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ABSTRACT 
 

     Complex geological conditions and/or inappropriate shield tunnel boring machine 
(TBM) operation can significantly degrade both the excavation and safety of tunnel 
construction. In recent years, the excavation behaviour of shield TBMs has been a 
popular topic in the literature given the large volume of data automatically collected by 
modern shields. These datasets provide an excellent opportunity to apply advanced data 
analysis techniques to improve predictions of shield tunnelling excavation behaviour. In 
this study, an optimal machine learning (ML) framework to predict the behaviour of an 
earth pressure balance (EPB) shield machine using tunnelling and spoil transporting 
parameters is proposed. The ability of four ML algorithms, namely Linear Regression 
(LR), Decision Tree Regression (DTR), Support Vector Regression (SVR), and Gradient 
Boosting Regression (GBR), to predict EPB shield excavation behaviour is explored 
through their application to a recent tunnelling case history in sandy soils. The results 
show that the GBR model provided the best performance, while LR often performs the 
worst due to its inability to handle highly nonlinear relationships. DTR prevented the 
overfitting problem by using a lower max depth parameter towards sacrificing its accuracy. 
The performance of SVR was seriously affected by loss functions. This research 
demonstrated promising potential for the use of ML-based regression models for 
predicting the shield excavation behaviour during tunnel construction. 
 
KEYWORDS: shield tunnelling; machine learning; Xi’an metro; penetration rate; screw 
conveyor rotational speed 
 
1. INTRODUCTION 
 
     Shield tunnelling has been widely used for developing underground space in urban 
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areas because of its efficient construction, small environmental disturbance, and low 
project cost. Twin tunnel excavation (Cheng et al. 2020a; Fargnoli et al. 2015; Zhang et 
al. 2018) and tunnelling in a stratum of high water-bursting risks (Yang et al. 2020; Zhang 
et al. 2018; Li et al. 2020), clayey soils with ‘soft’ consistency (Bai et al. 2021; Spagnoli 
et al. 2019; Pelia et al. 2015; Kang et al. 2019; Hollmann and Thewes 2013; de Oliveira 
et al. 2018, 2019; Cheng et al. 2020b) and rheological soft rock (Zhang and Zhou 2017) 
remain a serious threat for shield tunnelling behaviour and safety. For example, 
excavation of the new tunnel excavation during twin tunnel construction can cause 
notable deformation and displacement of the existing tunnel. Shield tunnelling within a 
stratum of high water-bursting risks increases the potential for water inrush through the 
shield tail into the tunnel under construction while tunnelling in rheological soft rock 
deteriorates the excavation behaviour significantly and can even cause the shield 
machine to jam. There is therefore significant motivation to improve shield tunnelling 
behaviour prediction towards identifying and alleviating these obstacles. 
     To facilitate rapid urbanisation, behaviour prediction for shield tunnelling has been 
the subject of many recent investigations (e.g. Stavropoulou et al. 2010; Jung et al., 2011; 
Amorosi et al. 2014; Zhao et al. 2016; Ong and Choo 2016; Cardu et al. 2017; Ochmański 
et al. 2018; Pan et al. 2019; Zhang et al. 2020). Numerous methods have been proposed 
for this purpose including numerical (e.g. Abu-Farsakh and Voyiadjis 1999; Entacher et 
al. 2014; Hasanpour 2014; Hasanpour et al. 2014, 2017; Zakhem and El Naggar 2019), 
experimental (e.g. Chang et al. 2006; Cho et al. 2013; Cardu et al. 2016; Li et al. 2020; 
Comakli et al. 2021), and theoretical (e.g. Zhang et al. 2013, 2016; Zhou et al. 2019; 
Aydan and Hasanpour 2019) approaches. While many of these methods have been 
shown to provide good performance, their prediction accuracy deteriorates significantly 
when used outside their calibration space, such as different geological conditions. 
Machine learning (ML) techniques represent an exciting alternative to address this 
shortcoming which can dynamically adapt to new site conditions. A plethora of 
regression- and classification-based ML techniques have documented in the literature 
are suitable for this problem. For example, K-Nearest Neighbours (KNN) is a simple non-
parametric algorithm which classifies new data based on a similarity measure with the 
existing ‘training’ dataset without an increase in dimensionality (Ghasemi and Gholizadeh 
2018; Mahmoodzadeh et al. 2020). However, the selection of K is user-defined and can 
often lead to overfitting. Naïve Bayes methods are based on the application of Bayes’ 
theorem with the ‘naïve’ assumption of independence between predictor variables. 
Development of Naïve Bayes models is straightforward and does not require complicated 
iterative parameter estimation which makes it powerful for large datasets (Li and Li 2019). 
Despite its simplicity, the independence assumptions between predictors are typically 
not justifiable. In this study, four of the most promising ML techniques, namely Linear 
Regression (LR), Decision Tree Regression (DTR), Support Vector Regression (SVR), 
and Gradient Boosting Regression (GBR), are benchmarked towards developing a ML 
framework. LR can indicate the similarity between two datasets and the results are 
presented as a linear model together with a coefficient matrix to describe the input-output 
relations (Pombeiro et al. 2017). DTR can handle highly nonlinear relationships and take 
into account variable interactions. SVR is well-conditioned for high-dimensional predictor 
(‘feature’) space and nonlinear feature interactions. GBR essentially tries to fit a bunch 
of weak learners. While each learner, applied in isolation, has had mixed success when 
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applied to challenging practical problems, these methods can be combined to further 
enhance prediction accuracy.  
     There are three main parameters including face pressure, cutterwheel torque, and 
thrust force often applied to describe the excavation behaviour. In light of this, the 
objectives of this study are: (1) to develop a ML framework to predict the behaviour of 
earth pressure balance (EPB) shield machines using four shield operating and one spoil 
transporting parameters (namely penetration rate (PR), face pressure (FP), cutterwheel 
torque (CT), thrust force (TF), and screw conveyor rotational speed (SCRS)), (2) to 
evaluate the proposed ML framework through application to a recent EPB tunnelling 
project in sandy soils, and (3) to explore the potential for ML-based regression methods 
to predict EPB shield excavation behaviour. 
 
