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A long-term tunnel settlement prediction model
based on BO-GPBE with SHM data
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Abstract. The new metro crossing the existing metro will cause the settlement or floating of the existing structures, which will
have safety problems for the operation of the existing metro and the construction of the new metro. Therefore, it is necessary to
monitor and predict the settlement of the existing metro caused by the construction of the new metro in real time. Considering
the complexity and uncertainty of metro settlement, a Gaussian Prior Bayesian Emulator (GPBE) probability prediction model
based on Bayesian optimization (BO) is proposed, that is, BO-GPBE. Firstly, the settlement monitoring data are analyzed to get
the influence of the new metro on the settlement of the existing metro. Then, five different acquisition functions, that is, expected
improvement (EI), expected improvement per second (EIPS), expected improvement per second plus (EIPSP), lower confidence
bound (LCB), probability of improvement (PI) are selected to construct BO model, and then BO-GPBE model is established.
Finally, three years settlement monitoring data were collected by structural health monitoring (SHM) system installed on
Nanjing Metro Line 10 are employed to demonstrate the effectiveness of BO-GPBE for forecasting the settlement.
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1. Introduction

In recent years, the rapid urbanization has resulted in a
significant increase in urban traffic demand, while the
limited traffic supply capacity has failed to keep up with the
growth (Ding et al. 2023a, b). This has led to severe traffic
congestion in big cities, making the metro system the only
viable solution to alleviate the problem (Ding et al. 2023c,
Moaveni and Najafi 2017, Li et al. 2020). For instance, as
of December 30, 2021, Shanghai has 20 metro lines, Beijing
has 27 metro lines, and Nanjing has 11 metro lines.
However, the construction of new metro lines can cause
settlement or floating of existing structures, including
existing metros, buildings, among others, which can result
in safety damage accidents (Li and Wang 2019, Qiu et al.
2020). Therefore, it is necessary to strengthen the existing
structures and monitor/predict their settlement to prevent
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accidents from happening (Liu et al. 2020a, Mu et al. 2021,
Quet al. 2023).

In addition, settlement monitoring and prediction play a
crucial role in determining the appropriate location for
metro reinforcement (Ding et al. 2023d, Miliziano and de
Lillis 2019). Therefore, settlement monitoring and
prediction are essential measures during metro construction
and operation (Ding et al. 2023e, Tu et al. 2020).
Nowadays, prediction methods can be divided into two
categories: deterministic and uncertainty methods (Ding et
al. 20231, Ye et al. 2019, 2020). For deterministic prediction
methods, Deng et al. (2022) derived a prediction formula
for surface subsidence using the mirror theory and Mindlin
solution and built a finite difference model based on the
Changsha power tunnel project. The results of theoretical
prediction and numerical simulation matched well with the
field monitoring data, demonstrating the accuracy of the
ground loss model and the theoretical prediction formula.
Zhang et al. (2020a) showcased the application of machine
learning (ML) algorithms to predict settlement caused by
tunnel excavation. The results showed that the
backpropagation neural network (BPNN) has strong
extrapolation ability, making it suitable for establishing
settlement prediction models under conditions with a small
existing dataset. Shi et al. (2019) applied the support vector
machine (SVM) information granulation method to predict
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the deformation of surrounding rocks. The results indicated
that the SVM information granulation method was effective
in predicting the shallow tunnel surrounding rock
deformation in Panlongshan Tunnel of Qinglan Expressway
in China, demonstrating relatively high accuracy. Overall,
the deterministic prediction methods have their advantages,
but the uncertainty methods, such as the Bayesian
optimization-based GPBE model proposed by the authors,
can better quantify the uncertainty arising from the complex
and uncertain metro settlement process. These methods can
provide reliable and accurate probabilistic predictions of
settlement, which is essential for ensuring the safety and
efficiency of metro construction and operation.

