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A B S T R A C T   

Ground-Penetrating Radar (GPR) has been widely used in the backfill grouting detections of shield tunnel 
construction. The proposed approach of automatic annular thickness measurement based on GPR monitoring 
system and BBP-XGBoost algorithm has been demonstrated to be an effective and efficient technique for 
detecting the backfill grouting of shield tunnel construction. The advantages include: (1) high accuracy: the 
proposed model is able to achieve high coefficients of regression R2 (0.943) for training sets and comparatively 
low RMSE values (0.421 and 1.32 cm) for both training and testing datasets, respectively; (2) high efficiency: the 
proposed XGBoost algorithm outscores other models in both accuracy and efficiency; (3) real-time output: the 
trained models were applied to automatically measure the annular grouting thickness of the Tianjin Metro tunnel 
constructions (China), with consistent real-time outputs for the engineers on site. The proposed approach pro
vides real-time and efficient guidance for the construction of shield tunnels.   

1. Introduction 

Grouting is a common practice for filling the gap between the tail 
shield of a tunnel boring machine and the tunnel concrete lining during 
the construction of shield tunnels, especially in densely-populated urban 
areas. The uniform-distributed grouting layer behind the linings serves 
as the primary method to control ground settlement and the first 
waterproof front of the tunnel structures. This layer of grouting can 
effectively reduce the ground settlements and the erosions of the tunnel 
lining by groundwater, and significantly reduce the leakage of the tun
nels [1]. However, if this layer is insufficient or unevenly-distributed, it 
can cause uneven ground settlements and water leakage at the joints of 
tunnels, which can compromise the safety of tunnel construction and 
operations [2]. 

Emerging non-destructive testing (NDT) technologies offer new ap
proaches and capacities to monitor the grouting during both construc
tions and operations. Given its fast featuring and high-resolutions, 
ground penetrating radar (GPR) technology, as one of the most impor
tant and effective non-destructive tools, has been increasingly used in 
tunnel structure inspections [3,4]. The backfill grouting is constructed 
within a range of approximate 1 m behind the tunnel linings, where 

concrete linings, backfill grout, and soils can be detected by the GPR. [5] 
A novel real-time back-fill grouting monitoring system and tunnel in
spection vehicle has been developed, which is based on the integration 
of a new GPR monitoring system in a shield tunnel machine [6]. Since 
GPR waveform data does not directly provide information regarding the 
distributions of the subsurface media, the interpretation of GPR data for 
buried structures has become a subject of wide academic interest and 
research. [7]. In tunnel construction sites, processing GPR radargrams to 
identify buried underground structures has always been a problem that 
plagued the application of GPR monitoring technology. Substantial 
effort has been invested in interpreting the GPR radargrams to seek 
different targets and pertinent potential structural diseases [8–13]. Zhai 
et al. introduced an imaging algorithm to enhance the radar reflections 
waveform based on the bi-frequency GPR antenna [10]. The interpre
tation of subsurface structures using GPR radargrams requires advanced 
technical expertise on the part of the engineer. Qin et al. [11] managed 
to develop a series of algorithms and to calculate the thicknesses of 
grouting through numerical experiments, yet more on-site validations 
needed to be resorted. Zhao et al. [14] introduced the multiple sup
pression algorithm for processing the GPR data concerning backfill 
grouting, with enhanced reflections observed in the processed GPR data. 
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Xie et al. [15] recommended algorithms (band-pass and K-L filter) for 
GPR data processing concerning existing backfill grouting. The appli
cation of these methods has improved the GPR data features, especially 
in the deeper regions, where the weak waveform reflections have 
become more discernible, thereby providing engineers with more 
recognizable images. However, the results should still be thoroughly 
interpreted by experts who possess vast knowledge and expertise in GPR 
and tunnel engineering. 

Recent years have seen a proliferation of research into the applica
tion of machine learning (ML) techniques to the analysis of structural 
monitoring data [13,16,17]. Qin et al. [18] used deep convolutional 
networks with data augmentation to estimate the thicknesses and 
probable voids in the mountainous tunnel linings from the GPR data. Liu 
et al. [19] set up a deep learning network to analyze GPR data for 
localizing the reinforcements in the concrete structures. Yue et al. [20] 
carried out a generation of GPR images using improved least squares 
GAN for detecting rebars. Akçali S [21] studied a region-based con
volutional neural network (RCNN) algorithm adapted for the buried 
target detections. Faster-RCNN frameworks were used by Minh-Tan 
Pham [22] for searching the hyperbola characters in the GPR data im
ages. The ML methods were also adopted by Lameri [23] for the land
mine recognition based on GPR and convolutional neural networks. 
Yamaguchi [24] explored the 3-D convolutional neural network and 
Kirchhoff migration for pipe inspection. Feng et al. [25] conducted ro
botic inspection of underground utilities for construction survey based 
on learning-based migration module. Feng et al. [26] also improve the 
3D GPR imaging by introducing a learning-based GPR data analysis 
method, which includes a noise removal module to clear the background 
noise in raw GPR data and a Convolutional Recurrent Neural Network 
(CRNN) to estimate the dielectric value of subsurface medium in each 
GPR B-scan data. Based on the literature review, machine learning 
(ML) techniques have been applied to numerous Ground Pene
trating Radar (GPR) applications, such as pipes, rebars, and con
crete targets, for data interpretation. However, the performance of 
ML techniques in estimating the annular thickness of backfill 
grouting is yet to be explored. GPR data related to the monitoring 
of backfill grouting lack clear waveform features, making it more 

challenging to interpret than the other GPR-ML practices previ
ously reported in literature. 

