o.)

Check for
updates

Ko [ Sme]

Available online at www.sciencedirect.com

ScienceDirect

Underground Space

Underground Space 23 (2025) 175-192 Ve
www.keaipublishing.com/undsp

Research Paper

Monthly advance rate estimation of hard rock tunnel boring
machine based on rock mass classification and data augmentation

Honggan Yu?, Yin Bo®", Quansheng Liu**, Xuhui Yang®, Shuzhan Xu?, Xing Huang*

* Key Laboratory of Geotechnical and Structural Engineering Safety of Hubei Province, School of Civil Engineering, Wuhan University, Wuhan
430072, China
® Changjiang Institute of Survey, Planning, Design and Research, Wuhan 430014, China
¢ China South-to-North Water Diversion Jianghan Water Network Construction and Development Co., Ltd., Wuhan 430040, China
dState Key Laboratory of Geomechanics and Geotechnical Engineering, Institute of Rock and Soil Mechanics, Chinese Academy of Sciences, Wuhan 430071,
China

Received 25 August 2024; received in revised form 9 February 2025; accepted 17 February 2025
Available online 11 May 2025

Abstract

Accurately estimating the monthly advance rate of hard rock tunnel boring machine is of great significance for construction method
selection, machine type determination, and project planning. However, current researches mainly focus on estimating the advance rate
during construction, and few studies can estimate the advance rate from the entire tunnel scale. To overcome above shortcomings, a
monthly advance rate estimation method based on rock mass classification and data augmentation is proposed. Firstly, 56 cases of tunnel
boring machine are collected, and proportions of all rock mass grades in basic quality system of the entire tunnel are selected as main
inputs of the model. Then, a two-stage data augmentation method based on synthetic minority over-sampling technique and modified
auxiliary classifier generative adversarial network is developed. Finally, monthly advance rate estimation models based on machine learn-
ing and augmented datasets are established. The results show that the proposed method can accurately estimate the monthly advance
rate and the data augmentation method can significantly augment the dataset. The average accuracy of the models is improved by
44.82% after data augmentation. Extreme gradient boosting model performs the best, with an accuracy of 90.31%. Therefore, the
proposed method can accurately estimate the monthly advance rate of tunnel boring machine from the tunnel scale and has essential
academic and engineering value.

Keywords: Tunnel boring machine; Advance rate estimation; Rock mass classification; Data augmentation; Machine learning

1 Introduction

Compared with the traditional drilling and blasting
method, a hard rock tunnel boring machine (TBM) has
many advantages, such as faster tunneling speed, higher
construction quality, and greater environmental friendli-
ness (Hassanpour et al., 2011; Bergeson et al., 2020; Yu
et al.,, 2023a; Zhang et al.,, 2024; Harandizadeh et al.,
2021). The monthly advance rate is a crucial indicator for
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evaluating the adaptability of TBM, defined as the ratio
of excavation distance to the total construction time. The
advance rate has a direct impact on the construction per-
iod, as well as on the cost and on-site management. Owners
and construction companies generally estimate the project
duration and cost based on the predicted monthly advance
rate of TBM and then determine the appropriate construc-
tion method and optimal TBM type. Therefore, it is of
great engineering value and economic significance to accu-
rately estimate the monthly advance rate of TBM before
construction.

However, it is challenging to accurately estimate the
monthly advance rate of TBM because it is affected by
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many factors (Armaghani et al., 2019; Yan et al., 2022).
Among them, geological conditions have a crucial impact
on the advance rate (Yan et al., 2022; Oreste & Spagnoli,
2022). The discontinuity structure, such as the distance
between planes of weakness and joint orientation, greatly
influences the rock-breaking process. Intact rock properties
such as rock solidness also have an impact on TBM tunnel-
ing. The groundwater and ground stress have a noticeable
impact on the advance rate, especially for deep-buried tun-
nels (Gong et al., 2016). The excavation of a tunnel is a
process of interaction between the machine and surround-
ing rock, so the advance rate is also influenced by machine
specifications (Yan et al., 2022; Delisio et al., 2013). There-
fore, the rock solidness, rock mass integrity, groundwater
and ground stress, and TBM specifications are the param-
eters considered in many advance rate estimation models.
In addition, another factor that is rarely considered in cur-
rent researches but has a significant impact on the advance
rate is the TBM type. Rock TBMs mainly have three types,
i.e., gripper, single shield, and double shield, suitable for
different geological conditions.