However, the metro construction process involves
various uncertain factors, and the deterministic prediction
method may not effectively quantify the uncertainty (Zhang
et al. 2019, 2023, Fang et al. 2020). Therefore, uncertainty
prediction methods are becoming more popular in
settlement prediction. For instance, Bullock et al. (2019)
proposed a model for predicting the settlement of shallow
foundation structures on liquefied foundations during
earthquakes. They modeled the estimated uncertainty of the
model using a lognormal distribution, and the total
uncertainty of their prediction had strict characteristics.
Gong et al. (2014) used the maximum likelihood method to
estimate statistical data of soil parameters from hypothetical
field exploration at different levels, analyzed land
subsidence caused by tunnel excavation using the
probability method, and assessed the effect of field
exploration. Wang et al. (2013) used a smooth correlation
vector machine with wavelet kernel (wsRVM) to study the
development of surface subsidence caused by tunnel
excavation. The results showed that the prediction model
performed well, and the forecast distribution could provide
a measure of forecast uncertainty. Overall, uncertainty
prediction methods can better handle the uncertainty arising
from the complex and uncertain metro settlement process,
and provide more reliable and accurate probabilistic
predictions of settlement, which is essential for ensuring the
safety and efficiency of metro construction and operation.

In uncertainty prediction methods, there are many
unknown parameters known as hyperparameters that require
optimization algorithms to automatically identify them (Ni
et al. 2023, Zhang et al. 2020b, Luat et al. 2020).
Hyperparameters also have uncertainty characteristics that
need to be optimized by the optimization algorithm based
on uncertainty theory (Han et al. 2022). For example, Chen
and Sun (2021) developed a Bayesian learning approach to
update the complete model and quantify uncertainty to
determine the baseline of damage detection. Huang et al.
(2021) introduced the Bayesian optimization algorithm to
optimize the hyperparameters of the gradient-enhanced
regression tree to obtain more satisfactory prediction
accuracy and calculation cost. Liu et al. (2020b) used
DEPSO to introduce differential evolution (DE) operators
into the elementary particle swarm optimization (PSO)
algorithm to estimate the hyperparameters of the Gaussian
process regression model. Madra ez al. (2019) calibrated the
model’s hyperparameters using a customized multi-
objective evolutionary algorithm. Tan et al. (2016)

developed a fast variational approximation scheme for
Gaussian processes that enables the uncertainty of the
hyperparameters of the covariance function to be handled
without the use of Monte Carlo methods and is robust to
overfitting. Overall, optimizing hyperparameters is crucial
in uncertainty prediction methods to improve the accuracy
and reliability of the prediction. The optimization
algorithms can be customized and tailored to the specific
characteristics of the model and the dataset, and can be used
to handle the uncertainty of hyperparameters, which is
essential for effective metro settlement prediction.

In this paper, the improved Gaussian Prior Bayesian
Emulator (GPBE) was established based on Bayesian
optimization (BO), that is, BO-GPBE. The present BO-
GPBE model enables analytical expressions of posterior
predictive distribution, which overcomes the issue of the
high computational cost. The application of the BO-GPBE
to probabilistic predicts of the settlement is verified based
on SHM data collected from Nanjing Metro Line 10. The
influence of five different acquisition functions in BO,
which include expected improvement (EI), expected
improvement per second (EIPS), expected improvement per
second plus (EIPSP), lower confidence bound (LCB),
probability of improvement (PI) on prediction performance
of the settlement is investigated.

2. Probability prediction model based on
BO-GPBE

2.1 Bayesian theory

Bayes theorem was developed by Thomas Bayes to
describe the relationship between two conditional
probabilities. In other words, the Bayesian theory is a
probability model, which can be expressed by (Ni et al.
2020)

p(4,B) p(A)p(B|4)

PAIB) ==y = o) (1)
x p(A)p(B|A)

where p(A|B) is the a posteriori probability of event A;
p(B|A) is the likelihood function, which is the
modification of prior probability after considering new
evidence, and new evidence can change our estimate of
probability by affecting likelihood; p(A4) is the a priori
probability of event A, which is a preliminary estimate of
the probability before considering new evidence, and the
prior probability is usually based on previous experience,
knowledge or assumptions; p(B) is a constant.

It can be seen that if we want to know the probability of
parameter 4 when parameter B is known, we can calculate
it by likelihood function and prior function. Specifically, in
the process of Bayesian update, we first calculate the
posterior probability according to the prior probability and
likelihood, and then this posterior probability becomes a
new prior probability for the next Bayesian update. This
process can be repeated to constantly update the probability
estimates based on new evidence. Furthermore, when there



