factor to
maintain the stability of the excavation face. Instability
of the excavation face will lead to serious construc-
tion accidents and more severe soil disturbance. Thrust
(F’;) is the main driving force for the advancement of
the shield machine, and the torque (M,) on the cutter-
head is generated during tunneling. To keep the stabil-
ity of the cutterhead, the torque should always match
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the variation of the face pressure and thrust. The pene-
tration rate (7,) represents the speed of soil excavation
and affects the degree of soil disturbance. If the exca-
vation speed is too fast, the torque will increase, affect-
ing the stability of the excavation surface. Meanwhile,
the tail void cannot be filled in time by grouting, which
will greatly increase the upward displacement of the
tunnel lining (Geng et al., 2021).

2.2.3 Geological conditions

Different geological conditions will lead to dif-
ferent shapes of the tail void. The compression modulus
(E) and standard penetration test (n,,) of soil reflect
the soil’s resistance to deformation and the bearing
capacity of the surrounding stratum. In addition, the
stratum type (7)), soil cohesion (C), internal friction
angle (@), and water level (dy,) affect the stability of
the surrounding stratum and determine the gravity of
the overlying soil (F,). The vertical permeability coef-
ficient (k,) of the stratum affects the distribution of slurry,
which will alter the grouting pressure (Shu et al., 2017).
These factors affect the upward displacement of tun-
nel linings by influencing the floating trend.

In summary, these factors contribute to the upward
displacement of linings by affecting the floating space
and floating trend. Fig. 6 shows how these factors affect
the upward movement of the linings.
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3 Methodology
3.1 Random forest

The RF algorithm proposed by Breiman (2001) is
an ensemble ML algorithm for classification and regres-
sion tasks which combines bagging and random fea-
ture selection (Ho, 1998). By bagging, a bootstrap set
N, is made by random sampling with replacement N
times from the training set N, which is used to gener-
ate the decision tree. The remaining samples belong to
the out-of-bag (OOB) sample, accounting for a third of
the training set, which is used to evaluate the prediction
performance of the decision tree. The number of sam-
ples and features in each bootstrap is arbitrary but typi-
cally smaller than the original training set. Then n deci-
sion trees are generated by the same method. Each deci-
sion tree classifies a bootstrap sample by evaluating its
attributes at each node. Each node tests a specific attri-
bute, and the leaves of the tree represent the output
results. The final prediction of a decision tree is deter-
mined by aggregating the outputs from all its leaves,
and the final output of the RF is obtained by calculat-
ing an average of all decision tree results (Fig. 8).

The bagging and random feature selection give
the RF excellent performance in handling high dimen-
sional data (many features) without feature selection
by human experience. RF has more powerful learning
performance and higher robustness with respect to
noise data than other algorithms. The Gini index can
be obtained during the process of training to record
the weight of each variable and can be used to evalu-
ate the relative importance of them (Lovatti et al.,
2019).

The setting of hyper-parameters in advance before
training plays an important role in the prediction per-
formance of ML algorithms. The hyper-parameters of
RF are the number of trees and random features at each
node (Table 1). The default of ntree is 500; the default
of mtry is calculated by Eq. (1). These default values
are summarized based on experience, which is not suit-
able for all situations, so it is necessary to optimize the
hyper-parameters to maximize prediction performance:

Table 1 Hyper-parameters in random forest

Hyper-parameter Description Range (integer)
ntree Number of decision trees 100-1000
mtry Number of features for 1-12

splitting at each node

mtry,= [V |. (1)

where x is the number of features of the dataset.
3.2 Particle swarm optimization

PSO, inspired by the bird predation behavior,
has excellent optimization performance, character-
ized by high precision and rapid convergence speed
(El-Gallad et al., 2002). The procedure of PSO algo-
rithm is shown in Fig. 7. Each particle represents a
potential solution and is associated with a fitness value
determined by the fitness function. The direction and
distance of a particle’s movement are determined by
its velocity. The velocity is dynamically adjusted accord-
ing to its own movement experience and that of other
particles. Movement toward the global best positions
is based on the best local position and velocity, so as
to realize the optimal solution. The velocity V; and
position X, of each particle are updated using the fol-
lowing equations:

Vik+1:wVik+Clrl(Pik_)(i’f) +c2r2(Pé—)(,~’f), 2)
)(vik+1:)("_k+ Vi’f“’ (3)

where ¢, is the cognitive learning factor; ¢, is the social
learning factor; w is the inertia weight; », and r, are
random numbers, distributed within the range [0, 1]; £
is the current generation and i is the ith particle; P, is
the current personal best location of the ith particle;
P, is the best global location among all particles.