This paper proposes an annular grouting thickness monitoring 
method based on GPR monitoring system and novel extreme gradient 
boosting approach (XGBoost) algorithm [27,28]. The proposed method 
improves the efficiency of interpreting GPR data for annular grouting 
thickness in tunnels. The paper is structured as follows. Section 2 pre
sents an overview of the proposed method, including the preprocessing 
steps and a brief introduction of the principle of the Bi-frequency back 
projection-eXtreme Gradient Boosting (BBP-XGBoost) joint approach. 
Section 3 presents techniques for establishing the training GPR wave
form data through gprMax numerical simulations [29], and demon
strates the correlation between the accuracy of the XGBoost model and 
the degree of noises in the GPR simulation dataset. Section 4 discusses 
the full-scale experimental tests designed to establish the real GPR 
waveform dataset and the GPR monitoring system application in Tianjin 
metro 6. Additionally, it discusses the algorithms’ performances in 
predicting the annular grouting thickness of the Tianjin tunnels. Finally, 
Section 6 draws the conclusion that XGBoost showed the best perfor
mances in terms of accuracy on the GPR dataset and least time con
sumption. The proposed method and work introduced in this paper 
could provide real-time references for grouting constructions in shield 
tunneling, and could be applied to other GPR applications. Moreover, it 
could also inspire further studies in the field of GPR data interpretation 
with machine learning. 

2. Overview of the methodology 

The methodology overview of this paper is presented in Fig. 1. Pre
processing and Pattern Recognition Algorithm modules are developed 
for the GPR waveform datasets. Subsequently, gprMax simulation 
dataset and GPR monitoring experimental dataset are used to train and 
validate the algorithm modules. After training, the modules are adopted 
for predicting the annular grouting thickness based on GPR monitoring 
shield tunnel grouting radargrams. 

Fig. 1. Flows of methodology overview.  
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2.1. Wavelet analysis and denoising theory 

2.1.1. 1-D wavelet analysis 
GPR waveform data is a type of time-space sequence data, which 

possesses non-linearity and high signal-to-noise ratio characteristics. 
Traditional methods such as Gaussian denoising and median filtering 
often have multiple drawbacks. Therefore, wavelet theory has been 
developed to meet the requirements of time-frequency localization. 
Wavelet transform has become increasingly valued and adopted for 
signal processing in an array of academic research, yielding impressive 
outcomes in a wide range of applications. It is a time-frequency domain 
positioning analysis method that uses a fixed window size but is capable 
of changing the shape of wavelets. Wavelets are linear, narrow-band 
filters that can be rescaled to longer or shorter lengths, providing a set 
of convolutional filters that can detect features with scales matching the 
filters’ bandwidth. 1-D Wavelet Filters can also act as frequency filters 
with various localization properties (scale) [30]. 

Assuming that WT(α,τ) is a wavelet transform result, whose inner 
product is a square integrable function then 

WT(α, τ) = 1̅
̅̅
α

√

∫ +∞

− ∞
f (t)*ψ

(t − τ
a

)
dt (2.1)  

where, α and τ are the scaling factor and translation factor, respectively; 
ψ(t) is the basic wavelet function; f(t) is the original signal needed to be 
processed. 

From a signal science standpoint, wavelet denoising is a signal 
filtering problem, which can largely be seen as a low-pass filter. Yet, 
wavelet denoising has the advantage of preserving signal characteristics 
after denoising, making it a more effective approach than traditional 
low-pass filtering. This is due to the combination of feature extraction 
and low-pass filtering that wavelet denoising employs. 

In this paper, the PyWavelets [31] library provided by Python are 
adopted for wavelet analysis. PyWavelets provides a total of 14 wavelet 
basis functions, of which the db and sym wavelet system has good 
orthogonality and good sensitivity to non-stationary sequences, and it is 
proved in the literature that it is effective in denoising the monitoring 
sequence. [31]. 

2.1.2. Denoising based on wavelet transform analysis 
For the selection of wavelet basic functions and decomposition 

layers, several patterns should be aware of. If decomposition layers are 
too less, the amount of information contained in each layer is relatively 
large, and the denoising process is likely to lose effective information, 
resulting in poor results. If decomposition layers are too many, the noise 
information will be distributed in more layers, making noise removal 
difficult. According to the literature found [32], the range of decom
position layer were determined between 2 and 6. 

There are three main evaluation indexes of wavelet denoising effect 
[32], namely, smoothness index (r), signal-to-noise ratio (SNR), and root 
mean square error (RMSE). 

For RMSE, 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
[f (i) − f̂ (i) ]2

√

(2.2)  

where, f(i) is the original signal; f̂ (i) is the decomposed and recon
structed signal under a certain filter, and n represents the signal length, 
the same below. 