A long-term tunnel settlement prediction model based on BO-GPBE with SHM data 19

are n random events, that is, Aj,..., A,, , which can be
expressed by (Ding et al. 2023f).
p(A;B) _ p(A)p(B|A;)

p(Ai|B) = 2)

r(B) i=1P(ADP(BIA)
2.2 Gaussian prior Bayesian emulator

Gaussian process is a random process, that is, a set of
random variables indexed by time or space. The finite
random variables in this set form a multi-dimensional
Gaussian distribution. Gaussian process is the joint
distribution of all random variables in this set. Suppose
there are n data sets D = {(x;,¥;)|i=1}, xi is the input value
and y; is the output value. Based on the Gaussian process,
the following relationship exists between the input value
and the output value, that is, (Wan and Ni 2018)

y=f(x)+e e~N(0,0%) A3)
where f(x) represents the implicit function; ¢ is noise; 62
is the variance of the error value. In the assumption of
Gaussian process, the mean function m(x) and covariance

function C(x, x’) of implicit function can be expressed by
(Wan and Ni 2018)

m(x) = E[f ()] W
Cex) = BI(F() = mE) (F () = m )]

Furthermore, the joint Gaussian distribution can be
expressed as (Wan and Ni 2018)

pen- (1S %)

c=CXX) Q)
C.,=C(x,X)
C =C(x,,x,)

where X = {x;}[i1, ¥ = {yi}lis, £=FX), fo = f(x).
Based on the Bayesian theorem, the posterior
distribution of the predicted value can be expressed by

_p(E, £)p(YID)
p(Y|f) = N (f,01,)

where I, is an identity matrix of n x n.

Based on the definition of conditional probability
distribution, when the value of observation output Y is
given, the posterior distribution of prediction output f, can
be expressed as

P = [ p(E £ at

1 (7
-5 f p(E, £)p(Y|f)df

When all parameters in Eq. (7) can be expressed by
Gaussian distribution, the posterior distribution of
prediction output can also be expressed by Gaussian
distribution, that is, Gaussian Prior Bayesian Emulator
(GPBE) (Ye et al. 2021)

p(£lY) = N (us, 0f)
s, = CKY ®)
g =C—CIK™'C,

where K = C + ¢?1,,.

Obviously, the mean function and covariance function
are important functions in the Bayesian prediction model
based on Gaussian process. Generally, the mean function is
assumed to be 0 (Wan and Ni 2019), and the covariance
function is squared exponential (SE), which can be
expressed as

_ N2
Cop(x,x) = 0% exp [— %] ©)

where 7 is the signal variance and ¢ is the characteristic
length scale. Specifically, #> represents the random noise in
the model. Larger signal variance means larger noise of
observation data, while smaller signal variance means
smaller noise of observation data. By adjusting the signal
variance, the fitting degree of the Gaussian process model
to the observed data and the prediction uncertainty of the
unknown data can be controlled. ¢ determines how fast the
function changes in the input space. A larger length scale
means that the function changes slowly, while a smaller
length scale means that the function changes violently. By
adjusting the length scale, the smoothness and fluctuation of
Gaussian process model can be controlled.

2.3 Evaluation of hyperparameters with the
Bayesian optimization

In machine learning literature, the parameters of GPBE
are commonly termed as hyperparameters, that is, the signal
variance 7% and the characteristic length scale £. Bayesian
optimization (BO) is an application method of the Bayesian
theorem, which incorporates prior distribution and updates
the prior with samples drawn from to obtain a posterior that
accurately approximates (Brochu et al. 2010). Thus, the
hyperparameters problems in the GPBE can be solved by
BO, which can be cast as an optimization problem by
maximizing or minimizing an objective function with some
unknown parameters (Wang et al. 2019).

In general, the objective function J(8) can be sampled
at 6, = argmaxu(0|D;.;—,), where u is the acquisition

6

function and D,y = {(61,7(61)), ., (6:-1,](6;_1))} are
the #-1 samples drawn from the objective function so far
(Vereecken et al. 2020). Generally, the acquisition function
has many forms (Jones et al. 1998, Bull 2011, Snoek et al.
2012, Gelbart et al. 2014), such as expected improvement
(EI), expected improvement per second (EIPS), expected
improvement per second plus (EIPSP), lower confidence
bound (LCB), probability of improvement (PI), and etc.,
which can be expressed separately as the Eq. (10) to Eq.
(14).

