
Geomechanics and Engineering, Vol. 25, No. 1 (2021) 59-73 

DOI: https://doi.org/10.12989/gae.2021.25.1.059                                                                   59 

Copyright © 2021 Techno-Press, Ltd. 
http://www.techno-press.org/?journal=gae&subpage=7                                                             ISSN: 2005-307X (Print), 2092-6219 (Online) 

 
1. Introduction 
 

In recent years, shield tunnelling method has been 

widely adopted for tunnel excavation in densely populated 

urban areas and is considered as a popular alternative to 

open-cut construction because of its efficient construction 

and reduced environmental impact (Javadi and Rezania 

2009, Zhang et al. 2016, Xu et al. 2017, Gao et al. 2017, 

Wang et al. 2018, Luat et al. 2020b, Liu et al. 2020). 

However, shield tunnelling in a heterogeneous ground that 

often confronts in practice can easily trigger geo-hazard 

such as water ingress and subsequently surface subsidence 

(Goh and Hefney 2010, Mazek 2014, Lee et al. 2016, 

Eskandari et al. 2018, Rezaei et al. 2019). Inappropriate 

tunnelling parameters (e.g., thrust force, face pressure, 

advance rate, cutterwheel rotational speed and rate of spoil 

removal) may aggravate the geo-hazard a step further 

(Cheng et al. 2017, 2019a). Further, a small number of 

geological boreholes installed along tunnel alignment may 

not be able to provide details regarding strata sequence, 

distribution of alternating layers, location of karst cavern  
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and so on despite some alternative available (Cheng et al. 

2018). 

While geophysical imaging techniques exist for pre-

tunnelling geological characterization (Li et al. 2015, Sheil 

et al. 2016, Liu et al. 2017a, b, Li et al. 2018a, b, O’Dwyer 

et al. 2019, Cheng et al. 2019b, 2020a, c), they are designed 

for detecting water body and/or karst cave underground. 

Therefore, there remains significant motivation in the 

industry to develop a real-time identification technology 

relating complex geological conditions with the tunnelling 

parameters (Cheng et al. 2020b). 
 Further, the cutterwheel, while tunnelling in clayey 

soils, is pressed into the tunnel face and the plastically 
deformable soil is pushed to both sides in the form of 
‘lumps’. Free water (e.g., groundwater) can transform the 
consistency of the cut lumps into a sticky consistency. In 
this context, uncritical soils turn into sticky material 
towards clogging the excavation at the tunnel face 
(Fountaine 1954). The clogging, however, happens 
throughout process from the excavation at the tunnel face 
(i.e., primary clogging) up to separation and disposal (i.e., 
secondary clogging) and can cause unplanned downtimes. 
Therefore, a pre-assessment for the development of 
clogging is deemed necessary prior to tunnel excavation. An 
increasing popular means of assessing the development of 
clogging is through a combination of the plasticity index Ip 
= ωL-ωP and the consistency index Ic =(ωL-ωn)/(ωL-ωP). 
According to Thewes (1999), clayey soils with Ip > 20% 
and Ic = 0.75-1.25 have the highest potential to lead to 
clogging. However, more recent studies have shown that 
extensive clogging can even occur in clayey soils with Ic = 
1.25-1.50 (Thewes 1999). Hollmann and Thewes (2013)  
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examined 150 samples of ‘sticky’ material from open and 

slurry-supported shield tunnelling projects. The samples 

varied between very soft (23% of samples; Ic = 0.4-0.5), 

soft-medium (58%; Ic = 0.5-0.75) and stiff (19%; Ic = 0.75-

1.0) consistency. Laboratory test results from Feinendegen 

et al. (2011) are in line with those reported by Hollmann 

and Thewes (2013). Shield tunnelling in clayey soils with 

‘soft’ consistency is, therefore, considered high-risk for the 

development of clogging (Spagnoli et al. 2011a, b, Thewes 

and Hollmann 2014, 2016, Basmenj et al. 2016, Park et al. 

2018). 

Tunnelling data that closely relate to surrounding 

geology have largely proliferated by modern tunnel boring 

machines (TBMs) in recent years and present a substantial 

opportunity for the application of data-driven approaches 

that possess an ability to infer patterns from data without 

reference to known, or labelled, outcomes. In other words, 

we treat modern TBMs as a ‘sensor’ underground to sense, 

in this case, the change in geology and the development of 

clogging. The objectives of this paper are: (1) to 

characterise the response of tunnelling parameters to the 

change in geology and the development of clogging, (2) to 

assess the feasibility for the use of machine learning (ML)-

based data-driven approaches to identify geological 

conditions and (3) to evaluate the development of clogging 

through a combination of the ML-based anomaly detector 

and the semi-empirical approach. 