2. METHODOLOGY 
 
     2.1 Degree of linear correlation 
     The Pearson correlation coefficient (PCC), also referred to as Pearson's r or the 
bivariate correlation, is a measure of linear correlation between two datasets. For a 
sample of size n with variables x and y, it is defined as the covariance of the two variables 
divided by the product of their standard deviations: 
 

𝜌 =
∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)𝑛
𝑖=1

√∑ (𝑥𝑖 − �̅�)2𝑛
𝑖=1 √∑ (𝑦𝑖 − �̅�)2𝑛

𝑖=1

 (1) 

 

where �̅� and �̅� are the sample means. Notably, ρ is symmetric in x and y, and ρ ∈ 

[−1, 1]. In this study, four tunnelling parameters (PR, FP, CT, TF) and one spoil 
transporting parameter (SCRS) are used in the regression analysis. PCC is, therefore, 
used to quantify the degree of linear correlation between these parameters. 
 
     2.2 Linear Regression (LR) 
     Polynomial response surface represents one of the most traditional forms of ML 
and involves regressing a dependent variable on the powers of the independent variables. 
A LR model presents the normality assumption, which pertains to Eq. (2). 
 

y = 𝛽0 + 𝛽1𝑥 + 𝜀  (2) 
 
where y is the outcome variable, x is an independent predictor variable, parameter β0 is 
the y value when x = 0, and ε represents the errors. A LR algorithm executes minimisation 
of the total sum of squares; that is, the additional error of the sum of squares with the 
regression sum of squares (Pombeiro et al. 2017): 
 

∑ (𝑦𝑘 − �̅�)2
𝑛

𝑘=1
= ∑ (𝑦𝑘 − ŷ𝑘)

2 +
𝑛

𝑘=1
∑ (ŷ𝑘 − 𝑦 

𝑘
)
2𝑛

𝑘=1
 (3) 

 
where yk is the real value in observation k, 𝑦 

𝑘
 is the mean value of yk in n observations, 

and ŷ𝑘 is the value of y modelled by the regression model for observation k. The order 
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of the polynomial transformation is kept as low as possible as arbitrary fitting of higher 
order polynomials has a high likelihood of encountering overfitting. 
 