EI(Q) =E maXU(gbest) _](9)’ 0) (10)
_EI(6)
EIPS(0) = "0 (11)
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Eipsp(o) = (4O Ohe) ~DOD) + 0@ 1 o) >0
0 if o(x)=0 (12)
7= {(#(9) —J(Opest) —§)/a(0) if a(6) >0
0 if 0(0)=0
LCB(#) = u(0) — Ba(6) (13) The station hall is located on the first floor underground,
and the platform is on the second floor underground, with
PI(8) = u(6) — J(Opest) (14) an effective platform width of 13 m. The total length of the

where 8 = {5?, {} in the GP model; J(8,,s.) is the value of
the best sample so far, and O, is the location of that
sample, i.e., Oh.; = argmin J(6;); w(@) and ()
0€{61,0;...6t}

are the mean and standard deviation of the GP posterior
predictive at 0, respectively; @(Z) and ¢(Z) are the
cumulative distribution function and probability density
function of the standard normal distribution, respectively;
and ¢ determines the amount of exploration during
optimization, where higher values lead to further
exploration.

3. Engineering application

Zhongsheng station of line 7 is located at the
intersection of Taishan road and Hexi street, which is
planned to open to traffic in 2023 year. It is arranged along
the north-south direction of Taishan Road and intersects
with Zhongsheng station of line 10. At the intersection,
Zhongsheng station of line 7 crosses Zhongsheng station of
line 10. The station scale is 270 m % 21.9 m x 21.06 m
(long x wide x deep). The Zhongsheng station of the
existing line 10 is arranged in the east-west direction along
the south side of Hexi street, which can be seen as Fig. 1
(Ding et al. 2023g, h).

The existing Zhongsheng Station on Line 10 has a
narrow transfer space and a side platform with a width of
only 3.75 m, which includes one bay in the paid area and
two bays in the non-paid area. Due to this, there is severe
passenger flow congestion during operation. In contrast, the
newly built Zhongsheng Station on Line 7 is an island type
station with a rectangular frame structure, consisting of two
floors underground (partially three floors) and a column
spacing of 9 m. It was constructed using the open
excavation method (partially concealed excavation method).

Fig. 1 General layout of Zhongsheng station

station outer covering is 270.0 m, the outer covering width
of the standard section is 21.9 m, and the thickness of the
roof covering soil is about 3.2 m. The buried depth of the
bottom plate of the standard section is 20.76 m, and the
buried depth of the bottom plate of the left and right end
wells is 22.15 m.

Zhongsheng station of existing Line 10 was completed
in 2004, and initial value monitoring during the operation
period was completed in August 2005. The construction of
the underground excavation and underpass section of the
new Line 7 station may have several impacts on the
Zhongsheng station of existing Line 10, including: (1)
Improper opening of MIJS, horizontal freezing holes, and
deep hole grouting may result in water and sand gushing,
posing a potential safety hazard to the settlement of
operating subway stations. (2) MIJS is adjacent to the
existing line pile site for shotcrete construction, and the
pressure in the formation is controlled too high, which may
cause uplift to the existing line station. (3) The freezing
construction may have significant frost heave effects due to
uneven solid addition and local water systems, which may
cause uplift effects on existing lines. (4) The MIJS
horizontal reinforcement area outside the excavation section
of the concealed excavation section is located in the silty
fine sand layer and silty soil layer, which is a confined
aquifer with poor self-stability. During the construction
process, the hole wall may collapse, leading to accidents
such as buried drilling and hole mouth surge, causing
disturbance to the soil under the bottom plate of the
Zhongsheng station of existing Line 10, affecting the
stability of the existing Line 10. (5) At the end of freezing
and thawing, the thawing settlement of the soil layer has a
significant impact on the bottom slab of the upper station,
resulting in an impact on the structural stability of the
Zhongsheng station of existing Line 10. (6) During the
excavation of the underpass section, the disturbance of soil
excavation and the inadequate support of the cross-section
are likely to cause settlement impact on the Zhongsheng
station of existing Line 10. (7) The freezing water stop
effect is not ideal, and water and sand gushing occur during
the excavation process, affecting the operation safety of the
existing line. (8) After excavation, improper support
removal or failure of poured concrete to meet strength
requirements may affect the stability of the existing line. (9)
After the construction of the secondary lining is completed,
gaps behind the structure may have a safety impact on the
long-term operation of the existing line. (10) During the
excavation process, the MJS reinforced solids and frozen
curtains need to bear the water and soil pressure of the
external confined water. If the reinforcement strength is
insufficient, it may cause sudden surges in the reinforce-
ment area at the excavation bottom, which may affect the
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(a) General layout of monitoring points of line 10

(b) Measuring point and monitoring system

Fig. 2 General layout of Zhongsheng station

stability of the existing line.