For r, 

r =

∑n− 1

i=1
[ f̂ (i + 1) − f̂ (i) ]2

∑n− 1

i=1
[f (i + 1) − f (i) ]2

(2.3) 

For SNR, 

snr = − 10lg

⎛

⎜
⎜
⎝

∑n

i=1
p̂

f (i)

∑n

i=1
pf (i)

⎞

⎟
⎟
⎠ (2.4)  

where, p̂
f (i)

and pf(i) represent the power of certain signals, respectively, 

the same below. 
It can be considered that the smaller the smoothness index, the 

smoother the signal and the better the denoising effect. 
The root mean square error only describes the difference in the de

tails of the denoised GPR signals, focusing on the detailed information of 
the signals; however, the smoothness (r) focuses on approaching GPR 
signals, and describes the overall trend characteristics of the denoising 
signal. Therefore, in order to examine whether the overall trend of the 
signal is well preserved after being denoised, the smoothness index must 
be used. 

In this paper, comprehensive evaluation index concerning both 
RMSE and smoothness are adopted [31]: 

E = WNRMSE ×NRMSE +WNr ×Nr +WNsnr ×Nsnr (2.5)  

where, W is the weight calculated based on the coefficient of variation. 
NRMSE, Nr andNsnrare the normalization form of RMSE, r and snr, 
respectively. According to the above monotonicity of the root mean 
square error and smoothness, it can be seen that the smaller the E value, 
the better the denoising effect. Given that the comprehensive metric can 
merely evaluate one trace of the GPR radargrams, the mean of all GPR 
traces for calculating the E values and choosing the wavelets basic 
functions and decomposition layers are adopted: 

MeanAscan =
1
k

∑k

i=1
Ascani (2.6)  

where A-scan is the single-channel trace of GPR the radargrams. 

2.2. Bi-frequency back projection method 

The Bi-Frequency Back-Projection (BBP) Algorithm was utilized to 
attain a high-quality visualization of the grouting distribution [10]. BBP 
is designed to enhance the detection quality and is based on the simul
taneous use of two B-scans of distinct dominant frequencies, 400 MHz 
and 900 MHz, which were adopted in the Ground Penetrating Radar 
(GPR) monitoring system applied in this experiment and site applica
tion. In this paper, the BBP method was employed for pre-processing and 
dual-frequency imaging for further machine learning. 

2.3. Ensemble learning and extreme gradient boosting tree (XGBoost) 

The decision tree enhancement is an efficient and widely used ma
chine learning method. In this paper, a scalable end-to-end tree 
augmentation system called XGBoost were resorted, which has been 
widely used by data scientists to obtain the latest results in many ma
chine learning challenges [27]. For the GPR radargrams being processed 
by the preprocessing steps, it still needs professional advices to identify 
the grouting. The adoption of the XGBoost aims at learning the re
lationships between the patterns of the radargrams and the thickness of 
the grouting. 

As an efficient implementation of GBDT, XGBoost is an algorithm 
with a particularly high upper limit, so it is more popular in algorithm 
competitions. Simply put, compared to the original algorithm GBDT 
(Gradient Boosting Decision Trees) [28], XGBoost is mainly optimized 
from the following aspects. 

First, the optimization of the algorithm itself: in the selection of the 
algorithm weak learner model, compared to GBDT only supporting de
cision trees, many other weak learners can be directly used. Second, in 
the loss function of the algorithm, in addition to its own loss, a 
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regularization part is also added. In the optimization method of the al
gorithm, the loss function of GBDT only performs a negative gradient 
(first-order Taylor) expansion on the error part, while the XGBoost loss 
function performs a second-order Taylor expansion on the error part, 
which is more accurate. 

The main flow of the XGBoost algorithm is hereby summarized, 
which is based on the decision tree weak classifier. 

The input is a GPR waveform training set sample I = {(x1,y1), (x2, 
y2), (x3,y3),…(xm,ym)}, where xi represents processed GPR waveform 
and yi represents the annular thickness of grouting. The maximum 
number of iterations is T, the loss function L, the regularization co
efficients are λ, γ. 

The output is a strong learner f(x). 
For the number of iterations t = 1, 2, …T,  

(1) Calculate the loss function L of the i-th sample (i-1,2,..m) in the 
current round based on the first derivative gti, second derivative 
hti, and then calculate the sum of the first and second derivatives 
of all samples Gt =

∑m
i=1gti and Ht =

∑m
i=1hti.  

(2) Based on the current node trying to split the decision tree, the 
default score is 0. G and H are the sum of the first and second 
derivatives of the node that needs to be split. 

For numbers of features k = 1, 2, …, K: 

Gt = 0,Ht = 0    

a) Arrange the samples according to the feature k from small to large, 
take the i-th sample in turn, and calculate the current sample in turn 
after classifying it into the left subtree, the sum of the first and second 
derivatives of the left and right subtrees: 

GL = GL + gti,GR = G − GL.

HL = HL + hti,HR = H − HL 

Try to update the maximum score: 

score = max

(

score,
1
2

GL
2

HL + λ
+

1
2

GR
2

HR + λ
−

1
2

(GL + GR)
2

HL + HR + λ
− γ

)

(2.7)    

(1) Split the subtree based on the divided feature and feature values 
corresponding to the maximum score.  

(2) If the maximum score is 0, the current decision tree is established 
and then calculate ωij of all leaf areas. Therefore, the weak learner 
ht(x) is presented, update the strong learner ft(x) and then initial 
the next round of weak learner iteration. If the maximum score is 
not 0, go to step 2) and continue to split the decision tree. 

The schematic of XGBoost Trees and the transmissions of residual 

errors are shown below in Fig. 2. 

