
www.jzus.zju.edu.cn; www.springer.com/journal/11582
E-mail: jzus_a@zju.edu.cn

Journal of Zhejiang University-SCIENCE A (Applied Physics & Engineering)   2023 24(11):960-977

Short-term tunnel-settlement prediction based on Bayesian wavelet: 
a probability analysis method

Yang DING1,2,3, Xiaowei YE4, Zhi DING1, Gang WEI1, Yunliang CUI1, Zhen HAN5, Tao JIN3*

1Key Laboratory of Safe Construction and Intelligent Maintenance for Urban Shield Tunnels of Zhejiang Province, Hangzhou City University, 
Hangzhou 310015, China 
2Zhejiang Engineering Research Center of Intelligent Urban Infrastructure, Hangzhou City University, Hangzhou 310015, China 
3Department of Civil Engineering, Hangzhou City University, Hangzhou 310015, China 
4Department of Civil Engineering, Zhejiang University, Hangzhou 310058, China 
5Nanjing Metro Operation Co., Ltd., Nanjing 210012, China

Abstract: As urbanization accelerates, the metro has become an important means of transportation. Considering the safety 
problems caused by metro construction, ground settlement needs to be monitored and predicted regularly, especially when a 
new metro line crosses an existing one. In this paper, we propose a settlement-probability prediction model with a Bayesian 
emulator (BE) based on the Gaussian prior (GP), that is, a GPBE. In addition, considering the distortion characteristics of 
monitoring data, the data is denoised using wavelet decomposition (WD), so the final prediction model is WD-GPBE. In 
particular, the effects of different prediction ratios and moving windows on prediction performance are explored, and the 
optimal number of moving windows is determined. In addition, the predicted value for GPBE based on the original data is 
compared with the predicted value for WD-GPBE based on the denoised data. One year of settlement-monitoring data collected 
by a structural health monitoring (SHM) system installed on the Nanjing Metro is used to demonstrate the effectiveness of WD-
GPBE and GPBE for predicting settlement.

Key words: Metro construction; Settlement probability prediction; Structural health monitoring (SHM); Wavelet denoising; 
Gaussian prior (GP); Bayesian emulator (BE)

1 Introduction 

Metro is an important part of urban rail transit 
(Cheng et al., 2020; Qu et al., 2023). In recent years, 
it has become the trend in urban development, and is 
an effective way to solve urban traffic congestion, save 
energy, and reduce pollution. However, the ground settle‐
ment caused by its construction process is an urgent 
problem to be solved (Kong et al., 2020; Liang et al., 
2022). For example, on Mar. 28, 2007, construction 
of Beijing Metro Line 10 resulted in the collapse of 
the project. On July 1, 2003, construction of Shanghai 
Metro Line 4 caused a high-rise building to collapse. 
The sand layer of Qingdao Metro Line 2 collapsed on 

Apr. 13, 2018 (Wu et al., 2018). Sysyn et al. (2021b) 
studied the mechanism of sleeper–ballast dynamic 
impact in the void zone. The results of experimental 
in situ measurements of rail deflections showed signif‐
icant impact accelerations in the zone even for light‐
weight, slow vehicles. Furthermore, the group presented 
theoretical and experimental studies directed at the 
development of methods for sleeper-support identifi‐
cation (Sysyn et al., 2020a). Among other approaches, 
they used track-side and on-board monitoring methods 
to avoid or delay the development of local instabili‐
ties such as ballast breakdown, white spots, and sub‐
grade defects. For example, they used high-speed video-
recording and digital-imaging correlation methods 
to measure dynamic rail displacements (Sysyn et al., 
2021a). In addition, they proposed a practical method 
of void parameter quantification (Sysyn et al., 2020b). 
Obviously, irregular rates of settlement will lead to 
an increase in maintenance costs, thereby affecting the 
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reliability and availability of transportation. Therefore, 
it is necessary to conduct long-term monitoring of settle‐
ment and predict it based on massive data to avoid 
potential accidents.

At present, structural health monitoring (SHM) 
systems are mainly used for real-time monitoring of 
settlement; these include level gauges, strain gauges, 
and other sensors that can obtain real data (Ng et al., 
2013; Gómez et al., 2020). For settlement prediction, 
theoretical analysis methods and machine learning 
methods are used (Samui, 2008; Yao et al., 2018; Li 
et al., 2021). For example, Mu et al. (2021) used the 
numerical model to simulate and predict the tunnel-
lining deformation of Foshan Metro Line 2, and com‐
pared it with the monitoring data. Qu et al. (2021) com‐
bined the measured deformation data with the circular 
sliding theory to study the deformation based on the 
limit equilibrium method. Xiang et al. (2008) estimated 
the possible additional settlement of pile foundation 
using empirical and theoretical analysis and numerical 
simulation of the construction process.