Currently, TBM advance rate estimation can be roughly
divided into indirect and direct methods. The former first
estimates the tunneling speed (Li et al., 2021) and utiliza-
tion factor separately and then multiplies the two to obtain
the advance rate, such as the Colorado School of Mines
(CSM) model (Rostami, 1997), Norges Teknisk-
Naturvitenskapelige ~ Universitet ~ (NTNU)  model
(Bruland, 2000), and Qrgym model (Barton, 2000), while
the latter directly predicts the advance rate (Farrokh,
2020). Due to the rapid development of artificial intelli-
gence (Jin et al., 2023; Xia et al., 2023a, 2023b; Xu et al.,
2025a, 2025b; Yu et al., 2023b; Qin et al., 2023a; Nguyen
et al., 2021; Ghanizadeh et al., 2023; Ashrafian et al.,
2023; Alkayem et al., 2024; Chen et al., 2025), machine
learning and deep learning methods have been successfully
applied to underground space field (Yu et al., 2021a, 2021b,
2022; Zhou et al., 2022; Qin et al., 2022, 2023b; Yin et al.,
2023). Therefore, many researchers have begun using these
methods to establish advance rate estimation models.
Armaghani et al. (2019) predicted advance rate in different
weathered zones of granite by using artificial neural net-
work, and the inputs of the model were rock quality desig-
nation (RQD), uniaxial compressive strength (UCS), rock
mass rating (RMR), thrust force, and cutterhead speed,
etc. Zhou et al. (2021) utilized rock mass parameters, intact
rock features, and two machine specifications to estimate
the advance rate based on extreme gradient boosting
(XGBoost) with Bayesian optimization. Yan et al. (2022)
developed a beetle antenna search-deep neural network
model for advance rate prediction, and the database
involved RMR, TBM working condition rating, and risk
index. However, above researches mainly estimate the
advance rate during construction in a specific project,
which is difficult to apply to other tunnel projects. Few
studies have focused on the TBM monthly advance rate
of an entire tunnel before construction, which is of great

concern to owners and construction companies. Moreover,
current researches seldom consider the impact of TBM
type, excavation diameter, and burial depth of the tunnel
on the advance rate.

To overcome these shortcomings, this study innova-
tively proposes using the proportions of rock mass grades
along the tunnel to estimate the TBM monthly advance
rate from the tunnel scale before construction. Mean-
while, this study will also consider the impact of TBM
type, excavation diameter, and tunnel burial depth on
the advance rate. Since this study estimates the advance
rate of different types of TBMs before construction, the
specifications of TBMs have yet to be determined. There-
fore, machine specifications will not be considered. Many
TBM cases in China are collected, but the data are still
limited. Therefore, this study proposes to augment the
original data first and then establish a monthly advance
rate estimation model. In summary, a TBM monthly
advance rate estimation method based on rock mass clas-
sification and data augmentation is proposed. Firstly, 56
TBM cases are collected, including TBM type, excavation
diameter, proportions of all rock mass grades, burial
depth, and monthly advance rate. Thereafter, a two-
stage data augmentation method based on synthetic
minority over-sampling technique (SMOTE) and modi-
fied auxiliary classifier generative adversarial network
(MAC-GAN) is developed. Finally, the monthly advance
rate estimation model is established based on XGBoost
and the augmented dataset. The main contributions of
this study can be summarized as follows:

(i) A novel TBM monthly advance rate estimation
method based on rock mass classification and data
augmentation is proposed, which can accurately esti-
mate the advance rate from the tunnel scale.

(i) A database involving TBM type, excavation diame-
ter, proportions of all rock mass grades along the
tunnel, burial depth, and monthly advance rate is
set up.

(iii)) A two-stage data augmentation method based on
SMOTE and MAC-GAN is developed, capable of
significantly augmenting the original dataset.

(iv) An XGBoost-based advance rate estimation model is
established, which outperforms other comparative
models, and accuracies of all models are significantly
improved compared with those before data
augmentation.