3. Simulation and analysis 

In Section 3, GPR simulations were conducted to validate the feasi
bility of the proposed idea. Section 3.1 outlines the details of the nu
merical modeling, Section 3.2 presents the results and analysis, and 
Section 3.3 provides an analysis of the anti-noise validation. The pri
mary objectives of the GPR simulations were to conduct preliminary 
validations and analyze anti-noise effects. 

3.1. Numerical modeling 

3.1.1. gprMax 3.0 modeling 
The numerical model was established using gprMax 3.0 [29] and 

Python programming environment, which is an open-source simulator 
solving the 3D Maxwell’s equations using the Finite-Difference Time- 
Domain(FDTD)method [33]. The perfectly matched layer (PML) was 
implemented to avoid reflections from boundaries of the modeling 
domain [34]. It requires only a small number of mathematically- 
constructed cells for appropriate attenuation of reflections from the 
boundaries. In this case, the conductivity of PML regions was set as high 
as possible to achieve the complete absorption of propagating and 
evanescent waves thus eliminating electromagnetic boundary effects. 
Sources and receivers of antennas move along the air-segment interface 
(z = 1.9 m) every 0.005 m from x = 0.15 m to x = 0.85 m. The source 
pulse in the simulation is a Ricker wave with dominant frequencies of 
400 MHz and 900 MHz, respectively, which is the same as what was 
adopted in the GPR monitoring system [6,10]. According to the fre
quency, the grid of the model is set to dx = dz = 0.05 m and dy = 0.005 m 
to ensure that the cells are smaller than one tenth the wavelength in the 
medium (condition to respect to minimize discretization effects). Since 
the maximum possible time step determined by Eq. (2.6) is 0.0024 ns, 
the time step dt is set to 0.002 ns. Indeed, the time step dt should be: 

dt⩽
1

c
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
(dx)2 +

1
(dy)2 +

1
(dz)2

√ (2.6)  

Fig. 2. Schematic of XGBoost Trees and the transmissions of residual errors.  

Table 1 
The parameters involved in the gprMax numerical modeling.  

Layers Materials Dielectric 
Constant 

Thickness of 
materials (m) 

Conductivity 
(mS/m) 

Layer1 Air 1 0.1 0 

Layer2 
Concrete 6.5 0.35 0.1 
Reinforcements ∞ 8Φ10 @ 0.2 ∞ 

Layer3 Grouting 25 ~N(0.13,0.6) 5 
Layer4 Soils 40 ~N(1.37,0.6) 15  
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3.1.2. The GPR waveform dataset of simulating the backfill grouting 
Numerical modeling was used to evaluate the performance of an 

algorithm. Simulations of Tianjin metro line 6 on gprMax3.0 were 
conducted with the same size and electrical properties of linings, re
inforcements, grouting, and soils as presented in Table 1. The thickness 
of the grouting was designed to simulate unevenly distributed grouting, 
as shown in Fig. 3, following a Gaussian distribution ~N (0.13, 0.06), 
which was based on the width of the theoretical gaps in the Tianjin 
tunnel construction. Thirty groups of models were simulated on 
gprMax3.0 using dual frequencies of 400 and 900 MHz. The resulting bi- 
frequency waveform datasets, consisting of more than 100,000 data 
points, were sufficient to test the XGBoost algorithm. 

Table 1 summarizes the parameters adopted in the gprMax modeling. 
These parameters are based on the on-site experiment described in 
Section 4.1.2. The variable parameters include the thicknesses of 

grouting and corresponding soils, which have Gaussian distributions. 
This paper mainly adopts the XGBoost model, a predictive modeling 
technique that studies the relationship between GPR data and the 
spatially corresponding annular thickness of grouting. 

3.1.3. Pre-processing in the numerical modeling of gprMax3.0 
Prior to the implementation of data processing methods, a sequence 

of preprocessing steps must be completed, as illustrated in Fig. 4. Based 
on the literature, the following filters are used in sequence: DC 
component removal (DC is removed through average background sub
traction), wavelet denoising, automatic gain control (AGC) according to 
the depths, and normalization. The purpose of DC component removal is 
to eliminate direct transmissions and reflections of electromagnetic 
waves between the transmitting and receiving antennas, which are often 
significant in the recorded waveform [35]. The use of Automatic Gain 

(a) (b)

(c) (d)
Fig. 3. The numerical modeling and bi-frequency dataset. (a) The layered media of numerical model. (b) The numerical models with variable annular thickness of 
grouting. (c) The raw numerical radargram of 400 MHz antenna. (d) The raw numerical radargram of the 900 MHz antenna. 
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Control (AGC) in Ground Penetrating Radar (GPR) removes some of the 
near-field coupling between the antennas and the medium surface. This 
results in increased waveform strength in deeper regions, allowing for 
more reliable data acquisition [36]. The BBP algorithm was used to 
correlate and synthesize bi-frequency GPR data, resulting in the con
version of raw data into position-depth coordinates in both simulated 
and field test environments. Monitoring systems were used to record 
position-depth coordinates in the field tests [10]. Normalization was a 
common approach before machine learning algorithms were imple
mented, scaling the field strengths within − 1 to 1. 

3.2. Result and analysis 

3.2.1. Wavelets evaluations of simulating GPR waveform data 
Fig. 3(c) and (d) show the raw GPR radargram and the wavelets 

denoised radargrams, respectively. The mother wavelet function and 
decomposition layers were chosen based on the least evaluation metric. 
Fig. 5 indicates that sym10 is a suitable mother wavelet function and 
three layers are an appropriate choice for decomposing the GPR data for 
denoising. 