In this study, there were two hyper-parameters of
RF to be optimized, so P, is a two-dimensional vari-
able, and the range of hyper-parameters constitutes the
motion space of the particles. When the fitness con-
verges at a constant value, or up to the maximum gen-
eration (set as the termination criterion), at this time
P, represents the optimal hyper-parameters of the RF
algorithm. Generally, the maximum generation is set
as 100, which is enough to find the optimal solution
(Zhang et al., 2019).

3.3 K-fold cross-validation

Establishing an ML model requires three stages:
training, validation, and testing. The training of the
model involves continuously mining the training set to
adjust the model parameters, trying to find the poten-
tial relationship between the input parameters and output
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Fig. 7 Flowchart of PSO and 5-fold CV hybrid optimization algorithm

parameter. Model validation involves retaining a por-
tion of independent data from the training set to validate
the reliability of the training process, avoiding over- or
under-fitting issues during training. Testing of the model
involves using a test set not involved in training to test
the prediction performance and evaluate the general-
ization performance of the prediction model.

In this study, 80% data were used as the training
set, while the remaining 20% as the test set. The vali-
dation set was selected using the &-fold CV method.

The k-fold CV randomly divides the original train-
ing set into & sub-datasets, among them £—1 sub-datasets
are used as the new training set and a remaining dataset
as the new test set. The process repeats & times, and the
performance of model is assessed by calculating the
mean prediction error across the k£ sub-datasets. The
k-fold CV can effectively reduce the effect of selection

of different amounts of data on model prediction perfor-
mance. Previous study has recommended setting the
value of k as 5 (Wang et al., 2013).

3.4 Hybrid algorithms

Building an excellent prediction model using
ML algorithms is like using a black box. Meng et al.
(2021), Yang et al. (2021), and Zhang et al. (2022b)
proposed a method to enhance the generalization ability
of prediction models by incorporating prior informa-
tion or uncertainty. Raissi et al. (2019) and Zhang et al.
(2022a) showed that this method needs huge datas-
ets to train the model to obtain excellent performance.
Because practical engineering lacks the amount of
interpretable data needed to train the prediction model,
we proposed using k-fold CV to fully train the model
based on the finite dataset.
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In this study, we proposed a hybrid algorithm
which combines the PSO algorithm and A-fold CV,
considering the characteristics of high efficiency and
strong optimization performance of the PSO algorithm,
and the advantages of CV. This hybrid algorithm can
effectively avoid the problem of over- or under-fitting
in optimization and improve the robustness and gener-
alization of prediction models. The principle of the
hybrid algorithm is to use the prediction mean abso-
lute error of CV as the fitness function of PSO algo-
rithms, as shown in Eq. (4):

. 1<
F = — S MAE, 4
1tness 5 ; i ( )

where MAE, is the prediction mean absolute error of
the ith validation set. Eq. (4) is the definition of fitness
function of the PSO algorithms. The flowchart of hybrid
algorithm combining PSO and 5-fold CV to find the
optimal hyper-parameters of the RF is shown in Fig. 7.
Table 2 illustrates the values of the parameters in the
PSO-CV-RFE.

Table 2 Parameters of the algorithm PSO-CV-RF

Xoin Ko Voin
100 1000 1 12

c, c, Generation  Population size
1.5 1.7 100 20

3.5 Performance indicators

The MAE, RMSE, and R’ were used to evaluate
the prediction performance of the hybrid ML algo-
rithm proposed above. RMSE and MAE can directly
reflect the prediction error, with lower values repre-
senting better performance. The outliers have more
influence on the RMSE than on the MAE. R reflects
the correlation between the predicted result and the
actual result, with a range from 0 to 1, where 1 depicts
a perfect and precise fit to the actual result and 0 depicts
the worst fit with no accurate prediction. They are
defined as follows (Ding et al., 2023a, 2023b):

1 n
MAE=—>r,~p,l. )
i=1

RMSE = /%Z(r,.— ). (6)

i(l’f_Pi)z

R2:1_ ’jl 27 (7)
z(fi_ﬁi)
i=1

where 7 is the total number of test data, 7, is the actual
upward displacement of the ith sample, p, is the pre-
dicted upward displacement of ith sample, 7, is the aver-
age value of monitored upward displacement, and p, is
the average value of the predicted upward displacement.