     2.3 Decision Tree Regression (DTR) 
     Decision trees are a non−parametric method that build classification or regression 
models in the form of a tree structure. At each tree node a specified number of features 
are randomly selected and tested to achieve an optimal split of the data. At each split 
point, the algorithm calculates the error between the predicted and the actual values 
concerning the pre-defined fitness function. The split point errors across the variables 
are compared, and the variable yielding the lowest fitness functions value is selected as 
the split point. This process recursively implements. 
 
     2.4 Support Vector Regression (SVR) 
     The term ‘support vector regression’ denotes the application of support vector 
machines (SVM) to regression problems. Key advantages of SVMs are that they 
generalise well on unseen data (Cortes and Vapnik 1995) and the computation 
complexity primarily depends on the number of support vectors rather than the input 
parameters. SVMs use the minimisation optimisation method to determine the regression 
function, which is presented as Eqs. (4) and (5) (Cortes and Vapnik 1995; Chalimourda 
et al. 2004; Zhang et al. 2018): 
 

min𝛾,𝜔,𝑏
1

2
‖ω‖2 + C∑(𝜉𝑖 + 𝜉𝑖

∗)

𝑛

𝑖=1

 (4) 

𝑠. 𝑡. {

𝑦𝑖 −ω ∙ 𝜙(x) − 𝑏 ≤ 𝜀 + 𝜉𝑖
∗

ω ∙ 𝜙(x) + 𝑏 − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖
∗

𝜉𝑖
∗, 𝜉𝑖 ≥ 0 (𝑖 = 1,2, … , 𝑛)

 (5) 

 

where ω and b are weights and biases; γ is the geometric margin; ξi, ξi
∗ are slack 

parameters; C is the penalty parameter, and n is the total number of observations. ε is 
the upper error limit, and ϕ(x) is a function that maps the data into a hyperspace via 
nonlinear transformation. The regression function for a typical SVR algorithm can be 
expressed as Eq. (6). 
 

𝑓(x) =∑(𝛼𝑖 − 𝛼𝑖
∗)𝑘(𝑥𝑖, 𝑥𝑗) + 𝑏

𝑚

𝑖=1

 (6) 

 

where αi
∗, αi are the Lagrange multipliers, k(xi, xj) is the kernel function and b is the bias. 

A support vector can be defined as any input vector with a non−zero value for either αi 

or αi
∗; the total number of support vectors is therefore controlled by ε. 

 
     2.5 Gradient Boosting Regression (GBR) 
     GBR is an adaptive boosting algorithm that generates a single ‘strong’ regressor 
by iteratively combining sets of ‘weak’ regressors (Friedman, 2002). Its objective function 
uses gradient descent to minimise the loss function computed from adding weak learners. 
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In this case, the loss function is used to quantify how well the model coefficients capture 
the underlying instances of the data. Similar to other boosting algorithms, GBR uses a 
greedy approach to generate the additive model as follows: 
  

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜌𝑚ℎ𝑚(𝑥) (7) 
 
where Fm-1 is the previous ensemble model, m is the iteration step, and hm is the base 
regressor which is included to minimise the loss function L. The base learner hm is trained 
on the set {(𝑥𝑖, 𝑦𝑖)}𝑖=1

𝑛  and the multiplier ρm is found by solving a one-dimensional 

optimization problem: 
 

𝜌𝑚 = argmin
𝜌

∑𝐿(𝑦𝑖, 𝐹𝑚−1(𝑥𝑖) + 𝜌ℎ𝑚(𝑥𝑖))

𝑛

𝑖=1

 (8) 

 
where yi is the target label. 
 
     2.6 Feature selection 
     The development of most tunnelling parameters with time and/or tunnel length is 
non-stationary, which prevents direct application of regression models. Decomposition 
procedures can be used to disaggregate time series data into feature-based sub-series 
to isolate salient features of a dataset (Persons 1919). One of the most popular 
decomposition techniques is adopted in this study, namely seasonal-trend 
decomposition using Loess smoothing (termed STL decomposition hereafter; Cleveland 
et al. 1990) which partitions the global series into three additive components as follows: 
 

𝑦𝑡 = 𝑃𝑡 + 𝑇𝑡 + 𝑅𝑡 (9) 
 
where Pt = periodic component, Tt = trend component and Rt = residual component. In 
this work, only the trend component Tt is considered for the application of regression 
models to remove noise and achieve data smoothing. 
 