3.2.2. Simulating GPR waveform data after preprocessing 
The preprocessing techniques employed were aimed at eliminating 

noise and enhancing the buried characters. The preprocessed gprMax 
simulated data are shown in Fig. 6. The data were examined and a 
dataset of more than 5000 preprocessed data with variable grouting 
thicknesses was established (see Fig. 3(b)). 

3.2.3. The training XGBoost model for GPR numerical modeling data 
The XGBoost algorithm, introduced by Chen and Guestrin, is a novel 

implementation of gradient boosting machines, specifically for regres
sion trees [27]. This technique is based on the “boosting” concept, which 
combines the predictions of weak learners with additive training ap
proaches to construct a powerful learner. Fig. 7 shows a decrease in 
RMSE and R2 scores as more weak learners (regression decision trees in 
this paper) are adopted in the boosting process, indicating the success of 
the XGBoost model training. As illustrated in Fig. 7, the RMSE metric 
reaches 0.022, close to 0, while R2 = 0.978, close to 1, showing the 
model’s convergence on the gprMax simulations dataset. The results 
indicate that the XGBoost model is capable of recognizing patterns and 
relationships between GPR datasets and grouting thickness. The simu
lation GPR dataset provides preliminary evidence for the feasibility of 
XGBoost training for the annular thickness of the grouting. 

3.3. Anti-noises analysis 

The goal of the gprMax modeling is evaluating the feasibility and 
accuracies of the XGBoost training on the GPR data. However, for the 
GPR monitoring system applied in tunneling environments, the GPR 
data collected are usually subjected to the noises and electromagnetic 
interferences. GPR data contaminated with different degrees of Gaussian 
noise as EM interferences are generated. The degrees of contaminations 
are also evaluated by Eq. (2.4). The results of the accuracies of XGBoost 
models are shown in Fig. 8. As the contaminations increase, the accu
racies of XGBoost on test dataset has been inspected as a metric, how
ever within tolerances from the perspective of engineers, gradually 
decrease. The definition of Accuracy of the test dataset is defined in Eq. 
(2.7). 

Accuracy =
Ture

Ture + False
(2.7) 

Where True is the number of A-scan dataset in test dataset when the 
predictions of the grouting thickness equal to the ground truths, while 
True + False is the whole number of A-scan test dataset. The accuracy of 
the test dataset could reach 96% when noises were not applied, which 
was the case in section 3.2.3. Gradual decrease of accuracy occurred as 

Fig. 4. The pre-processing algorithms adopted in the GPR data.  
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the dataset suffers more contaminations. More dataset of A-scans could 
show slightly fluctuations on accuracy, however, within tolerances from 
the perspective of tunnel engineering. 

4. GPR monitoring full-scaled experiment and site application 

In Section 4.1, a novel full-scale experiment involving a Ground 
Penetrating Radar (GPR) monitoring system and subway tunnels in 
Tianjin Metro Line 6 was conducted. This experiment provided a 

substantial amount of GPR waveform datasets for XGBoost algorithms. 
Section 4.2 outlines the engineering applications of this experiment, 
Section 4.3 provides an analysis of the algorithms and Section 4.4 pre
sents the results. 

4.1. GPR monitoring full-scaled experiment 

4.1.1. The construction of the full-scale experimental site 
An experimental setup was carried out in October 2020 at the Nankai 

Fig. 5. Mother wavelets functions and decomposition layers comprehensive evaluations metrics for numerical experiments.  

(a) (b)
Fig. 6. The numerical modeling GPR datasets being preprocessed.  
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University Station of Tianjin Metro Line 6 to monitor the ground 
penetrating radar (GPR) performance. A full-scale model of the subway 
tunnel was built on a flat concrete platform, omitting the top segment of 
the shield tunnel lining. The tunnel linings were supplied by the con
struction company, with the same sizes and reinforcements as the ones 
used in the Tianjin metro line 6. The setup of the GPR monitoring ex
periments consisted of eight stages (Fig. 9):  

(1) Construction of the plain concrete platform;  
(2) Construction of the subway shield tunnel linings with the aid of 

crane machines;  
(3) Installation of the GPR monitoring system, as shown in Fig. 9(a);  
(4) Design of wooden formworks for shaping the grouting to variable 

annular thickness; 
(5) Grouting construction (the grouting sully manufacturing com

pany offered the same grouting used in subway construction), as 
shown in Fig. 9(b);  

(6) Removal of wooden framework until grouting was mechanically 
self-sustaining;  

(7) Earthwork re-backfills, as shown in Fig. 9(c);  
(8) GPR monitoring tests, as shown in Fig. 9(d). 

The results of the GPR monitoring experiments were then analyzed 
and used to evaluate the performance of the subway tunnel linings. 

4.1.2. Components and parameters of the full-scaled model 
In October–December 2020, a GPR monitoring system was applied to 

the Tianjin Metro Line 6 Nankai University Station experimental site. 
The shield tunnel lining had an inner diameter of 5900 mm, an outer 
diameter of 7100 mm, and a thickness of 350 mm. The ring width was 
1.5 m and was composed of one capping block F (which was not adopted 
in the experiment), two adjacent blocks L, and three standard blocks B. 
All of these elements were tightly connected with 12 M30 ring bolts. The 
shield tunnel lining segments and their reinforcements are depicted in 
Fig. 10. 