 

 

2. Classification and anomaly detection 
 

2.1 Numerical simulation procedure 
 

Identifying characteristics of the measured system by 

using information retrieved from the measured data rather 

than modelling the system response is the ‘know-how’ of 

machine learning approaches. The aim of this work is to 

develop an improved understanding regarding the relation 

of the existing tunnelling parameters with known geological 

conditions during tunnel excavation, in which case 

‘supervised’ machine learning is the optimal problem-

solving tool. Multivariate Adaptive Regression Splines 

(MARS), Random Forest (RF) and Support Vector  

 

 

Machines (SVMs) are popular supervised machine learning 

algorithms. MARS is a nonparametric statistical method 

based upon a ‘divide and conquer’ strategy (Friedman 1991, 

Zhang et al. 2018, Luat et al. 2020a). While MARS 

generates a model capable of handling both linear and 

nonlinear relationships, its drawback corresponds to low 

accuracy for sparse data. 

RF is a ‘tree-based’ method where each tree learns from 

its predecessors and updates the residue errors successively 

ensuring the trees always learn an updated version of the 

residues when they grow subsequently in the order 

(Breiman 2001).  

However, RF is deemed susceptible to overfitting when 

subjected to small datasets. In light of these limitations, 

SVM is chosen because of its ability to resist the influence 

arising by the number of inputs, meaning that it is well 

conditioned for high-dimensional datasets. Further, the use 

of kernels captures complex input-output mapping.   

SVMs (termed ‘SVM classifier’ hereafter) can lift data 

that cannot be separated using a straight line to a space with 

a high dimension where a straight hyperplane can separate 

the data into different classes using linear or non-linear 

kernels (see Fig. 1). The hyperplane forms a non-linear 

curve when mapping back to the original input space. The 

hyperplane is represented by Eq. (1). 

𝒘 · 𝑥𝑖 + 𝑏 ≥ 1   𝑖𝑓 𝑦𝑖 = 1 

𝒘 · 𝑥𝑖 + 𝑏 ≤ −1   𝑖𝑓 𝑦𝑖 = −1 
(1) 

where w = adaptive weight vector, x = input vector, yi = 

associated labels and b = bias. The hyperplane searches for 

the maximum margin between classes. The larger the 

margin, the clearer the decision boundary and the better the 

classifier performance. The objective function of the SVM 

classifier is: 

1

2
||𝑤||

2
+ 𝐶 ∑ ξi

𝑛

𝑖=1

,   𝑖 = 1,2, … , 𝑛 

𝑦𝑖(𝑤𝑇 · 𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖  

𝜉𝑖 ≥ 0,   𝑖 = 1,2, … , 𝑛 

(2) 

where C = non-negative penalty constant, n = number of 

observation and ξi = slack variable in Eq. (2). The decision 

 

Fig. 1 Transformation of original input space into feature space and hyperplane construction 

60



 

Evaluation of geological conditions and clogging of tunneling using machine learning 

function for a data point x becomes Eq. (3) when this 

minimisation problem is solved by means of Lagrange 

multipliers. 

𝑓(𝑥) = ∑ 𝑦𝑖𝛼i𝐾(𝑥i, 𝑥𝑗) + 𝑏

𝑛

𝑖=1

 (3) 

where α = Lagrange multiplier. As the outcome of the 

decision function only relies upon the dot-product of the 

vectors in the feature space, there is no necessity to conduct 

an explicit mapping to that space. Provided a kernel 

function K generates the same results, it can be used 

instead. The Radial basis function (RBF) which is arguably 

the most common kernel function is used here in Eq. (4): 

𝐾(𝑥i, 𝑥𝑗) = 𝑒𝑥𝑝 (−
‖𝑥i − 𝑥j‖

2

2𝛾2
) (4) 

where γ = kernel parameter varying from 0 to 1 and ||xi - xj|| 

is the dissimilarity measure. 

 

2.2 Anomaly detection 
 

Many machine learning algorithms attempt to deal with 

the two or multi-class situation. Schölkopf et al. (2001) 

framed the One-class SVM (OCSVM) approach by taking 

into account the origin as the only member of the second 

class. Therefore, a hyperplane, constructed in the feature 

space, aims to separate the dataset from the origin through a 

maximum margin. Here the OCSVM (termed ‘OCSVM 

detector’ hereafter) is to detect the development of clogging 

using a combination of the existing tunnelling parameters 

and the semi-empirical approach. The objective function 

and the decision function for the OCSVM detector are 

similar to those applied to the SVM classifier and their 

mathematical formulae are, therefore, neglected to avoid 

repetition. Kernel functions have been introduced for 

sequence data, graphs, text, images, as well as vectors. This 

approach is called the ‘kernel trick’ which allows the dot-

product to be substituted by kernel functions. Popular 

kernels that are used in various kernelised learning 

algorithms are Fisher kernel, Polynomial kernel, Radial 

basis function (RBF) kernel and Neural network Gaussian 

process (NNGP) kernel. Since the value of the RBF kernel 

decreases with increase of distance and ranges between 0 

(within the limit) and 1 (when xi = xj), it has a ready 

interpretation as a similarity measure. Further, the feature 

space of the RBF kernel is capable of extending to an 

infinite number of dimensions. The RBF kernel is, 

therefore, selected here (Sheil et al. 2020). 