4 Proposed prediction model
4.1 Prediction model framework

A flowchart showing the establishment of the
model to predict the upward displacement of tunnel
linings using the RF-PSO algorithm is shown in Fig. 8.
There are three phases: dataset preprocessing, training
model, and testing model. There are 321 rows of data,
including 12 input features (influencing factors) and
one output variable (the maximum upward displace-
ment of lining). We select 80% of data randomly as the
training data to train the model and the remaining 20%
form the testing data for testing and validating the pre-
diction performance. During the training, the PSO-CV
is used to optimize the optimal hyper-parameter of
the RF.

4.2 Data source

The data were collected from a metro project in
Shaoxing, located in the southeast of China within a
soft soil area. The total length of the tunnel is 1847.3 m,
and the cover depth varies from 8.7 to 21.0 m, with a
cover depth of 16.7 m at the beginning of the Jinghu
Station section and 8.7 m at the end of the Houshu
Road Station section. The shield tunnel was excavated
using an earth pressure balance (EPB) shield machine.
The shield operational parameters were collected per
minute by the shield machine data acquisition system.
The tunnel linings are made up of six precast concrete
segments with an outer diameter of 6.7 m, and an inner
diameter of 5.9 m. The width of each lining is 1.2 m.
The upward displacement of each lining was measured
by liquid level sensors and the ultimate displacement
was calculated by the final measured value about 72 h
after the segments were assembled. Xu et al. (2003)
demonstrated that it typically takes approximately 30 to
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Fig. 8 Flowchart of upward displacement prediction model using PSO-RF. D_ : maximum displacement

48 h for the tunnel lining to reach its maximum upward
displacement. The geological distribution of the proj-
ect is shown in Fig. 9. There are some typical soft soils
around the tunnel, such as silty soil, silty clay with silt,
and muddy clay. They have very poor engineering prop-
erties with high compressibility, low strength, low per-
meability, and high sensitivity. Under the influence of
shield tunneling, the soil structure is prone to damage,
leading to the displacement of tunnel segments and the
settlement of the surface stratum.

4.3 Data selection

Input variables were selected from the key factors
influencing upward movement of the tunnel lining,
which were analyzed in Section 2.2. Since the tunnel
was usually excavated using the same shield machine,
the shape (S) and diameter (D,) of the linings, the re-
tightening force of bolt (F,) and stiffness (G,) of the
bolts were unchanged. The only varied geometric fac-
tor was the cover depth of the tunnel (d.), which would

be chosen as the input variable. All shield operation
parameters and geological parameters were considered
as input variables, with the exception of the slurry type
(7)), which remained constant throughout the project.
In addition, the upward displacement of each lining is
subjected to the operational parameters of the whole
excavation period, so the final operating parameters
were calculated from the average values for each lining
(excluding the first 10% of the maximum and mini-
mum to eliminate the influence of missing and noisy
data). Xu et al. (2003) showed that the range of soil
disturbance induced by tunnelling is 1.5R—3.5R (where
R is the radius of the lining). In this study, we chose 10 m
as the range of disturbance. The geological parameters
are calculated by Egs. (8)—(11), considering the stratum
in the range of disturbance. The equations account for
the influence of the position of the stratum, which is
similar to the findings of Chen et al. (2019). The mod-
ified parameter is most influenced by the nearest soil
layer, while the influence gradually decreases for the
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farther soil layers, with the farthest soil layer having
the least impact (Fig. 10).

"t h. )
Nyi= > =L .NL, 8
63.5 ;h h 63.5 ( )
N t[ h[ i
c= :lz’ h - C, (9)
N ti hi i
=20 R (10)
k,= ”hh , (11)

where N/, 5 is the blow count of standard penetration
test (n,,) of the ith soil layer, ¢’ is the soil cohesion (c)
of the ith soil layer, ¢’ is the internal friction angle, &/
is the vertical permeability coefficient of the ith soil
layer, ¢ is the thickness of the ith soil layer in the dis-
turbance range, 4, is the depth of the ith soil layer from
the boundary of soil disturbance, and / is the range of
soil disturbance.