     2.7 Performance evaluation measures 
     To evaluate the present ML predictions, the following performance evaluation 
measures have been considered: root mean square error (RMSE), mean absolute error 
(MAE), and coefficient of determination (R2). These measures are defined as: 
 

RMSE = √
1

𝑛
∑(𝑦𝑖 − ŷ𝑖)2
𝑛

𝑖=1

 (10) 

MAE =
1

𝑛
∑|𝑦𝑖 − ŷ𝑖|

𝑛

𝑖=1

 (11) 

R2 = 1 −
∑ (𝑦𝑖 − ŷ𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − �̅�)2𝑛
𝑖=1

 (12) 
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where yi is the measured value of the ith monitoring sample; ŷ𝑖 is the predicted value of 
the ith monitoring sample; and n is the total number of samples. 
 
     2.8 Implementation 
     The data were first divided into two datasets, namely a training dataset and testing 
dataset corresponding to 70% and 30% of all data, respectively. Hyperparameters and/or 
parameters applied to the ML-based regression models are tabulated in Table 1. The 
datasets were examined using 5-fold cross-validation, and the trained ML-based 
regression models were applied to the testing dataset. Their prediction accuracy was 
benchmarked using RMSE, MAE, and R2. The flowchart used to develop the artificial 
intelligence framework is shown in Fig. 1. 
 

Table 1 Summary of hyperparameters applied to ML-based regression models 

Tunnelling 

parameter 

Machine learning 

algorithm 

Hyper-parameter 

/Parameter 

Adopted 

value 

Face 

pressure 

Decision tree 

regression (DTR) 
Max depth 3 

Support vector 

regression (SVR) 

C 27.8256 

γ 7.7427 

Gradient boosting 

regression (GBR) 

No. of weak learners 100 

Max depth for each learner 3 

Cutterwheel 

torque 

Decision tree 

regression (DTR) 
Max depth 3 

Support vector 

regression (SVR) 

C 100 

γ 7.7427 

Gradient boosting 

regression (GBR) 

No. of weak learners 100 

Max depth for each learner 5 

Thrust 

force 

Decision tree 

regression (DTR) 
Max depth 3 

Support vector 

regression (SVR) 

C 100 

γ 7.7427 

Gradient boosting 

regression (GBR) 

No. of weak learners 100 

Max depth for each learner 5 

The values adopted are derived from the initial R2 value shown in 
Figs. 7, 9, and 11.   
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Fig. 1 Flowchart for the development of a ML framework for predicting shield 

excavation behaviour 
 
3. TUNNELLING PROJECT 
 
     3.1 Project overview 
     A tunnelling project forming part of the construction works for the Xi’an Metro line 
4 is considered in this study to evaluate the proposed framework. This tunnelling project 
includes three pairs of shield tunnel, with three cross passages (Bai et al. 2021). An EPB 
shield machine with a diameter of 6.3 m was used for the tunnelling which occurred 
predominantly in sandy soils at depths varying between 12 m and 14 m below the surface; 
additional EPB shield machine parameters are presented in Table 2. Six 0.3 m thick liner 
segments form a typical 6 m diameter tunnel ring which creates an approximately 0.3 m 
annular gap on account of the larger machine diameter. Synchronous ‘primary’ grouting 
into the annular gap was undertaken in order to compensate tunnelling-induced ground 
loss. Additional ‘secondary’ grouting was used to fill cavities and/or voids induced by the 
shrinkage of the previous primary grouting. 
 

Table 2 Summary of EPB shield’s machinery parameters 

 
EPB 

shield 
(Lovat) 

Excavation diameter (mm) 6,288 

External diameter (mm) 6,000 

Internal diameter (mm) 5,400 

Shield length (incl. cutterwheel) (mm) 9,070 

Liner thickness (mm) 300 

Liner length (mm) 1,500 

Cutterwheel rotational speed (rpm) 0-3.5 

Total installed power (kW) 1,450 

Face pressure (kPa) 500 
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Cutterwheel opening ratio (%) 44 

Maximum torque (kN·m) 6,620 

Maximum thrust force (kN) 36,000 

 
     3.2 Engineering geology 
     The geological profile as determined from 11 geological boreholes close to the 
southbound tunnel alignment is shown in Fig. 2. The ground consists of surface backfill, 
medium sand, interbedded silty clay, gravelly sand, and fine sand while the phreatic 
surface is located approximately 6 m below ground level. The water content ωn, void ratio 
e, and specific gravity Gs are in the range 19.8%-24.6%, 0.62-0.70, and 2.67-2.72 
respectively for the coarse sand, medium sand, and silty clay. The liquid limit ωL for the 
silty clay was measured as 24.6% while a permeability k as high as 3×10-2 cm/s was 
measured for the sandy soils. The friction angle ϕ for the coarse sand, medium sand, 
and fine sand is 35°, 32.5°, and 31.5° respectively, as determined by direct shear tests. 
Further, the undrained shear strength as determined using unconsolidated undrained 
triaxial tests for the silty clay is 23 kPa.  
 