 

2.3 Feature selection 
 

A typical thrust force-distance plot is non-stationary, 

which causes some difficulty in direct application of SVMs. 

Further, the use of stationary data is desirable to accentuate 

patterns in the data. To this end, decomposition procedures 

can be introduced to disaggregate time series data into 

feature-based sub-series. Decomposition techniques are to 

isolate salient features of a dataset (Persons 1919). One of 

the most popular decomposition techniques is seasonal- 

 

Fig. 2 EPB shield tunnelling activities for the southbound 

tunnel 

 

 

trend decomposition using Loess smoothing (STL; 

Cleveland et al. 1990) which partitions the global series into 

three additive components in Eq. (5): 

𝑦𝑡 = 𝑃𝑡 + 𝑇𝑡 + 𝑅𝑡 (5) 

where Pt = periodic component, Tt = trend component and 

Rt = residue component. In this work, no significant 

periodic component was identified. Two feature variables 

are considered for the application of SVMs, namely the 

trend and residual components (i.e., Tt and Rt). In time 

series decomposition, the periodic component is used to set 

the length of the period to smooth the initial data. The trend 

component and the residual component respectively 

represent the overall development trend of the data and the 

degree of deviation of a single data, which makes it easier 

to highlight the characteristics of the data patterns. Since the 

thrust force, the cutterwheel torque, the advance rate and 

the screw conveyor rotational speed from tunnelling in the 

gravelly, coarse and medium sands present a pattern 

distinguishable from tunnelling in the fine sand (see Figs. 2 

and 3), the four tunnelling parameters are decomposed into 

the trend and residual components for the classification 

analysis. Further, as the shear strength of the sticky material  
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Fig. 3 EPB shield tunnelling activities for the northbound 

tunnel 

 

 

is capable of withstanding the mechanical forces exerted 

while scraping soils at the face and slow the advance rate, 

two out of the four parameters, namely the cutterwheel 

torque and the advance rate, are deemed sensitive to the 

development of clogging and decomposed into the trend 

and residual components. 

 

2.4 Optimisation of hyperparameters 
 

Grid search (GS) aims to perform an exhaustive search 

on a defined subset of the hyperparameter space (Xu et al. 

2019). The hyperparameters are defined using ‘lower 

bound’, ‘upper bound’ and ‘number of steps’. The data is 

split into k subsets and the value of k is generally set to 10 

in most cases. After trials against various combinations of 

hyperparameters, the one with the highest cross-validation 

accuracy is selected to train a GS-SVM model on the whole 

dataset. The main steps of the process are detailed as  

 

Fig. 4 Flowchart of the GS-SVM algorithm 

 

Table 1 EPB shield 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 

Cutterwheel 

opening ratio (%) 
44 

Maximum 
torque (kN·m) 

6,620 

Maximum 

thrust force (kN) 
36,000 

 

 

follows (see Fig. 4): 

Step 1: Construct a grid search space. 

Step 2: Train the SVM model with various combinations 

of hyperparameters by a cross-validation technique. 

Step 3: Evaluate the performance of GS-SVM model. 

Step 4: Terminate the process once all the combinations 

of hyperparameters have been tried. 

Step 5: Determine the optimised hyperparameters and  

Start

 Test GS SVM 

model

End

Train SVM model with selected 

parameters using cross validation

Obtain the optimised 

parameters C and  γ

Performance Evaluaton
No

Try all parameter 

combinations?

Yes

Build a grid search space

Training Data Testing Data
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re-train the GS-SVM model with the optimised 

hyperparameters. 

 

2.5 Confusion matrix 
 

Four outcomes can be summarised in a ‘confusion 

matrix’, namely (a) true positive (TP), (b) false negative 

(FN), (c) false positive (FP) and (d) true negative (TN). In 

this work, ‘TP’ denotes a geological condition of fine sand 

which has been correctly classed, while ‘FN’ indicates that 

the fine sand has been erroneously classed as the coarse 

sand. The discovery rate (DR) and the false alarm rate 

(FAR) are calculated based upon the four outcomes, thereby 

evaluating the performance of the GS-SVM model. 