Obviously, the expressions of theoretical predic‐
tion models are complex and difficult to solve. In addi‐
tion, a large number of soil parameters are required, 
which increases the uncertainty of the predicted value 
(Liu et al., 2022; Wang et al., 2022; Ding et al., 2023e, 
2023f). In contrast, the settlement-prediction model 
based on machine learning algorithms only requires 
settlement data, that is, the machine-learning algorithm 
can fully mine the information from the data and then 
predict the next settlement value (Gong et al., 2014; 
Li et al., 2019; Ye et al., 2019, 2020; Ding et al., 2023c). 
Machine-learning prediction models are primarily 
divided into two categories: deterministic prediction 
and uncertain prediction (Chitsazan et al., 2015; Chen 
et al., 2019; Law et al., 2020). For deterministic 
methods, the predicted settlement is a definite value, 
while for the uncertain method, it is an interval value. 
For example, Ji et al. (2014) proposed a time-series 
method based on least square support vector regres‐
sion (LSSVR) to predict dynamic lateral deformation 
and surface subsidence of support structures in deep 
foundation pit engineering. Wang et al. (2013) used the 
smooth correlation vector machine with wavelet kernel 
to study how the land subsidence caused by tunnel 
excavation develops. Shahin et al. (2005) presented the 
uncertainties associated with settlement prediction and 
combined Monte Carlo simulations with deterministic 

neural network models to obtain possible distributions 
of predicted settlements.

The SHM system faces two major difficulties 
during operation, namely that it powers off, which leads 
to data loss, and it is subjected to external interference, 
which leads to data distortion (Farrar et al., 2006). 
Therefore, it is necessary to reduce noise and supple‐
ment monitoring subsidence data. Tay (2021) developed 
a recursive graph median filter that can be highly local‐
ized and implemented through distributed processing. 
Huang et al. (2019) proposed a new approach that com‐
bines displacement entropy and spectral substitution 
with integrated empirical mode decomposition (EMD). 
Jiang et al. (2007) developed a Bayesian discrete wavelet 
packet transform denoising method and studied the in‐
fluence of noise in measured data on structural system 
identification. Zhang et al. (2017) proposed a new 
hybrid approach that integrates wavelet packet trans‐
form and an LSSVM to improve the accuracy and re‐
liability of daily tuning-induced land-settlement esti‐
mates. Ding et al. (2011) established a stochastic model 
and regarded the settlement data as a time series and 
the measurement error as a stable and normally dis‐
tributed random process.

In this study, a settlement-probability prediction 
model is established with a Bayesian emulator (BE) 
based on the Gaussian prior (GP), that is, a GPBE. 
Specifically, the BE probability prediction model is 
derived based on the Bayesian theorem and GP. The 
original settlement-monitoring data are denoised based 
on wavelet decomposition (WD), and thus the final 
model is WD-GPBE. The application of GPBE and 
WD-GPBE models of settlement is verified based on 
SHM data collected from the Nanjing Metro.

2 Methodology 

2.1 Wavelet decomposition method

In general, monitoring sequence data has wave‐
form characteristics, while real-time sequence data has 
repeatability characteristics (Sandham et al., 1998). 
Therefore, sequence data can be represented as an 
infinite waveform function (He et al., 2010). The WD 
method decomposes monitoring data step by step by 
way of high and low frequencies, that is, it decomposes 
time-series data by wavelet function (Wang and van 
der Schaar, 2006):
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ψ(t)=
1

a
ψ ( t - b

a ) 
a = 2j
b = k ´ 2j (1)

where t is the time, a is the scale factor, b is the trans‐
lation factor, j is the scale coefficient, and k is the 
translation coefficient.

By setting the threshold T for the above wavelet 
coefficients, the high-frequency data in the monitoring 
data can be filtered out; the noise information contained 
in the wavelet function which surpasses the threshold 
is completely eliminated (Hashemi and Beheshti, 2014). 
Nowadays, the Bayes Shrink threshold-estimation 
method is used to determine the threshold (Sendur and 
Selesnick, 2002). With this method, the wavelet func‐
tion is modeled based on the statistical characteristics, 
and then the threshold T is obtained according to 
Bayesian estimation (Hashemi and Beheshti, 2010):

T =
σ 2

n

σw

 (2)

where σn is the standard deviation of noise, and σw is 
the standard deviation of the initial wavelet function.