The rest of the paper is organized as follows. Section 2
introduces the rock mass classification system and the col-
lected TBM cases, which provide the data for modeling.
Section 3 first introduces the SMOTE, AC-GAN, and
XGBoost algorithms used in modeling, and then presents
the modeling method for monthly advance rate estimation.
Section 4 verifies the effectiveness and advancement of the
proposed method, and the conclusions are drawn in
Section 5.
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2 Materials

This study proposes using the proportions of all rock
mass grades along the tunnel to estimate the TBM monthly
advance rate of the entire tunnel. Therefore, this section
will first introduce rock mass classification systems, and
then analyze the collected data.

2.1 Rock mass classification

RMR system (Bieniawski, 1989), geological strength
index (GSI) system (Hoek & Brown, 2019), and Q system
(Barton, 2002) are widely adopted internationally, while
China generally adopts basic quality (BQ) (GB/T
50218—2014) and hydropower classification (HC) (GB
50487—2008) systems. These systems are continuously
applied and developed. Table 1 is a description of these
rock mass classification systems. RMR, GSI, Q, BQ, and
HC systems are all multi-parameter comprehensive classifi-
cation systems that divide the rock mass into multiple
grades, with differences in parameters and scoring calcula-
tion formulas. BQ system is suitable for geotechnical engi-
neering and geomechanics fields in China, and HC system
is proposed based on BQ system. Since TBM tunnels in
China mainly use BQ system and many studies have indi-
cated that the classification results using BQ and HC sys-
tems are similar (Wu & Liu, 2012), this study will
introduce and adopt BQ system. Meanwhile, no correc-
tions will be made to the rock mass grades data using
HC system in a few cases.

BQ system selects two independent factors, rock solid-
ness and rock mass integrity. Rock solidness can be quali-

Table 1
Description of rock mass classification systems.

tatively determined based on the sound of hammering,
degree of rebound, difficulty of crushing, and immersion
reaction. According to the degree of solidness, the rock is
generally divided into five categories: hard rock, less hard
rock, less soft rock, soft rock, and very soft rock. Rock
mass integrity is determined by two indicators: develop-
ment degree of structural planes and integration degree
of structural planes. Rock mass integrity can be divided
into five categories from good to poor: intact, less intact,
less fractured, fractured, and very fractured. Table 2
demonstrates the rock mass classification of BQ system.

2.2 Data collection and analysis

A total of 56 TBM cases in China were collected, includ-
ing 37 cases of gripper TBM and 19 cases of double shield
TBM. Due to the scarcity of single shield TBM cases, this
study did not add them to the database. The complete cases
can be found in Appendix A. Each case includes TBM
type, excavation diameter, proportions of all rock mass
grades, burial depth, and monthly advance rate of the
entire tunnel. The burial depth is the average burial depth
obtained from the tunnel profile. The monthly advance rate
is the ratio of total excavation distance to total construc-
tion time of the TBM, indicating how many meters the
TBM excavates per month on average. The total construc-
tion time includes net excavation, support, maintenance,
unexpected downtime, etc.

Figure 1 demonstrates the distribution of excavation
diameter (D). Figure 2 shows the change of monthly
advance rate (AR) with excavation diameter (D). It can
be seen that with the increase of D, AR tends to decrease.

System Formula or chart Description

Classification

RMR  Rumr =Ri(R.) +R2 (RQD) + R34+ Rs+Rs+Rs R; — Rg provide corresponding rating values

1(100-81), IT (80-61), I1I (60-41), IV (40-20),

GSI GSI chart

__Rop J. Uy
Q O="0 7%

BQ See Eq. (1)

HC T=4+B+C+D+E

through tables. According to RMR value, rock
mass is classified into grades I-V from good to
poor.

From description of structure and surface
conditions of rock mass, pick an appropriate
box in this chart. Estimate average values to
GSI from contours.

RQD value is calculated based on drill core,
and other indicators can be obtained by tables.
Range of Q value is 0.001-1000, and rock mass
is divided into grades I-IX from good to poor.
Calculate BQ value using R, and K.
According to BQ value, rock mass is classified
into grades I-V from good to poor.

A — E provide corresponding rating values
through tables. According to T value, rock
mass is classified into grades I-V from good to
poor.

V (<20)

Quality of rock mass is divided into five
categories and four rock mass structure
domains.