 

 

 

3. Case History: Xi’an Metro line 4 
 

3.1 Project overview 
 

The project present in this study belongs to a part of 

Xi’an Metro line 4. There are six tunnels built using the 

shield tunnelling method, with three cross passages, and 

they are responsible for joining four stations with each 

other, namely Fengcheng 9th Road Station, Fengcheng 12th 

Road Station, Yuanshuo Road Station and North Railway 

Station. Fig. 5 depicts the project layout. The length of each 

tunnel varies from 689.6 m to 1140.1 m. This study mainly 

focuses on the two tunnels between the Fengcheng 12th 

Road Station and the Yuanshuo Road Station. The milage  

 
Fig. 5 Project layout and study area for Xi’an Metro line 4 

Table 2 Subsoil properties 

Layer 
γ 

(kN/m3) 

γd 

(kN/m3) 

ω 

(%) 

ωL 

(%) 

ωP 

(%) 

e 

(-) 
Gs 

c’ 

(kN/m2) 

ϕ' 

(deg.) 
SPT-N 

Es 

(kN/m2) 

Surface 

backfill 
11.5 13.5 20 - - 1.05 - 5 8 - - 

Coarse sand 19.8 16.5 19.8 - - 0.62 2.67 0 35 - 17 

Median 

sand 
19.8 16.4 20.4 - - 0.63 2.67 0 32.5 40 13 

Silty clay 19.9 16 24.6 33.6 19.8 0.70 2.72 23 0 26 7 

Note: γ=bulk unit weight; γd=dry unit weight; ω=moisture content; ωL=liquid limit; ωP=Plastic limit;e=void ratio; 

Gs=specific gravity; c’=cohesion; ϕ'=friction angle; SPT-N=blow count value; Es=Young’s ground modulus 

Yuanshuo 

Road Station

P
ro

je
ct

 b
o

u
n

d
a

ry
Fengcheng 12th 

Road Station

P
ro

ject b
o

u
n

d
a
ry

Arrival

shaft

North Railway

Station

Fengcheng 9th 

Road Station

Northbound tunnel

(1
st
 tunnel)

Southbound tunnel

(2
nd

 tunnel)

830.150 m 689.593 m 1122.468 m

830.317 m 690.032 m 1140.120 m

This study

Cross passage

Cross passage Cross passage

Fengcheng 12th 

Road Station

Yuanshuo

Road Station

Cross

passage

G3001 Expressway

63



 

Xue-Dong Bai, Wen-Chieh Cheng, Dominic E.L. Ong and Ge Li 

Table 3 EPB shield initial tunnelling parameters 

 
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 

 

Table 4 EPB shield modified tunnelling parameters 

 
EPB shield 

(Lovat) 

Thrust 
force (kN) 

12,000-17,000 

Cutterwheel 

torque (kN·m) 
3500-4500 

Cutterwheel 

rotational speed (rpm) 
1-2 

Advance 
rate (mm/min) 

40-60 

Face 

pressure (kPa) 
60 

Volume of bentonite injected (m3/ring) 5 

Volume of 

foam injected (litre/ring) 
63 

Tunnelling 
spoil disposal (m3) 

52 

 

 

Fig. 6 Illustration of relative position between G3001 

Expressway and the shield tunnels 

 

 

for the northbound tunnel is 689.593 m, while for the 

southbound tunnel it is 690.032 m. A 6.288 m diameter EPB 

shield machine advanced in the water-rich sandy soils at 

depths of 12-14 m. In the study area, the EPB shield 

machine passed underneath a culvert of G3001 Expressway 

(see Fig. 6). The shield machinery parameters are tabulated 

in Table 1, while the subsoil properties are shown in Table 

2. When the machine passes beneath the G3001 highway, 

the development of surface settlement and adverse impact 

on the culvert show a great necessity of modifying the 

tunnelling parameters towards preventing settlement in  

 

 

 

Fig. 7 EPB shield machine cutterwheel configuration and 

cutter details Expressway and the shield tunnels 

 

 

excess of the designed limit and damage to the culvert from 

occurring. The most significant modification refers to the 

cutterwheel torque, advance rate, and face pressure (see 

Tables 3 and 4). The range of cutterwheel torque changes 

from 4500-5500 kN·m to 3500-4500 kN·m. Further, the 

range of advance rate is lifted from 20-35 mm/min up to 40-

60 mm/min, while the face pressure changes from 40 kPa to 

60 kPa. The greater face pressure aims to manage the 

development of surface settlement. The faster the advance 

rate, the smaller the disturb to surrounding environment. It 

is worth noting that the excavation performance remains 

nearly the same despite a little decline in the cutterwheel 

torque. The cutterwheel configuration and cutter details are 

depicted in Fig. 7. Tunnel lining with continuous segmental 

rings is usually designed against external earth pressures. In 

this project, a typical segmental ring is 6 m in diameter and 

composed of six segments of 0.3 m in thickness towards 

creating about 30 cm annular gap. The annular gap is filled 

with grouts using the synchronous grouting when the 

segmental ring has erected and left the EPB shield tail 

(Table 5). The secondary grouting is conducted to fill 

cavities likely to be left after the shrinkage of injected 

grouts from the synchronous grouting.  
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Table 5 Synchronous and secondary grout mixes 

(a) Synchronous grouting Parameters 

Cement 185 kg 

Coal ash 230 kg 

Bentonite 60 kg 

Sand 860 kg 

Water 400 kg 

Gel time 4 hours 

(b) Secondary grouting Parameters 

Cement slurry (grout A) 1:1.3 (cement:water) 

Sodium silicate (grout B) 1:1 (sodium silicate:water) 

Gel time 35 secs 

Note: for grout A the ratio of cement to water is measured 

by weight, while for grout B the ratio of sodium silicate to 

water is measured by volume 
 

 

3.2 Engineering geology 
 

Fig. 8 summarises the ground conditions as determined 

from 11 boreholes positioned close to the tunnel alignments.  