2.2 Bayesian emulator

The BE is a probability model based on Bayes‐
ian theory, which can be expressed by

p (A|B) =
p ( )A B

p ( )B
=

p ( )A p ( )B|A

p ( )B
µ p (A) p (B|A)  (3)

where p (A|B) is the a posteriori probability of event A, 

p (A B) is the probability of both event A and event 

B occurring simultaneously, p (B|A) is the likelihood 

function, p (A) is the a priori probability of event A, 
and p (B) is a constant (Ni et al., 2020; Ding et al., 
2023g).

Furthermore, when there are n random events, that 
is, A1, A2, …, An, then

p(A i|B)=
p(A i B)

p(B)
=

p(A i )p(B|A i )

∑
i = 1

n

p(A i )p(B|A i )
. (4)

2.3 Gaussian prior

As can be seen from Bayesian theory, we need 
the a priori probability and the likelihood function 
of events. The a priori probability can be expressed 
by Gaussian distribution, that is, the GP (Ding et al., 
2023a). When the value of observation output Y is 
given, the posterior distribution of prediction output f* 
can be expressed as follows (Ding et al., 2023c, 2023f):

p( f*|Y )=∫p( f f*|Y )df =
1

p(Y ) ∫p( f f* )p(Y|f )df .   (5)

When all parameters in Eq. (5) can be expressed 
by Gaussian distribution, the posterior distribution of 
prediction output can also be expressed by Gaussian 
distribution, that is, by a GPBE prediction model (Ye 
et al., 2021; Ding et al., 2023b).

p( f*|Y )=N ( μ f*
 σ 2

f* ) 
μ f*
=C* K -1Y

σ 2
f*
= C͂ -C T

* K -1C* (6)

where C is the covariance function, K =C + σ 2
n In, C=

C(X X) , C*=C(x* X) , X={xi }|n
i=1, Y={yi }|n

i=1, f= f (X) , 

f*= f (x* ) , C͂=C(x* x* ) , p( f f* )=N ( éëêêêê ù
û
úúúú0

0
 é
ë
êêêê

ù
û
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C C*

C T
* C͂ ) , 

and In is an identity matrix of n×n.
In addition, it can be seen from Eq. (6) that deter‐

mination of the covariance function is the key to calcu‐
lating the predicted value. Possible approaches include 
the squared-exponential (SE) method, Matern (MA) 
covariance function, and periodic (PE) covariance func‐
tion. Here, we select SE covariance function to derive 
the mean and variance of the predicted value, that is,

CSE (x x′ )= η2 exp
é

ë

ê
êê
ê -

( )x - x′
2

2ℓ2

ù

û

ú
úú
ú  (7)

where η2 is the signal variance, and ℓ is the character‐
istic length scale. An implication of the SE correlation 
function is that the resulting sample functions are infi‐
nitely differentiable, expressing an assumption that the 
process to be modeled is very smooth.

The SE covariance function is clearly smooth, 
that is, with continuous variable X input, the output 
curve is very smooth, without singular characteristics. 
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Therefore, when the original data is processed by the 
WD method, it can be perfectly combined with the 
GPBE.

3 Illustrative application: Zhongsheng Station 
of Nanjing Metro 

Tunnel-settlement monitoring is a necessary method 
of understanding and controlling changes in tunnel struc‐
ture, finding dysfunction in time, and judging the safety 
risks. During operation, due to the reciprocating move‐
ment of subway trains, dynamic fatigue load will form, 
leading to settlement of the tunnel. Therefore, real-
time monitoring of settlement is needed. During the 
maintenance phase, when the settlement value returns 
to the safe range after reinforcement measures, main‐
tenance can be stopped and the tunnel can continue to 
operate. The early warning index of subsidence is 
formulated according to the technical specification 
for safety protection of urban rail transit structure 
(MOHURD, 2013) and monitoring regulation of urban 
rail transit engineering of Jiangsu Province of China 
(Jiangsu Provincial Department of Housing and Urban 
Rural Development, 2015). Once the early warning 
value is exceeded, the tunnel needs to be reinforced 
and maintained. Therefore, sedimentation can be used 
as a preventive index during operation. In the main‐
tenance phase, it can be used as a target indicator.