The GPR monitoring system employed in this experiment had been 
previously used for simultaneous grouting monitoring in numerous 
Chinese subway projects [6]. It was designed by Tongji University and 
manufactured by Dalian Zoroy Technology Development Co., Ltd. This 
system comprises two bowtie antennas with 400 and 900 MHz center 
frequencies, as adopted in the numerical experiments described in Sec
tion 3. The system permits the antenna to be driven along the track with 
a constant velocity, while simultaneously recording its positions and the 

(a) (b)

RMSE
R2

Fig. 7. The algorithm performances on the GPR data collected on the experimental tests. (a) The algorithm performances on numerical GPR data set with RMSE 
metric. (b) The algorithm performances on numerical GPR dataset with R2 metric. 

(a) (b)
Fig. 8. The relation of algorithm performances and different degrees of noise in the GPR dataset. (a) The contaminated 400 MHz GPR dataset with the noises of -20 
dB. (b) The relations of algorithm performances and variable noisy GPR dataset. 
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(a) (b)

(c) (d)
Fig. 9. The construction of the full-scaled experimental model. (a)The installation of GPR monitoring system. (b) Grouting construction. (e) The removal of wooden 
framework and the earthwork re-backfills. (f) The top view of GPR, tunnel linings, backfill grouting and soils. 

(a) (b)
Fig. 10. The shield tunnel linings and the reinforcement in the full-scaled experiments. (a) The segments composed in the shield tunnel lining. (b) The reinforcements 
in the B-segment. 
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(a)

(b) (c)
Fig. 11. GPR monitoring full-scaled test schemes. (a) The three group GPR field tests on unevenly-distributed grouting (blue dashes depicting the outlines of grouting 
shapes). (b) The aerial view of the experimental site during testing. (c) The aerial view of the soils, grouting, tunnel linings and GPR monitoring system. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

(a) (b)
Fig. 12. The dielectric constant and conductivity tests on (a) re-backfilled soils and (b) grouting materials.  
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distance to tunnel linings through angle encoders. The track diameter 
was 5500 mm, and the distance of the antenna to the lining could be 
monitored and controlled using the distance encoders and the manu
facturer software [6]. During the experiment, field GPR waveform data 
at distances of 100 mm, 150 mm and 200 mm were collected for each 
group of tests for subsequent mutual verifications. The monitoring 
process is illustrated in Fig. 11 (b) and (c). (See Fig. 12.) 

The single-component grouting used in this experiment was provided 
by a manufacturing company that regularly supplies material for the 
Tianjin subway construction. The proportions of the grouting in
gredients are listed in Table 2. In the construction of the Tianjin subway, 
four simultaneous backfill grouting machines are typically used for each 
ring, with two additional machines kept on standby for emergency use. 
Based on construction experience in Tianjin, the pressure of the grouting 
pipes of the shield machine is typically set at 5–6 bar. According to the 

shield machine and tunnel diameter designs, the theoretical gap is 3.80 
m3, with an average annular gap thickness of 0.13 m. The grouting 
amount is typically designed to be 130%–250% of the theoretical 
building gap [36]. 

In this experiment, three sets of wooden formworks were used to 
shape and constrain the annular thickness of grouting, which was 
measured by tape measures to be variably designed from 80 mm to 320 
mm, as shown in Fig. 11(a). The initial setting time of the mortar 
mixture was observed to be around 4 h, after which the formworks could 
be removed as the grouting had become self-sustaining. To avoid 
boundary effects, the annular range of grouting and re-backfilled soils 
was designed to be much greater than that of the GPR monitoring area. 
Consequently, in the subsequent data processing, the GPR waveform 
data whose documented positions were located near the boundaries 
were discarded. 

The electrical properties of grouting and soils were assessed over 
time using a Time Domain Reflectometry (TDR) (Model AZS-100 
Handheld Meter) [37]. Results showed that the dielectric constant of 
soils was approximately 40 while the grouting varied between 20 and 30 
as the mechanical strength gradually formed, as illustrated in Fig. 13. 
Based on the research reported by Refs. [5, 10], it has been demon
strated that considerable fluctuations in the GPR radargrams are ex
pected at the corresponding depths when the dielectric constants of two 

Table 2 
The ingredient proportions of grouting used in Tianjin subway and site 
experiment.  

Materials Volume Cement 
(kg) 

Fly ash 
(kg) 

Sand 
(kg) 

Bentonite 
(kg) 

Water 
(kg) 

Grouting 1 m3 175 245 770 55 350  

(a) (b)
Fig. 13. The dielectric constant and conductivity measurements on the grouting in Tianjin: (a) relative dielectric constant and (b) electrical conductivity.  

Fig. 14. GPR monitoring test workflow in full-scale experiment.  
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(a) (b)
Fig. 15. Typical raw GPR radargrams on Field test I: (a) 400 MHz and (b) 900 MHz.  

Table 3 
The filters’ parameters in the full-scale field tests.  

Pre-processing 
Algorithms 

Removing DC wavelets denoising AGC BBP algorithm normalization 

Parameters 
Remove the average of the GPR 

datasets 

Mother wavelets: sym7 
Decompositions:2 

Denoising approach: hard-threshold 
denoising 

AGC window: 5 
ns 

Dielectric 
permittivity: 
concrete 6.5 
grouting 25 

soils 40 

Normalize to  
[− 1,1]  

Fig. 16. Mother wavelets functions and decomposition layers comprehensive evaluations metrics for experiments on sites.  
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adjacent materials differ considerably. 
Fig. 13 shows that the dielectric constant and conductivity remain 

stable for a period of at least 7 h during parameter measurements. These 
results suggest that it is appropriate to set the grouting parameters at 25 
for the dielectric constant and 5 mS/m for the conductivity. 