The ground is composed of surface backfill, medium 

sand, occasional interbedded silty clay, gravelly sand and  

 

 

fine sand. The moisture content ω, void ratio e and specific 

gravity Gs for the coarse sand, the median sand and silty 

clay are in ranges of 19.8-24.6%, 0.62-0.70 and 2.67-2.72 

respectively. The liquid limit ωL for the silty clay is tested 

as 33.6%. The permeability for the sandy soils is measured 

as high as 3×10-2 cm/s. The phreatic surface is at 6 m depth 

below the ground surface. Apart from that, the direct shear 

(DS) test results show that the friction angle for the coarse 

sand, medium sand and fine sand is 35°, 32.5° and 31.5° 

respectively, whereas the cohesion for the silty clay is 23 

kPa according to the unconsolidated undrained (UU) test 

results (Table 2). 

 

 

4. Results and discussion 
 

4.1 Results 
 

Optimising the hyperparameters is to obtain their 

combination which has the highest classification accuracy. 

The accuracy for each combination is summarised in Table 

6, which is defined as the proportion of all correctly 

classified data (the sum of TPs and TNs) to all the data (the 

sum of TPs, TNs, FPs and FNs). 

 
(a) Southbound tunnel 

 
(b) Northbound tunnel 

Fig. 8 Geological profile along tunnel alignment 
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Fig. 9 shows the associated contours of the cross-

validation accuracy. It can be seen that the contour presents 

in a symmetrical pattern when the cross-validation accuracy 

is approximately or higher than 80%. Most of the contours 

from the northbound tunnel are not in a symmetrical 

pattern, indicating that the cross-validation accuracy is 

lower compared with the southbound tunnel. The cross-

validation accuracy for the southbound tunnel is measured 

up to 90%, while for the northbound tunnel it is as low as 

67%. The classification results present hereafter correspond 

to the best hyperparameter combination. 

Fig. 10 shows the performance of the GS-SVM model 

applied to the southbound tunnel mapped to the transformed 

space. Most of the coarse sands are correctly classed using 

the thrust force classifier, with FP = 15 (the lowest), 

whereas a majority of the fine sands are also correctly 

classed, with FN = 27.  

The number of misclassifications = 42 (i.e., FN + FP) is 

the lowest amongst the four classifiers, with the highest 

cross-validation accuracy = 90%. The cutterwheel torque 

classifier correctly classes only two-third of the fine sands, 

with FN = 62. The same classifier induces FP = 28 towards 

causing the highest number of misclassifications = 90. The 

cross-validation accuracy associated with this case is the  

 

 
 

lowest, namely 77%. These results also indicate that a 

majority of FPs occur at 330-337 m distance, whereas most 

of FNs present at distances of 376-405 m and 530-630 m. It 

is noteworthy that most of the fine sands are correctly 

classed by the screw conveyor rotational speed classifier, 

with FN = 17 (the lowest). Fig. 11 presents the performance 

of the GS-SVM model applied to the northbound tunnel 

mapped to the feature space. It can be seen that most of the 

coarse sands are correctly identified by the cutterwheel 

torque classifier, with FP = 9.  

Despite the lowest number of misclassifications = 64, 

the cross-validation accuracy = 71% is not the highest 

amongst the classifiers. The advance rate classifier causes 

the number of misclassifications higher than 64, with the 

highest cross-validation accuracy = 81% towards meaning 

that a low number of misclassifications do not correspond 

to high cross-validation accuracy. The cross-validation 

accuracy represents the performance of the GS-SVM model 

applied to the validation dataset rather than the performance 

applied to the whole dataset. It can also be seen that the 

thrust force classifier erroneously classes all of the fine 

sands as the coarse sands, with FN = 140. These results also 

indicate that FPs present at distances of 265-276 m and 531- 

567 m respectively, whereas FNs occur at 292-453 m  

Table 6 Results of the machine learning-based approach 

Tunnel Parameters 
Number 
of data 

Hyperparameter C Hyperparameter γ TN TP FN FP 
Cross-validation 

accuracy 

Southbound 
tunnel 

(2nd tunnel) 

Thrust 

force 
424 0.1668 2.1544 233 147 27 15 0.90 

Cutterwheel torque 424 0.60 27.8256 220 112 62 28 0.77 

Advance 

rate 
424 7.7426 0.6 222 144 30 26 0.87 

Screw 
conveyor 

rotational 

speed 

424 0.1668 0.6 213 157 17 35 0.88 

Northbound 

tunnel 
(1st tunnel) 