 
Fig. 2 Geological conditions for the southbound tunnel 

 
4. RESULTS AND DISCUSSION 
 
     4.1 Analysis of measured data 
     The development of key tunnelling parameters continuously logged by the shield 
machine during construction are shown in Fig. 3 for the present project. It can be seen 
that the passing of the EPB shield below a culvert of the G3001 expressway influenced 

the shield excavation behaviour as follows: CT reduced from 4500-5500 kN·m to 3500-

4500 kN·m, PR increased to 40-60 mm/min, and FP increased from ~40 kPa to ~60 kPa. 

These changes in machine parameters before and after traversing below the G3001 
expressway culvert are summarised in Table 3. With the exception of the bentonite 
addition measurements, the data presented in Fig. 3 are re-plotted in the form of a 
frequency histogram in Fig. 4. Also superimposed on each plot is a best-fit normal 
distribution. This exercise reveals a wide frequency distribution for each parameter 
towards highlighting the need for appropriate data decomposition techniques to isolate 
key trends in the data. The relationships between these data are explored further in Fig. 
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5 using a PCC analysis. It can be seen that PR is directly proportional to FP, CT, and TF 
and vice versa for SCRS. PR and SCRS were both chosen to predict the excavation 
behaviour of the shield machine for the present project. 
 

 
Fig. 3 EPB shield tunnelling activities for the southbound tunnel 
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Fig. 4 Frequency histograms for (a) screw conveyor rotational speed (SCRS), (b) 

penetration rate (PR), (c) cutterwheel torque (CT), (d) thrust force (TF), and (e) face 
pressure (FP) 

 
Table 3 Key EPB shield machine parameters: (a) initial (before traversing below 
expressway culvert) and (b) modified (after traversing below expressway culvert) 

(a) 

Shield type EPB shield (Lovat) 

Thrust force (kN) 12,000-17,000 

Cutterwheel torque (kN·m) 4,500-5,500 

Cutterwheel rotational speed (rpm) 1-2 

Advance rate (mm/min) 20-35 

Face pressure (kPa) 40 

Volume of bentonite injected (m3/ring) 5-6 

Volume of foam injected (litre/ring) 80-100 

Rate of spoil removal (m3/ring) 51-55 

  

(b) 

Shield type EPB shield (Lovat) 

Thrust force (kN) 12,000-17,000 

Cutterwheel torque (kN·m) 3,500-4,500 

Cutterwheel rotational speed (rpm) 1-2 

Advance rate (mm/min) 40-60 

Face pressure (kPa) 60 

Volume of bentonite injected (m3/ring) 5 
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Volume of foam injected (litre/ring) 63 

Rate of spoil removal (m3/ring) 52 

 

  

   

 
Fig. 5 PCC analysis showing relationships between key EPB shield operating and spoil 