The SHM system deployed on Zhongsheng Station is
shown in Fig. 2, consisting of 31 settlement monitoring
points before the construction of new Metro Line 7, denoted
as J1 - J31, and four settlement monitoring points after the
construction of new Metro Line 7, denoted as M1 - M4.
Specifically, the letter J represents the existing column, and
the letter M represents the reinforced column. The distance
between existing columns is 10m, and the distance between
existing columns and reinforced columns is 5Sm. However,
due to the extensive monitoring layout point map, some
monitoring layout points have been cut off, mainly
including the monitoring layout points of new Metro Line 7
that crosses the existing Line 10, denoted as J12 - J19.

The settlement monitoring data from November 23,
2018 to November 23, 2021 were used to demonstrate the
presented BO-GPBE prediction model. As shown in Figs.
3-7, during 2018 and 2019 year, the settlement of the
existing tunnel structure was caused by the deformation of
the structure during the excavation process of construction,
resulting in settlement. During 2019 and 2020 year, the
settlement and deformation of the existing tunnel structure

were stable because, after the completion of construction,
without external interference, the tunnel structure would not
experience significant deformation, and uniform settlement
would be generated under its own load. During 2020-2021
year, the construction of new tunnels caused the existing
tunnel structure to rise. The management unit adopted MJS
to reinforce the existing structure to ensure that the
deformation of the existing tunnel structure did not exceed
the specified value. Therefore, it is apparent that the
excavation of the new tunnel had an impact on the existing
structure.

To overcome the computational intensity of predicting
time series as more data becomes available, the moving
window strategy is adopted to reduce the size of the training
data, effectively alleviating the high computational cost. As
the window slides along the data, a new process model is
generated by including the newest sample and excluding the
oldest one. With the moving window strategy, a small set of
training data, closest to the prediction point and with a fixed
size, is adopted for constructing BO-GPBE. In this paper,
the moving window size is set to 10. Specifically, the next
settlement value is only related to its previous ten historical
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settlement values. The predicting results of monitoring
points J13-J17 of Line 10 based on different acquisition
functions, i.e., EI, EIPS, EIPSP, LCB, and PI, are shown in
Figs. 3-7. As depicted in Figs. 3-7, the proposed model with
different acquisition functions (EI, EIPS, EIPSP, LCB, and
PI) can effectively predict the deformation patterns
(settlement and float) of existing tunnel structures and
reflect the trend of deformation. Furthermore, the proposed
model can fully characterize the uncertainty of deformation
data by using the 95% confidence interval to represent the
uncertainty of predicted data. Specifically, during the
training process, the training values based on the BO-GPBE
model are in good agreement with the measured settlement
values. During the prediction process, the predicted values

based on the BO-GPBE model are within the upper and
lower ranges of the measured settlement values, that is,
95% confidence interval.

It can be seen from the Figs. 3-7, the settlement value of
each monitoring point decreases (sinking), then increases
(floating), and finally tends to be stable. Specially, the
settlement has increased (floating) significantly during 2019
to 2020 year, which is caused by the construction of new
Metro Line 7. In other words, when the new subway crosses
the existing subway, the original stress changes due to the
disturbance of the surrounding rock and soil mass, resulting
in sinking or floating. Furthermore, the root mean square
error (RMSE) is used to assess the performance of different
acquisition functions in settlement predict quantitatively,
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that is However, the prediction performance of the BO-GPBE
N model varies for different monitoring data. For instance, for
|1 5 (15) the monitoring points J12-J19, the prediction performance
RMSE = ﬁz(y P M) of the established model is relatively poor, mainly because
t=1

where y; is the measured settlement and ; is the BO-GPBE
prediction. Obviously, the smaller the RMSE value, the
better the prediction performance.

The RMSE of GPBE prediction results based on
different acquisition functions (BO) is shown in Fig. 8. As
depicted in Fig. 8, the proposed BO-GPBE prediction
model can well predict settlement, and its RMSE value of
prediction at each monitoring point does not exceed 0.3.

this part of the monitoring points is greatly affected by the
construction of new subways, resulting in significant
changes in settlement. Specifically, under the EI acquisition
function, the RMSE value of J12 monitoring point is 0.212;
The RMSE value of J13 monitoring point is 0.191; The
RMSE value of J14 monitoring point is 0.136; The RMSE
value of J15 monitoring point is 0.193; The RMSE value of
J16 monitoring point is 0.162; The RMSE value of J17
monitoring point is 0.211; The RMSE value of J18
monitoring point is 0.165; The RMSE value of J19
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monitoring point is 0.171.