Thrust 

force 
421 0.001 0.001 279 0 140 0 0.67 

Cutterwheel torque 421 0.6 100 270 85 55 9 0.71 

Advance 
rate 

421 0.6 100 255 79 61 24 0.81 

Screw 

conveyor 
rotational 

speed 

421 100 2.1544 276 12 128 3 0.69 

Note: TP=true positive; TN=true negative; FP=false positive; FN=false negative 

  

(a) The southbound tunnel (b) The northbound tunnel 

Fig. 9 Contour of the cross-validation accuracy of the thrust force classifier 
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(a) Thrust force classifier (b) Cutterwheel torque classifier 

  
(c) Advance rate classifier (d) Screw conveyor rotational speed classifier 

Fig. 10 Performance of the GS-SVM model applied to the southbound tunnel mapped to transformed space 

  
(a) Thrust force classifier (b) Cutterwheel torque classifier 

  
(c) Advance rate classifier (d) Screw conveyor rotational speed classifier 

Fig. 11 Performance of the GS-SVM model applied to the northbound tunnel mapped to transformed space 
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Table 7 Performance of the machine learning-based 

approach 

Tunnel Parameters 

Coarse sand 

identification 

Fine sand 

identification 

DR (%) 
FAR 
(%) 

DR (%) 
FAR 
(%) 

Southbound 

tunnel 

(2nd tunnel) 

Thrust force 93.9 15.5 84.5 6.1 

Cutterwheel torque 88.7 35.6 64.4 11.3 

Advance rate 89.5 17.2 82.8 10.5 

Screw conveyor 

rotational speed 
85.9 9.8 90.2 14.1 

Northbound 

tunnel 
(1st tunnel) 

Thrust force 100 100 0 0 

Cutterwheel torque 96.8 39.3 60.7 3.2 

Advance rate 91.4 43.6 56.4 8.6 

Screw conveyor 

rotational speed 
98.9 91.4 8.6 1.1 

Note: DR=TP/(TP+FN); FAR=FP/(FP+TN). 

 

 

 

 

distance. On the whole, the constructed decision boundaries  

are clearer for the southbound tunnel than the northbound 

tunnel. 

The semi-empirical approach is to assess the 

development of clogging during tunnel excavation and the 

results are regarded as the ‘baseline’. Results from the ML-

based anomaly detector are compared to the baseline 

assessment of clogging towards exploring the potential for 

the use of ML-based anomaly detectors for assessing the 

development of clogging. Fig. 12 shows the results of the 

semi-empirical approach applied to the southbound tunnel 

and other projects reported in the literature (Tokgöz 2016, 

Avunduk and Copur 2018, 2019). The consistency Ic and 

plastic index Ip for the specimen taken from the silty clay 

along the tunnel alignment of the southbound tunnel are 

0.65 and 13.8% respectively, which also substantiates the 

specimen of clogging material with predominantly strong 

 

Fig. 12 Results of the semi-empirical approach applied to the southbound tunnel for detecting the clayey clogging 

  
(a) Advance rate detector (b) Cutterwheel torque detector 

Fig. 13 Performance of the anomaly detection approach applied to the southbound tunnel mapped to transformed space 
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clogging potential. Fig. 13 shows the performance of the 

anomaly detectors applied to the southbound tunnel mapped 

to the transformed space.  

The results from the advance rate detector indicate that 

four outliers present at distances of 108 m, 109 m, 155 m 

and 156 m respectively and are spread over the lower area 

in the feature space in Fig. 13(a). There are five outliers 

present from the results based upon the cutterwheel torque 

detector, namely 102 m, 103 m, 109 m, 186 m and 187 m 

respectively. Except the outlier at 109 m, the rest are also 

spread over the lower area in the feature space in Fig. 13(b). 

Both the detectors identify a common outlier at 109 m. 
 