transporting parameters 
 
     4.2 FP predictions 
     Predictions of FP using LR, DTR, SVR, and GBR ML algorithms are compared 
against the measured data in Fig. 6. R2 derived from the FP predictions is depicted in 
Fig. 7. The value of R2 for the training and testing datasets varies within the range 0.49-
0.83 and 0.44-0.52 respectively (Table 4). LR, DTR, SVR, and GBR give the FP 
predictions in agreement with the measured data. LR, DTR, SVR, and GBR misestimate 
FP for 210-300 m and 350-400 m tunnelling distances respectively. LR provides the worst 
predictions, which relates to its poor ability in handling the FP data behaving in a highly 
nonlinear manner. The change in FP is not only related to the initial face support pressure 
but to the local variations of total jacking load (Cheng et al. 2018, 2019a, b) resulting from 
the increasing contact area between the cutterwheel and the excavation face, induced 
by traversing into the interbedded clay at 210-300 m distance. The shield traverses the 
stratum interface at 350-400 m distance where soils of different particle sizes are present, 
which could reduce SCRS and PR and subsequently cause FP to go up in a dramatic 
manner. Therefore, the interbedded clay and the stratum interface are considered to be 
the main contributor to the misestimates. An ‘overfitting’ problem may also struggle 
DTR’s performance. Inappropriate max depth parameters result in an inability of 
preventing the excessive growth of decision tree from happening, causing the overfitting 
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problem. Therefore, a lower max depth parameter of 3 was selected to prevent the 
overfitting problem. This, in turn, sacrifices certain accuracy of prediction and develops 
a series of ‘platforms’ (see red line in Fig. 6). The fundamental principle of GBR is to use 
a series of ‘weak’ learners, representing a model that can provide a prediction better than 
a random guess, to learn every time when making poor predictions towards improving 
their accuracy.  
 

Table 4 Performance benchmark of ML-based regression models 

Tunnelling 

parameter 
Dataset ML algorithm RMSE MAE R2 

Face 

pressure 

Training 

dataset 

Linear regression (LR) 9.163 7.322 0.493 

Decision tree regression (DTR) 7.127 5.439 0.693 

Support vector regression (SVR) 8.525 6.470 0.562 

Gradient boosting regression (GBR) 5.350 4.264 0.827 

Testing 

dataset 

Linear regression (LR) 9.548 7.272 0.444 

Decision tree regression (DTR) 9.468 7.419 0.453 

Support vector regression (SVR) 9.227 7.019 0.481 

Gradient boosting regression (GBR) 8.878 6.929 0.519 

Cutterwheel 

torque 

Training 

dataset 

Linear regression (LR) 9.540 420.124 0.383 

Decision tree regression (DTR) 298.922 182.234 0.818 

Support vector regression (SVR) 450.883 278.340 0.586 

Gradient boosting regression (GBR) 199.084 138.207 0.919 

Testing 

dataset 

Linear regression (LR) 639.544 500.810 0.516 

Decision tree regression (DTR) 547.288 312.761 0.646 

Support vector regression (SVR) 614.998 416.255 0.553 

Gradient boosting regression (GBR) 511.186 330.167 0.691 

Thrust 

force 

Training 

dataset 

Linear regression (LR) 1690.419 1354.344 0.558 

Decision tree regression (DTR) 1171.190 890.373 0.788 

Support vector regression (SVR) 1638.127 1260.198 0.585 

Gradient boosting regression (GBR) 811.399 639.543 0.898 

Testing 

dataset 

Linear regression (LR) 1749.457 1461.057 0.661 

Decision tree regression (DTR) 1293.085 1037.588 0.815 

Support vector regression (SVR) 1798.487 1408.379 0.642 

Gradient boosting regression (GBR) 1351.288 1064.715 0.798 

ML = Machine learning; RMSE = Root mean square error; MSE = Mean square error; 
R2 = Coefficient of determination 
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Fig. 6 FP prediction results using the linear regression (LR), decision tree regression 

(DTR), support vector regression (SVR), and gradient boosting regression (GBR) 
methods 

 

 

 
Fig. 7 Coefficient of determination for FP predictions 
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     4.3 CT predictions 
     Furthermore, the comparisons of CT between the predictions using LR, DTR, SVR, 
and GBR and the measured data are shown in Fig. 8. R2 derived from the CT predictions 
is shown in Fig. 9. R2 for the training and testing dataset falls in ranges of 0.38-0.92 and 
0.52-0.69 respectively (see Table 4). GBR and DTR give the CT predictions closer the 
measured data compared to LR and SVR, as shown in Fig. 8. The difference in CT from 
the measured data primarily presents at 400-450 m and 500-540 m distances 
respectively. CT stays away from its ordinary pattern at 400-450 m distance when the 
shield passes below the culvert of G3001 expressway, most likely because of artificial 
intervention. The underestimate of CT at 500-540 m distance is developed when the 
bentonite addition goes into a decline. Bentonite addition changes the consistency of 
excavated soils, preventing the soils of soft consistency from developing and making 
them favourable to the excavation-transportation-disposal process. The underestimate 
of CT is due to the fact that the lower the bentonite addition, the smaller the PR, and the 
higher the CT. LR is considered not effective in processing the CT data behaving in a 
nonlinear manner. It is worth noting that DTR gives the predictions nearly constant at 
160-690 m distance, and at 1-160 m distance, it gives the predictions containing a series 
of significant variations. The lower max depth parameter causes DTR not capable of 
handling the complexity of CT data (i.e. stratum interface and interbedded clay). 
 