In the contrast, under the EI acquisition function, the
RMSE value of J1 monitoring point is 0.130; The RMSE
value of J2 monitoring point is 0.152; The RMSE value of
J3 monitoring point is 0.152; The RMSE value of J4
monitoring point is 0.160; The RMSE value of J5
monitoring point is 0.170; The RMSE value of J6
monitoring point is 0.170; The RMSE value of J7
monitoring point is 0.172; The RMSE value of J8
monitoring point is 0.135; The RMSE value of J9
monitoring point is 0.164; The RMSE value of J10
monitoring point is 0.164; The RMSE value of J11
monitoring point is 0.180; The RMSE value of J20
monitoring point is 0.23; The RMSE wvalue of J21
monitoring point is 0.210; The RMSE value of J]22
monitoring point is 0.145; The RMSE value of J23
monitoring point is 0.131; The RMSE value of J24
monitoring point is 0.156; The RMSE value of J25
monitoring point is 0.162; The RMSE value of J26
monitoring point is 0.141; The RMSE value of J]27
monitoring point is 0.145; The RMSE value of J28
monitoring point is 0.143; The RMSE value of J29
monitoring point is 0.172; The RMSE value of J30
monitoring point is 0.163; The RMSE value of J31
monitoring point is 0.148. Obviously, the change of RMSE
value of settlement prediction of monitoring points J12-J19
is the largest, while the change of RMSE wvalue of
settlement prediction of monitoring points J1-J11 and J20-
J31 is relatively small.

Moreover, the different acquisition functions (EI, EIPS,
EIPSP, LCB, and PI) have no effect on settlement
prediction, which fully demonstrates the robustness of the
acquisition function. Specifically, the RMSE value of J12
monitoring point is 0.211, 0.210, 0.210, 0.211 with the
EIPS, EIPSP, LCB, PI, separately. The RMSE value of J13
monitoring point is 0.195, 0.190, 0.189, 0.194 with the
EIPS, EIPSP, LCB, PI, separately. The RMSE value of J14
monitoring point is 0.136, 0.137, 0.136, 0.137 with the
EIPS, EIPSP, LCB, PI, separately. The RMSE value of J15
monitoring point is 0.191, 0.193, 0.190, 0.192 with the

EIPS, EIPSP, LCB, PI, separately. The RMSE value of J16
monitoring point is 0.162, 0.162, 0.161, 0.162 with the
EIPS, EIPSP, LCB, PI, separately. The RMSE value of J17
monitoring point is 0.212, 0.207, 0.217, 0.206 with the
EIPS, EIPSP, LCB, PI, separately. The RMSE value of J18
monitoring point is 0.165, 0.166, 0.167, 0.165 with the
EIPS, EIPSP, LCB, PI, separately. The RMSE value of J19
monitoring point is 0.171, 0.167, 0.174, 0.208 with the
EIPS, EIPSP, LCB, PI, separately. It can be seen that the
established BO-GPBE model is robust and universal, that is,
the acquisition function has little effect on the settlement
prediction value. Therefore, we can use this model to
predict the deformation of other tunnel structures
(settlement and float), which has universal applicability.

4. Conclusions

In this paper, this paper proposed a Gaussian Prior
Bayesian Emulator (GPBE) probability prediction model
based on Bayesian optimization (BO), namely BO-GPBE.
We discuss the influence of five different acquisition
functions on prediction performance, including expected
improvement (EI), expected improvement per second
(EIPS), expected improvement per second plus (EIPSP),
lower confidence bound (LCB), and probability of
improvement (PI). Additionally, we analyze the settlement
change of the new metro on the existing metro based on the
SHM data. Some conclusions are as follows: (1) From 2019
to 2020 year, the new Metro Line 7 has a significant impact
on the settlement of the existing Metro Line 10, resulting in
a significant increase in settlement (floating). However,
with maintenance during the construction process, the
settlement eventually stabilizes. (2) The proposed BO-
GPBE model can effectively consider the uncertainty of
settlement and predict settlement with good performance,
which is verified by the SHM data. (3) Different acquisition
functions have little influence on predicting settlement,
indicating that the performance of the BO-GPBE model is
similar and robustness of the acquisition function.
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