4.1.3. Experimental workflow scheme 
Upon completion of the concrete platform and linings, the wooden 

formworks were set up in accordance with the design of Group I test. 
Grouting was then injected into the gap between the linings and the 
formworks, after which the formworks were removed when the grouting 
was self-sustaining. Following this, the soils were re-backfilled and the 

monitoring test was initialized. Each test lasted 1–2 days, and during this 
time, 10–15 sets of GPR waveform data with more than 10,000 A-scans 
were collected. After the grouting and re-backfilled soils were removed 
via forklifts, another group of tests were initiated, following the same 
steps as outlined above. Fig. 14 illustrates the experimental workflow. 

4.2. Experimental data and analysis 

From the experiment, more than 10,000 GPR radargram data were 
collected and were processed by the preprocessing algorithms intro
duced in Section 2 with the sequence of Fig. 4. Fig. 15 shows the typical 
radargrams in the field tests. 

(a) (b)
Fig. 17. The preprocessed radargrams of the field tests: (a) Field test II and (b) Field test III.  

Table 4 
The parameters involved in the training XGBoost models [27].  

Training/validation/test set 
division ratio 

Weak regressors Learning 
rate 

Trees Max 
depth 

Regression labels Number of early stopping 
rounds 

The amount of GPR waveform 
data 

8:1:1 CART regression 
trees 

0.07 5 Thickness of 
grouting 

100 
10 GPR datasets from every 3 
field tests 
Total 34,950 A-scans  

(a) (b)

RMSE

R2

Fig. 18. The algorithm performances on the GPR data collected on the experimental tests. (a) The algorithm performances on data set with RMSE metric. (b) The 
algorithm performances on data set with R2 metric. 
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The data processing methods adopted in this part were the same as 
what was stated in the numerical experiments part. The filters’ param
eters in the field tests are shown in the Table 3. 

The comprehensive evaluations of the basic wavelet functions and 
decomposition layers are presented in Fig. 16. Consequently, the mother 
wavelet function with the minimum comprehensive evaluation metric is 
chosen based on the evaluations indicated in the figure. The pre- 
processing methods applied to the radargrams allow for the visualiza
tion of the grouting layers to some extent. For the full-scale experiment 
case, the sym7 mother wavelet function with 2 decomposition layers is 
deemed safe to use. 

Fig. 17 illustrates the images obtained from the BBP algorithms. The 
images depict ambiguous layers, allowing engineers to recognize the 
concrete linings and grouts to a certain degree. 

After preprocessing the data shown in the images into an appropriate 
dataset for training, validation, and testing, a machine learning training 

was conducted. Table 4 outlines the basic parameters and techniques 
used to train the XGBoost algorithms, including the implementation of 
an early-stopping technique to suppress over-fitting [27]. The results of 
the training and validation are depicted in Fig. 18. The training and 
validation process curves indicate that the models are well-converged. 

As depicted in Fig. 18, the RMSE metric converges to 0.421 and the 
R2 metric converges to 0.903, indicating that the XGBoost model ex
hibits good convergence on the full-scale experimental GPR datasets. 
The training process is similar to the one previously described in Fig. 7, 
only using the full-scale experimental GPR dataset. The full-scale 
experimental GPR dataset is initially fed into the XGBoost model, 
which is subsequently machine-learned, resulting in a model with good 
performance. 

Fig. 19 illustrates the performance of machine learning algorithms 
on GPR test waveform datasets. The red dots represent predicted and 
real grouting thickness, while the blue line represents the line y = x. It is 
evident that the predicted and real grouting thickness values are fairly 
uniform and concentrated around the line y = x, indicating that the 
predicted and real grouting thicknesses are approximately equal within 
the given intervals. This analysis is essential when considering the 
feasibility and adaptability of the algorithms. 

4.3. GPR monitoring system Tianjin metro line 6 site application 

In December 2020, the GPR monitoring system was deployed from 
the experimental site and applied to the Tianjin Metro Line 6 Lushuidao 
station to the Shuanggang station section of the double single shield 
tunnel. This section had a circular double-hole single-track tunnel 
configuration, passing beneath Huanmei Apartment, Outer Ring Road 
and the Weishan Road Bridge. The parameters adopted for this tunnel 
were identical to those used in the experiment. During the tunnel con
struction, the GPR system monitored more than 300 rings of tunnel 
lining, collecting a considerable amount of data (as illustrated in 
Fig. 20). This application was similar to that of the GPR monitoring 
system deployed in the Jinan metro line in 2019 [6]. 

Fig. 19. The performances of algorithms on test GPR waveform datasets.  