4.2 Discussion 
 

All of the TPs and TNs are spread over the upper and 

lower areas respectively in the feature space for the first 

three classifiers, while for the last classifier they are spread 

the other way around (Fig. 10). This is to say that the coarse 

sand and the fine sand are classed in accordance with the 

value of Tt. The coarse sands can be correctly classed when 

Tt < 0.5 (1510 kN and 2983 kN·m) for the first two 

classifiers and when Tt < 0.69 (74 mm/min) for the third 

classifier as well as when Tt > 0.38 (9.8 rpm) for the last 

classifier. According to Cheng et al. (2017), the contact 

between the cutterwheel and the soil at the tunnel face 

changes from ‘full’ contact for tunnelling in fine sand to 

‘point’ contact for tunnelling in coarse sand. This makes the 

thrust force and Tt lower than those subjected to tunnelling 

in the fine sand in Fig. 10(a). Further, according to the 

authors’ observations, the EPB shield advances faster in the 

fine sand than the coarse sand, while tunnelling in the fine 

sand causes some difficulty in spoil transport, making the 

screw conveyor rotational speed slower than the coarse sand 

in Figs. 10(c) and (d). Moreover, tunnelling in the fine sand 

causes the cutterwheel torque constantly high. Tunnelling in 

the coarse sand, however, makes the cutterwheel torque to 

fluctuate significantly, constructing two decision boundaries 

in the feature space in Fig. 10(b). The cutterwheel torque 

classifier constructs one major decision boundary at Tt = 

0.62-0.82 (3431-4146 kN·m) and Rt = 0.32-0.58 (-298-330 

kN·m) and the other at at Tt = 0-0.5 (0-2983 kN·m). The 

main cause to promote the construction of the two decision 

boundaries is due to the fact that the change in cutterwheel 

torque from 2000 kN·m to 4000 kN·m at 95 m distance 

enforces the cutterwheel torque classifier to construct the 

other boundary to pursue higher classification accuracy. 

Notwithstanding that, the fine sands at distances of 376-

405 m and 530-630 m are erroneously classed as the coarse 

sands towards causing FN = 62 (see Table 6). These results 

are considered as the main cause to lead to the highest FAR 

= 35.6%. The discovery rate (DR) and the false alarm rate 

(FAR) are tabulated in Table 7. Most of the coarse sands are 

correctly classed for the southbound tunnel, with DR 

averaging 89.5%. The thrust force classifier provides the 

highest DR = 93.9% resulting from FP = 15 present at 351-

373.5 m distance where the EPB shield penetrates into the 

fine sand from the coarse sand. Further, a majority of the 

fine sands are correctly identified and DR is averaged 

80.5%. The highest DR = 90.2%, induced by FN = 17 at 

493.5-528 m, is given by the screw conveyor rotational 

speed classifier. The formation of FNs is due to the fact that 

the mechanical forces, exerted while tunnelling in the fine 

sand, aggravates the cutterwheel torque and the shield 

operator attempts to maintain the performance by 

introducing the rotational speed similar to tunnelling in the 

coarse sand.  
Unlike the southbound tunnel, all of the TPs and TNs 

are arbitrarily spread over the feature space for the 
northbound tunnel, meaning that the soils are not classed by 
Tt or Rt (Fig. 11). Nearly all of the coarse sands are correctly 
classed, with an average DR = 96.8%. The thrust force 
classifier gives the highest DR = 100% because it classes all 
the soils as the coarse sands. This classifier, therefore, fails 
to class the fine sands, causing FN = 140 in Fig. 11(a). Only 
one-third of the fine sands are appropriately identified, with 
an average DR = 31.4% which is far below the performance 
at the southbound tunnel. The highest DR = 60.7% resulting 
from FN = 55 present at distances with the fine sand is 
given by the cutterwheel torque classifier in Fig. 11(b). The 
main cause to lead to such a great number of 
misclassifications (i.e., very low DR) present at the 
northbound tunnel is most likely because the fine sands are 
spread over a narrow range of 294-502.5 m distance leading 
to an inability for the proposed classifiers to accentuate 
patterns in the data to class the fine sands. As a result, the 
discriminability for determining the decision boundaries at 
the northbound tunnel against the four classifiers is not as 
good as the southbound tunnel. On the whole, considering 
the classification performance, the thrust force classifier is, 
therefore, considered most effective in identifying the 
coarse sand, and the screw conveyor rotational speed is 
deemed most sensitive to tunnelling in the fine sand. 

Free water from groundwater inflow and water 

contained in the soil conditioning agent plays an leading 

role in clogging potential during tunnel excavation, and 

tunnelling in clayey soils with ‘soft’ consistency is deemed 

high-risk for the development of clogging. Clayey soils due 

to the availability of free water are likely to be transformed 

into sticky material. Clogging happens throughout process 

from excavation at the tunnel face (i.e., primary clogging) 

up to separation and transport for disposal (i.e., secondary 

clogging). When clogging occurs, there is a substantial 

reduction in advance rate and there are also negative 

impacts upon the cutterwheel torque because of the 

mechanical forces arising from the excavation-transport-

disposal process. In this work, the EPB shield confronts the 

mixed ground conditions at distances of 108-300 m of the 

southbound tunnel where the silty clay and the medium 

sand are present first, followed by the silty clay and the 

gravelly sand. Hollmann and Thewes (2013) examined 150 

samples of ‘sticky’ material obtained from open shield 

tunnelling projects. The samples varied between very soft 

(23% of samples; Ic = 0.4-0.5), soft-medium (58%; Ic = 0.5-

0.75) and stiff (19%; Ic = 0.75-1.0) consistency. Ic = 0.65 

from the silty clay present at the southbound tunnel shows 

good agreement with those documented by Hollmann and 

Thewes (2013). It can be seen from Fig. 13(a) that the first 

two outliers at distances of 108 m and 109 m identified 

using the advance rate detector are featured with Tt = 0 and 

Rt = 0.32, induced by a very low advance rate reaching the 

lower limit of 30 mm/min. The third outlier at 155 m 

distance is formed due to Tt = 0.35 and Rt = 0, induced by 
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an increase in the advance rate to 50 mm/min from 34 