The Zhongsheng Station on the new Nanjing Metro 
Line 7, which is planned to open to traffic in 2023, 
crosses the existing Zhongsheng Station of Metro 
Line 10, with a station scale of 270 m×21.9 m×21.1 m 
(Ding et al., 2023d). The Zhongsheng Station, on the 
existing Metro Line 10, was completed in 2004, and 
the initial value monitoring during the operation period 
was completed in Aug. 2005. The SHM system at 
Zhongsheng Station includes 31 settlement-monitoring 
points before the construction of Metro Line 7 (J1–J31) 
and four settlement-monitoring points after the construc‐
tion of Metro Line 7 (M1–M4) (Ding et al., 2023b). 
The reinforced and existing columns and monitoring 
system at Zhongsheng Station are shown in Fig. 1.

Therefore, the settlement of monitoring points 
M1–M4 can represent the impact of the new metro on 
the existing metro. The original settlement-monitoring 
data from Mar. 19, 2021 to Jan. 19, 2022 is shown in 
Fig. 2a (Ding et al., 2023b) and the denoised data 

from Mar. 19, 2021 to Jan. 19, 2022 is shown in Fig. 2b. 
It can be seen from Fig. 2 that the settlement value at 
the monitoring point first increases and then decreases, 
that is, the settlement value in the growth phase is 
about 1.0–3.0 mm, while it is about 1.0–1.5 mm in the 
stable stage. This is because the settlement value in‐
creases due to disturbance of excavation construction 
in the growth stage. In order to avoid excessive settle‐
ment, the operation unit reinforced the column by the 
metro jet system (MJS) method and established subway 
protection measures, so as to control settlement changes 
and stabilize the tunnel. By comparing Figs. 2a and 2b, 
we can see that the settlement curve was smoother 
after noise reduction by the WD method; the WD 
method was able to delete anomalous data present in 
the monitoring data.

In the settlement-prediction probability model 
based on GPBE, there are two key parameters that 
need to be determined: prediction ratios and the moving 

Fig. 1  Photographs at Zhongsheng Station: (a) reinforced 
columns (M1–M4) and existing columns (J1–J31); (b) monitoring 
system. The distance between adjacent existing columns 
is 10 m, and the distance between adjacent existing and 
reinforced columns is 5 m

963



|    J Zhejiang Univ-Sci A (Appl Phys & Eng)   2023 24(11):960-977

window. The prediction ratios are the proportion of the 
predicted ratios in the data set. The moving window is 
the correlation between the settlement value and the first 
n data; n indicates the moving window. For example, 
when the moving window is 10, the first 10 data values 

are selected to predict the next data values. Also, the 
prediction curve is drawn by starting from the 11 orig‐
inal data points, which leads to the starting points of 
the x-axis in the prediction curve and original data 
being different.

Fig. 2  Settlement data for M1–M4: (a) original data (Ding et al., 2023b); (b) denoised data
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In this section, we discuss the influence of different 
moving windows and prediction ratios on the prediction 
performance of the proposed model. When the moving 
window is 1 and the predicted ratio is 1%, the predic‐
tion results based on the GPBE model are as shown 

in Fig. 3. Specifically, Fig. 3a shows the prediction 
results for the original data, and Fig. 3b shows the pre‐
diction results for the denoised data.

Similarly, when the moving window is 1 and the 
predicted ratio is 5%, the prediction results of the GPBE 

Fig. 3  Settlement probability prediction with a moving window of 1 and predicted ratio of 1%: (a) probability prediction 
based on original data; (b) probability prediction based on denoised data
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model are as shown in Fig. 4. Fig. 5 shows the prediction 
results with a moving window of 1 and predicted ratio 
of 10%. Fig. 6 shows the prediction results with a moving 
window of 5 and predicted ratio of 1%. With a moving 
window of 5 and a predicted ratio of 5%, the prediction 

results are as shown in Fig. 7. When the moving window 
is 5 and the predicted ratio is 10%, the prediction results 
based on GPBE model are shown in Fig. 8. When the 
moving window is 10 and the predicted ratio is 1%, the 
prediction results based on GPBE model are shown in 

Fig. 4  Settlement probability prediction with a moving window of 1 and predicted ratio of 5%: (a) probability prediction 
based on original data; (b) probability prediction based on denoised data
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Fig. 9. When the moving window is 10 and the pre‐
dicted ratio is 5%, the prediction results based on GPBE 
model are shown in Fig. 10. When the moving window 
is 10 and the predicted ratio is 10%, the prediction 
results based on GPBE model are shown in Fig. 11.