1(>400), I1 (100<Q < 400), III (40<Q < 100),
IV (100 < 40), V (4<0 < 10), VI (10 < 4),
VII (0.1<Q < 1.0), VIII (0.01<Q < 0.10), IX
(<0.01)

See Table 2

1 (>85), II (85-66), I1I (65-46), IV (45-26), V
(<25)

Note: R, is uniaxial compressive strength; R; is distance between discontinuous planes; R4 is discontinuous planes conditions; Rs is groundwater
conditions; R¢ is orientation of joints; J;, is number of joint sets; J; is joint roughness factor; J, is joint erosion factor; Jy, is joint water reduction factor;
Srr 1s stress reduction factor; K, is rock mass intactness index; A to E represent scores obtained by considering rock strength, rock mass integrity,
structural plane state, groundwater state, and main structural plane orientation, respectively; 7 is total score of HC system.
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Table 2
Rock mass classification of BQ system.

Basic quality class

Qualitative characteristics of rock mass basic quality

Rock mass BQ index

Rock solidness

Rock mass integrity

1 Hard rock

11 Hard rock
Less hard rock

111 Hard rock

Less hard rock/soft-hard rock
Less soft rock

v Hard rock
Less hard rock

Less soft rock/soft-hard rock (mainly soft rock)

Soft rock

\" Less soft rock
Soft rock
Very soft rock

Intact >550
Less intact 550451
Intact

Less fractured

Less intact

Intact

Fractured

Fractured-less fractured
Less fractured-less intact
Less intact-intact
Fractured

Fractured-less fractured
Very fractured

450-351

350-251

<250

Figure 3 presents the change of AR with burial depth (d),
where D of gripper TBM is selected in the range of 5—
7 m, and D of double shield TBM is selected at about
8 m. With the increase of d, AR has significantly decreased.
This is because the greater the burial depth, the greater the
ground stress, which may lead to disasters such as jamming
or rockburst, hindering the tunneling of TBM. Figure 4
shows the change of AR with the proportion of rock mass
grade (p). In general, with the increase of the proportion of
rock mass grade II (p,) and grade III (p3), AR shows a
decreasing trend. In contrast, with the increase of the pro-
portion of rock mass grade IV (p4) and grade V (ps), AR
shows an opposite trend.

To avoid the adverse effects of different input scales on
modeling, it is necessary to normalize the inputs. The pro-
cess is as follows: (1) one-hot encoding is performed on
TBM type; (2) excavation diameter is normalized with
15 m, because the excavation diameter in the database is
less than 15 m; (3) burial depth is normalized with
2000 m; (4) monthly advance rate is normalized with
1000 m/month, because TBM advance rate is generally
within 1000 m/month.

3 Methods

Obviously, it is difficult to establish a high-precision
monthly advance rate estimation model using only 56
cases. Therefore, it is necessary first to augment the original
dataset and then establish a data-driven model. In this sec-
tion, two data augmentation methods will be introduced,
and a two-stage data augmentation strategy will be pro-
posed. Finally, machine learning-based monthly advance
rate estimation models will be established.

3.1 SMOTE

SMOTE (Chawla et al., 2002) is a linear interpolation
method to synthesize new samples based on original sam-
ples (Dablain et al., 2022). Two kinds of sample points

Count
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Fig. 1. Distribution of excavation diameter (D) in database.
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Fig. 2. Change of monthly advance rate (AR) with excavation diameter
(D).
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Fig. 4. Change of monthly advance rate (AR) with proportion of rock
mass grade (p) (D: 5-7 m).

are distributed in Fig. 5, which are represented by circles
and pentagons, respectively. Among them, there are few
samples represented by pentagons, so they are selected
for augmentation to alleviate data imbalance. The key
parameters of SMOTE include the number of adjacent
samples k and the number of generated samples 7.

The steps of synthesizing new samples are as follows: (1)
randomly select a pentagonal sample and search for k-
nearest samples of the same class; (2) randomly select a
sample from the k-nearest samples; (3) random linear inter-
polation is performed on the center sample and the selected
samples in step (2) to generate a new sample. Assuming x;
is the central sample and x, is one of the randomly selected
k-nearest samples, then the synthesized new sample is
shown in Eq. (1):

xnewzi-x1+(1—},)~x2, (1)

where 4 is a coefficient between 0 and 1. Since SMOTE can
only generate new samples in a finite space, further consid-

eration needs to be given to other methods, such as gener-
ative adversarial networks.