mm/min at 154 m distance. The higher advance rate of 50 

mm/min from 154 m distance increases Tt and this, in turn, 

lowers Rt to 0. The last outlier at 156 m distance is formed 

as a result of Tt = 0.35 and Rt = 1 resulting from an decline 

in the advance rate to 50 mm/min from 70 mm/min at 157 

m distance. Further, the first outlier at 109 m identified 

using the cutterwheel torque detector is featured with Tt = 1 

and Rt = 0.49, induced by a very high cutterwheel torque 

hitting the upper limit of 4300 kN·m in Fig. 13(b). The 

second outlier at 102 m distance can be characterised by Tt  

 

 
= 0.33 and Rt = 1 resulting from a decline in the cutterwheel 
torque to 2800 kN·m from 4100 kN·m at 103 m distance. 
The third outlier at 103 m distance is formed by Tt = 0.33 
and Rt = 0, caused by an increase in the torque to 4000 
kN·m from 2800 kN·m at 105 m distance. The last two 
outliers at 186 m and 187 m distances can be characterised 
by Tt ≈ 0 and Rt = 0.3 inducing by an increase in the torque 
to 4000 kN·m from 3200 kN·m at 185 m distance and Tt ≈ 0 
and Rt = 0.53 resulting from a low torque of 3400 kN·m 
respectively. To summarise, tunnelling in the silty clay with 
soft consistency lowers the advance rate and lifts up the 

 
(a) 

 
(b) 

Fig. 14 Flowchart of the machine learning: (a) geological conditions prediction and (b) anomaly detection 
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cutterwheel torque. The two outliers at 109 m distance of 
the southbound tunnel are identified by the advance rate and 
cutterwheel torque detectors respectively. These results are 
in line with the authors’ observations and clearly reflect the 
negative impacts arising from the development of clogging 
when tunnelling in such ground containing the sticky 
material. 

Two flowcharts applied to the geological condition 

prediction and anomaly detection during tunnel construction 

are presented in Fig. 14. Three main parts are integrated in 

the flowcharts, namely data acquisition and pre-processing, 

development of geological classifier and anomaly detector 

using machine learning algorithms, and performance 

evaluation. Generally, modern tunnel boring machines are 

mainly responsible for data acquisition, followed by data 

pre-processing. The data pre-processing includes time series 

decomposition, feature selection, and data scaling. Despite 

that, the optimisation of hyperparameters is deemed 

necessary before the performance evaluation using the 

cross-validation accuracy. It is noteworthy that special 

attention is required when tunnelling proceeds within clay 

soils of high consistency since the development of clogging 

can easily be initiated. In light of this, in addition to the 

above procedures, data filtering to remove data related to 

tunnelling in soils of low clogging potential is considered as 

a must-do task prior to data decomposition. Since the 

validity is verified via an application to the tunnelling 

project, the proposed flowcharts can therefore be applied to 

other projects of different geological conditions. 
 

 

5. Conclusions 
 

This paper has explored the feasibility to identify the 

change in geological conditions during the shield tunnel 

constructions at Xi’an Metro line 4 using the machine 

learning-based data driven approach and examined the 

potential for the use of anomaly detector to assess the 

development of clogging. Based upon the results and 

discussion, some main conclusions can be drawn as 

follows: 

• Most of the coarse sands at the southbound tunnel are 

correctly classed, with the discovery rate of up to 93.9%. 

The thrust force classifier is considered most effective in 

identifying the coarse sand. A majority of the fine sands at 

the same tunnel are also correctly identified, with the best 

discovery rate being 90.2%. The screw conveyor rotational 

speed classifier is most sensitive to tunnelling in the fine 

sand. However, only one-third of the fine sands at the 

northbound tunnel are appropriately identified. The fine 

sands spread over a narrow range significantly lowers the 

discriminability of the proposed classifiers for determining 

the decision boundaries at the northbound tunnel. 

• Tunnelling in the silty clay with soft consistency at 

the southbound tunnel lowers the advance rate and lifts up 

the cutterwheel torque and is deemed high-risk for the 

development of clayey clogging. The two outliers at 109 m 

distance of the southbound tunnel are identified using the 

advance rate and cutterwheel torque detectors, respectively. 

These results verify the applicability of the proposed 

anomaly detectors. 

• The machine learning-based classifiers and the 

anomaly detectors proposed in this work are considered 

effective in identifying the change in geological conditions 

and detecting the development of clogging during the shield 

tunnel constructions at Xi’an Metro line 4. Future works to 

deepen the ability to accentuate patterns in the data to 

identify more complex changes in geology are needed in 

order to widen the application horizon of the machine 

learning-based approaches. 
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