It is clear from these figures that the proposed 
GPBE probability prediction method satisfactorily de‐
scribes the variation law of settlement and gives a 95% 
confidence interval to the settlement value. In other 
words, the predicted settlement values are in the 95% 

Fig. 5  Settlement probability prediction with a moving window of 1 and predicted ratio of 10%: (a) probability prediction 
based on original data; (b) probability prediction based on denoised data
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confidence interval, which fully consider the uncer‐
tainty of settlement data.

In addition, the root mean square error (RMSE) 
is used to assess the performance of the prediction 

Fig. 6  Settlement probability prediction with a moving window of 5 and predicted ratio of 1%: (a) probability prediction 
based on original data; (b) probability prediction based on denoised data
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model in quantitative settlement prediction (Ye et al., 
2020). RMSE =

1
N∑

i = 1

N

( )yi -Mi

2
 (7)

Fig. 7  Settlement probability prediction with a moving window of 5 and predicted ratio of 5%: (a) probability prediction 
based on original data; (b) probability prediction based on denoised data
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where yi is the predicted settlement, and Mi is the mea‐
sured settlement.

Figs. 12–15 compare the prediction performances 
for the original data and denoised data using the GPBE 

model, with different moving windows. The figures 
demonstrate that as the prediction proportion increases, 
the prediction performance of the proposed GPBE 
model gradually deteriorates. This is because higher 

Fig. 8  Settlement probability prediction with a moving window of 5 and predicted ratio of 10%: (a) probability prediction 
based on original data; (b) probability prediction based on denoised data
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prediction ratios lead to a decrease in the ratios of the 
training set, which prevent full mining of the informa‐
tion in the measured data. In addition, different moving 

windows have different effects on prediction perfor‐
mance because the robustness of moving windows is 
unstable. The comprehensive calculation results show 

Fig. 9  Settlement probability prediction with a moving window of 10 and predicted ratio of 1%: (a) probability prediction 
based on original data; (b) probability prediction based on denoised data
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that a moving window of 5 provides the best predic‐
tion performance in the proposed model. Meanwhile, 
the prediction performance of the proposed model is 

worse for the original data than for the denoised data 
produced by WD; the settlement-prediction performance 
based on WD-GPBE is the best.

Fig. 10  Settlement probability prediction with a moving window of 10 and predicted ratio of 5%: (a) probability prediction 
based on original data; (b) probability prediction based on denoised data
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4 Conclusions 

In this paper, we propose a probability settlement-
prediction model with a BE based on the GP with 

WD, that is, WD-GPBE. A BE probability-prediction 
model based on GP is derived based on the Bayesian 
theorem. We discuss the effects of prediction propor‐
tion and moving windows on the model’s prediction 

Fig. 11  Settlement probability prediction with a moving window of 10 and predicted ratio of 10%: (a) probability prediction 
based on original data; (b) probability prediction based on denoised data
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Fig. 12  Influence of moving window and prediction ratios 
on prediction performance with M1 data: (a) RMSE of 
M1-original data with GPBE; (b) RMSE of M1-denoised 
data with GPBE

Fig. 13  Influence of moving window and prediction ratios 
on prediction performance with M2 data: (a) RMSE of 
M2-original data with GPBE; (b) RMSE of M2-denoised 
data with GPBE

Fig. 14  Influence of moving window and prediction ratios 
on prediction performance with M3 data: (a) RMSE of 
M3-original data with GPBE; (b) RMSE of M3-denoised 
data with GPBE

Fig. 15  Influence of moving window and prediction ratios 
on prediction performance with M4 data: (a) RMSE of 
M4-original data with GPBE; (b) RMSE of M4-denoised 
data with GPBE
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performance. Furthermore, we compare the prediction 
performances of GPBE and WD-GPBE models, and 
verify them based on SHM data from the Nanjing 
Metro. Some conclusions are as follows:

(1) The proposed GPBE probability-prediction 
model can obtain the development law of settlement 
and predict settlement change well. The settlement 
change is within the 95% confidence interval, and thus 
fully describes the uncertainty of settlement.

(2) The larger the prediction ratios of settlement, 
the worse the prediction performance of the GPBE 
model. A moving window of 5 offers the best predic‐
tion performance within the model.

(3) The prediction performance of the WD-GPBE 
model is better than that of the GPBE model, dem‐
onstrating that it is necessary to denoise the original 
settlement-monitoring data before using it in the model.

In future research, we will analyze how to use 
the proposed model to evaluate the safety status (the 
useful life) of tunnel structures and improve the settle‐
ment warning function.
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