(a) (b)
Fig. 20. GPR monitoring system application in Tianjin Metro Line 6. (a) Location of Tianjin Metro Line 6 subway tunnel. (b) The application of GPR monitoring 
system in the tunnel. 
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4.4. Algorithms application on sites 

GPR data collected from experimental sites was used to train an 
XGBoost model, which was then saved as a file. This model can be used 
to predict the grouting layers during the construction of shield tunnels. 
Fig. 20(b) shows the GPR monitoring system that was used to monitor 
200 rings of annular grouting. Fig. 21 displays the results of the XGBoost 
model applied to four selected rings. After preprocessing the data, the 
trained model can calculate the annular thickness for site engineers and 
technicians. The grouting of these four rings was mainly controlled be
tween 150 mm and 250 mm, as observed from Fig. 21. The theoretical 
grouting thickness of Tianjin Metro line 6 shield tunnel was determined 
to be in the range of 100 mm to 300 mm [36]. The results of monitoring 
demonstrated that with the pretrained and preloaded model, the 
annular thickness of grouting could be automatically calculated and 

presented on the computer screens within 10 min. Furthermore, the 
recognition results could be easily accessed and referred to in the 
operation room with a few simple clicks on the software provided [6]. 
This enabled engineers to construct supplementary grouting in the case 
of uncompensated grouting after GPR monitoring, rather than after 
settlement, providing a much safer alternative in the densely populated 
urban cities of Tianjin. (See Fig. 22.) 

5. Discussion 

5.1. Algorithms application on sites 

This study investigates the performances of various machine learning 
algorithms on a full-scale Ground Penetrating Radar (GPR) waveform 
dataset. 

Analysis and comparisons of the performances of various machine 
learning algorithms on GPR waveform data have been conducted and 
the results are presented in Fig. 23. An artificial neural network (ANN) 
with a simple network structure and a deep neural network (DNN) were 
used to process the data, but their accuracies were underestimated and 
the training process took a considerable amount of time. In contrast, 
random forest consumed less time, but the accuracy was not satisfactory. 
The preprocessing time is also considered, as represented by the light 
blue columns in Fig. 23. XGBoost, however, required less training time 
and provided good accuracies, as illustrated in Fig. 23. The structures 
and hyper-parameters of the ANN and DNN used for comparison of the 
various ML methods are detailed in Table 5. 

5.2. Limitations 

The proposed BBP-XGBoost method integrated with the GPR moni
toring system was demonstrated to effectively measure the annular 
grouting thickness in the range of 8 cm–30 cm in the Tianjin Metro Line 
project, where the soft soils have a low permeability coefficient and a 
single-component grouting was used. Further research is needed to 

Fig. 21. The algorithm recognition of the annular grouting of subway tunnel in Tianjin Metro line 6.  

Fig. 22. The automatic operation of GPR Monitoring System on tunnel con
struction site. 
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explore the performance of this method in other metro projects with 
different types of grouting materials and soils. 

6. Conclusions 

This paper presents a novel algorithm that utilizes an automatic 
predictive modeling technique to investigate the relationship between 
ground penetrating radar (GPR) data and the spatially corresponding 
annular thickness of grouting. Our findings show that the algorithm 
yields good results.  

(1) A numerical FDTD modeling dataset is performed using gprMax 
for different thicknesses of annular grouting. After preprocessing, 
BBP-XGBoost model are trained and applied to the dataset. The 
accuracy on the test dataset reached 96%, indicating a successful 
result. Additionally, the anti-noise analysis indicated that the 
XGBoost model was able to maintain a satisfactory level of ac
curacy, even when subject to noises.  

(2) The proposed BBP-XGBoost model was tested using a novel- 
designed experimental site at Tianjin Metro line 6, which 
collected a large amount of real GPR data. The results showed 
that the proposed model achieved satisfactory predictive perfor
mance, as evidenced by the high coefficient of regression R2 

(0.943) for the training sets and comparatively low RMSE values 
(0.421 and 1.32 cm) for both the training and testing datasets, 
respectively. Additionally, GPR data were acquired and used to 
train several algorithms for comparison. Of these algorithms, 
XGBoost demonstrated the best accuracies and lowest calculation 
time. 

(3) Finally, the model was successfully applied to the tunnel con
struction in Tianjin Metro Line 6, providing real-time feedback 
for engineers onsite in terms of the thicknesses of annular 
grouting, thus reduce the labor intensity of the on-site engineers. 

Author contributions 

Li Zeng performed the methodology, formal analysis and wrote the 
manuscript; Xiaobing Zhang performed the project administration; 
Xiongyao Xie performed conceptualization and supervision; Biao Zhou 
performed the resources; Chen Xu performed the data curation; 
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Fig. 23. The performances of different algorithms on GPR waveform dataset.  

Table 5 
The parameters involved in the training comparison models.  

Algorithms ANN DNN Random Forest 

Structures 

Input layers/ 
nodes:1/256 
Hidden layer/ 
nodes:1/1024 
Output layer/ 
nodes: 
1/1164 (Output 
grouting thickness 
ranging from 8 to 
30 cm) 

Input layers/ 
nodes: 1/256 
Hidden layer/ 
nodes:3/ 
512–1024-512; 
Output layer/ 
nodes: 
1/1164 (Output 
grouting thickness 
ranging from 8 to 
30 cm) 

Weak 
regressors: 
CART regression 
trees 
Trees Max 
depth: 5 
Output: 
1/1164 (Output 
grouting 
thickness 
ranging from 8 
to 30 cm) 

Hyperparameters 

Optimization: 
Adam 
Dropout = 0.1 
Learning rate = 0.1 

Optimization: 
Adam 
Dropout = 0.1 
Learning rate = 0.1 

Number of early 
stopping 
rounds:100 
Learning rate =
0.1  
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