4.4 Data analysis

The basic statistical parameters of the 12 input
parameters and the output parameter are shown in

Ground surface

A

Cover depth

Disturbance range

Invert

Fig. 10 Schematic view of the soil stratum

Table 3. The upward displacement of different linings
varied dramatically from 23.6 to 122.5 mm, which
makes accurate prediction of the upward displacement
very challenging. The data analysis diagram is shown
in Fig. 11. The bottom left corner shows the data distri-
bution diagram, while the value in the top right corner
is the linear correlation (Pearson coefficient) between
the variables. The last column of data represents the
linear correlation between all input variables and the
upward displacement of the linings, where their abso-
lute values are less than 0.4. It is clear that F, C, d_.,
and k, are the parameters most relevant to upward



Table 3 Range of input and output variables (321 data sets)
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. Data
Variable Parameter type Min. Max. Mean Standard deviation

Thrust, . (kN) Input 5879 12774 9678.8 1322.29
Grout pressure, p, (MPa) Input 0.16 0.48 0.34 0.06
Penetration rate, 7, (mm/r) Input 4.45 52.5 35.1 8.68
Torque, M, (kN-m) Input 906 3387 1582.6 228.98
Grout filling volumn, ¥, (m®) Input 34 5.0 43 0.47
Chamber pressure, p.. (Pa) Input 1.8x10°  2.3x10° 2.1x10° 9x10°
Cover depth, d. (m) Input 18.3 21.4 20.4 0.83
Tunnel depth below the water table, d, (m) Input 14.8 19.8 18.4 1.43
Soil cohesion, C (kPa) Input 16.0 39.0 23.9 5.28
Internal friction angle, @ (°) Input 10.3 15.0 12.5 1.29
Number of standard penetration test, 7, Input 7.1 13.4 9.8 1.76
Vertical permeability coefficient, k, (X107 cm/s) Input 4.4 24.8 10.5 543
The 48th hour upward displacement, d;, (mm) Output 23.6 122.5 80.1 20.65

displacement. Among these, thrust (), soil cohesion
(C), and cover depth of the tunnel (d.) were negatively
correlated with the upward displacement, which sug-
gests that increasing these factors will effectively
decrease the displacement, while the permeability coef-
ficient (k,) was positively correlated with the upward
displacement. Overall, there was no simple linear rela-
tionship between the 12 influencing factors and the
upward displacement of the tunnel lining.

A normalization algorithm is employed to miti-
gate the impact of parameters with varying orders of
magnitude on the model’s prediction performance. The
database is mapped to the interval [-1, 1] by

X=X

X

X (fmax_fmin) +fmin’ (11)

norm

X max _ “Vmin

where x,., and x,;, are the maximum and minimum
values of the variable x, and x,,,, and x,,, are the maxi-
mum and minimum values of the variable x after nor-
malization, respectively. The final predicted data need
to be transformed into the original vector space.

The boxplot in Fig. 12 illustrates the normaliza-
tion results and data division result between the test
set and training set. The similarity between the distri-
butions of all input parameters in the training set and
the test set confirms the reliability of the random divi-
sion process.

Multiple linear regression was used to predict the
upward displacement of the tunnel linings based on the
normalization dataset. The prediction result is shown in
Eq. (12) and Fig. 13. The MAE and RMSE of the upward

min

min

displacement predicted by simple linear regression
were very large, up to 12.76 and 15.47 mm, respectively.
The correlation (R*) between the predicted upward dis-
placement and the actual result was poor, only 0.523.
The error of the training set was also large with a poor
correlation, which indicates the potential relationship
of the variables is not fully revealed by linear regres-
sion. Therefore, multiple linear regression is unreliable
for predicting segment floating. These results verified
that there is no simple linear relationship between the
influencing factors and segment floating, so it was
necessary to train the prediction model using an ML
algorithm:

y=—0.443x, +0.522x, +0.072x, +0.193x, -

0.289x,—0.035x,—0.174x,+0.616x, —
0.106x, +0.836x,,— 1.233x,, + 0.302x,,, (12)

where x, x,, -+, X, are the normalization results of the
12 input parameters, and y is the predicted upward
displacement of the tunnel linings by multiple linear
regression.

5 Results and discussion
5.1 Optimization result

The combination of PSO and 5-fold CV was ap-
plied to obtain the hyper-parameters of the RF. The
optimization result of the PSO-RF is shown in Fig. 14.
The average fitness of each generation changes, which
shows that the particles are dynamically adjusted during
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the optimization process. The best fitness remained
unchanged after the 40th generation, which indicates
that the algorithm had found the best hyper-parameters.
The optimal hyper-parameters ntree and mtry of the
RF were 828 and 2, respectively.

5.2 Prediction performance

Two prediction models (one with the optimal hyper-
parameters, and the other with default hyper-parameters)
were established to predict the maximum upward dis-
placement of tunnel linings. The predicted performance
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of PSO-RF and RF (default) was compared by mar-
ginal histograms (Fig. 15). The scatter plot and histo-
gram in the marginal histogram depict the scatter and
frequency distributions of the predicted and measured
upward displacements. Note that the histogram of
predicted displacement is similar to that of measured
displacement in both models. However, the scatter
points are closer to the diagonal line in the PSO-RF,
which indicates that the predicted upward displacement
is more similar to the measured displacement in the
PSO-RF model than in the RF (default) model.