 
Fig. 8 CT prediction results using the linear regression (LR), decision tree regression 

(DTR), support vector regression (SVR), and gradient boosting regression (GBR) 
methods 
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Fig. 9 Coefficient of determination for CT predictions 

 
     4.4 TF predictions 
     Moreover, TF predictions, resulting from LR, DTR, SVR, and GBR, are compared 
to the measured data, as shown in Fig. 10. R2 in relation to the TF predictions is shown 
in Fig. 11. R2 for the training and testing dataset lies in ranges of 0.56-0.90 and 0.64-
0.81 respectively (Table 4). It is worth noting that R2 for the TF predictions is the highest, 
followed by that for the CT predictions. R2 for the FP predictions is the lowest. LR, DTR, 
SVR, and GBR give the TF predictions in good agreement with the measured data. LR 
again performs the worst due to the lack in ability to process the highly nonlinear TF data. 
The deviation of TF from the measured data takes place at 210-260 m and 360-450 m 
distances respectively. The shield traversing back to the sandy soils at 210-260 m 
distance from the interbedded clay is considered to be the main cause leading to the 
overestimates at 210-260 m distance. Further, the stratum interface causes the contact 
area between the cutterwheel and the excavation face to vary in a dramatic manner, 
increasing the complexity of TF data and thus forming the misestimates at 360-450 m 
distance. On the whole, GBR provides the predictions of FP, CT, and TF better than the 
other three models. LR due to the lack of ability in handling highly nonlinear relationships 
often performs the worst. Further, DTR’s performance is seriously influenced by a 
selection of the max depth parameter. Moreover, although SVR can handle nonlinear 
relationships, its performance depends upon the value of ε. This value is highly related 
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to data feature, such that data complexity, induced either by stratum interface or by 
interbedded soil, could cause some difficulty in determining the value of ε. 
 

 
Fig. 10 TF prediction results using the linear regression (LR), decision tree regression 

(DTR), support vector regression (SVR), and gradient boosting regression (GBR) 
methods 

 

 

Fig. 11 Coefficient of determination for TF predictions 
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5. CONCLUSIONS 
 
     This paper has established a ML framework to predict the EPB shield excavation 
behaviour using four operating and one spoil transporting parameters. Its applicability is 
verified by applying to a tunnelling project in sandy soils. Based on the results and 
discussion, some main conclusions can be drawn as follows: 
     (1) As suggested by the PCC analysis, PR and SCRS were chosen herein to 
predict the EPB shield excavation behaviour for the present tunnelling project. Four ML-
based regression models, namely LR, DTR, SVR, and GBR, were developed using the 
training and testing datasets that are pre-processed to accentuate data features using 
the STL decomposition. GBR that ensembles a strong learner on a basis of a series of 
weak learners tackled the overfitting problem and, therefore, outperformed the other 
three models. The TF predictions using GBR were closer to the measured data, while 
the FP predictions using GBR were far below the expectation. The ‘platforms’ present 
in the TF data lowered the complexity of data, which is the main cause leading to such 
accurate predictions. The FP data that are considered sensitive to the effects of stratum 
interface and interbedded clay were featured with more complex response and, 
therefore, lowered the accuracy of prediction. 
     (2) The influence of the interface for two adjacent strata to the data feature is also 
accentuated. DTR was found seriously influenced by the max depth parameter. 
Although the lower max depth parameter made DTR against the overfitting problem, it 
also sacrificed the prediction accuracy. The complexity of data, induced by the effects 
of stratum interface and interbedded clay, caused some difficulty in determining the 
value of ε for SVR towards lowering its performance. 
     (3) These results demonstrated promising potential for the use of ML-based 
regression models for predicting the shield excavation behaviour during tunnel 
construction, although it was still affected by the complexity of data in certain 
circumstances. Further exploration for the use of ML-based regression models to 
benefit underground space development and utilisation is ongoing towards widening 
their horizon of applications. 
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