In the training set of both prediction models, the
MAE and RMSE were 0, and the correlation R’ was
up to 1, which means that they have been fully trained
and successfully obtained the potential relationships
among the variables. However, they had different pre-
diction performances in the test set to which they had
not previously been applied. In the test set, the MAE
and RMSE of the PSO-RF model were only 4.04 and
5.67 mm, while they were 5.12 and 8.41 mm, respec-
tively, in the RF (default) model. The correlation (R)
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Fig. 15 Predicted performance of the PSO-RF (a) and RF
(default) (b) models

between the prediction results and measured results
was up to 0.915 in the PSO-RF model compared with
0.814 in the RF (default) model. These indicators dem-
onstrate that the PSO-RF model has better prediction
performance than the traditional RF algorithm with-
out the optimization algorithm and that the hybrid
optimization algorithm can improve the prediction per-
formance effectively.

The error frequency distribution of the PSO-RF
model fitted with a normal distribution curve is shown
in Fig. 16. The mean error value x and the standard
deviation ¢ of the normal distribution curve were 1.54
and 5.51 mm, respectively. The prediction errors of the
PSO-RF model were concentrated within —2 to 2 mm,
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which indicates the model has excellent prediction
performance.

The predicted maximum upward displacement of
both models based on the test set is shown in Fig. 17.
The predicted displacements of the PSO-RF model are
closer to those of the measured displacement than those
of the RF (default) model, and the PSO-RF prediction
model accurately predicts the maximum of upward
displacement in various rings of the test set. There-
fore, the PSO-RF model can be used to predict the final
displacement of new-built linings or new projects,
which can assist to optimize the design of the tunnel.
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Fig. 17 Maximum upward displacement predicted by the
PSO-RF

5.3 Analysis of relative importance of factors

The Gini value can be obtained during the pro-
cess of training to record the weight of each variable,
which represents the relative importance of the influ-
encing factors. The rank of the Gini values is shown in
Fig. 18. The most important factors influencing tunnel
lining floating were thrust, followed by depth of tun-
nel, permeability coefficient and soil cohesion, which
conforms with the practical condition and the analysis

(o i [ i 1 ]
0 5 10 15 20 25 30
Gini importance score

Fig. 18 Gini importance scores of all influencing factors

results in Section 2.2. The Gini values of p., V,, and
p, were the lowest and these parameters changed least
during the whole construction project, which indicates
that they play a lesser role in the upward displace-
ment of linings. In general, parameters with a high Gini
importance score also had high correlation coefficients
(Fig. 10), which demonstrates the reliability of RF in
predicting the upward displacement of tunnel linings.
The result of the most important influencing factors
can be used to guide safe construction to control the
upward displacement of tunnel linings. In future stud-
ies, it would be beneficial to collect additional datasets
from various projects to train the prediction model and
validate the general applicability of the Gini values.
This would help assess the performance and reliability
of the model across different scenarios.

6 Conclusions

This paper proposes an innovative modeling
method to predict the maximum upward displacement
of tunnel linings. A comprehensive summary is pro-
vided on the mechanism and factors that contribute to
the upward movement of tunnel linings during con-
struction. The combination of PSO and 5-fold CV is
employed to determine the optimal hyper-parameters of
the RF model. This hybrid algorithm can effectively
avoid the problem of over- or under-fitting in optimi-
zation and effectively improve the robustness and gen-
eralization of prediction models. The prediction perfor-
mances of the two models, PSO-RF and RF (default),
were compared. The following conclusions were drawn:

(1) The mechanism of the upward movement of
tunnel linings is that the tail void provides the floating



space and the upward external forces affect the float-
ing trend.

(2) The combination of PSO and CV effectively
determines the optimal hyper-parameters and improves
the prediction performance of the RF.

(3) The PSO-RF model successfully predicts the
maximum upward displacement of linings with a low
error (MAE=4.04 mm, RMSE=5.67 mm) and a high
correlation (R*=0.915).

(4) The thrust and depth of the tunnel are the most
important influencing factors for the PSO-RF based
model to predict the upward displacement of linings.

Because the training data in this study came from
only one shield tunnel project, it is difficult to add the
unchanged influencing factors into the prediction model.
In further research, more data should be obtained from
different projects to expand the databases and enhance
the generalization ability of the prediction model.
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