3.2 AC-GAN

GAN (Goodfellow et al., 2014) is proposed to generate
virtual data based on real data. The architecture of GAN is
presented in Fig. 6(a). It consists of two neural network
modules, the generator G and the discriminator D. Gener-
ator generates virtual data X, via the latent space Z rep-
resented by random noise, and discriminator distinguishes
the authenticity of input data (Xpe and X c,). In the train-
ing process, the generator tries its best to generate virtual
data that can deceive the discriminator, while the discrim-
inator tries its best to recognize these virtual data. When
the generator and discriminator reach Nash equilibrium
in dynamic competition, the generator can generate virtual
data close to the real data. The loss function of GAN is as
follows:

mGin max V(D,G) = Ep,,, (v [log D(x)]

+ Ezp o log(1 = D(G(2)))]; (2)

where E,., () is part of loss function of discriminator;
E¢p,() 1s loss function of generator or part of loss function
of discriminator; D(x) is output of real data of discrimina-
tor; D(G(Z)) is output of virtual data of discriminator.

Due to GAN’s ability to generate massive virtual data
and perform feature representation without extensively
annotated real data, it has gained increasing attention
and produced many variants (Jabbar et al., 2021; Yu
et al., 2023b). AC-GAN is a variant of the GAN (Odena
et al., 2016), as shown in Fig. 6(b). Compared with
GAN, it embeds labels in the hidden space to enable the
generator to generate virtual data with labels. The output
layer of the discriminator needs to distinguish the authen-
ticity and class of the input. AC-GAN has been widely
applied in image recognition (Dharanya et al., 2021). The
loss function of AC-GAN consists of two parts, the log-
likelihood of correct class Lc and log-likelihood of correct
source Ls. The objective of the discriminator is to maximize
Lc+Ls, and the target of the generator is to maximize
Lc — Ls.

Ls = E[log P(S = real| X ca)] + E[log P(S = fake|Xtake )],

(3)
Le = E[log P(C = ¢|Xre)] + E[log P(C = ¢|Xrue)]. (4

3.3 XGBoost

After effective data augmentation, machine learning
methods can be used to establish models. XGBoost
(Chen et al., 2015) is an optimized distributed gradient
boosting tree, and it is one of the most widely used machine
learning models in academic and industrial fields
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Fig. 6. General architectures. (a) Original GAN, and (b) AC-GAN.

(Poongodi et al., 2022). Assuming the base model to be
trained in the -th iteration is f,(x), then

ka x;) =

where 7,

Ut S ), ()

is the predicted results of sample x; after the z-th
iteration; ?i(H> is the prediction results of the first #~1 base
model; f',(x;) is the prediction results of the #-th base model.

The objective function of XGBoost model is as follows:

Obj@:zn: (3, +ZQ
i=1

= Z o370 + f,(x:)] + Q(f,) + const, (6)
=1
where Z?:l/(yi,ii(’)) is the loss function; >/, Q(f,) is a
regular term to suppress the complexity of base models,
and Q(f,) is regular term of -th base model.

If the base model is the decision tree, its complexity
Q(f,) can be characterized by the number of leaves T,
and the fewer leaf nodes, the simpler the model. Leaf nodes
should not have excessively high weights @ (o € R”. Then,
Q(f,) can be expressed as follows:

1 T
o) =T +113 0 )
j=1

where w; is weight of j-th leaf node.
The Taylor quadratic expansion of the loss function

/[y,.,y,ﬁ’*‘) +f,(x,~)} at 7,7 can be obtained as follows:

(- 1
(yiayi( 1>) +g.f (xi) + Ehiftz(xi)7
(8)

where g; is the first derivative of the loss function at ?i(H),

and /; is the second derivative.
When the loss function is the square loss function, i.e.,

2
/(yl,y,' ”) = ( Al ”) , then g,:—Z(y, . ”),

and &; = 2. By substituting Eq. (8) into Eq. (7), an approx-
imation of the objective function can be obtained:

fliyia?i +ft(xz):

n

‘ o 1
Obj") ~ Z |:/(yiayi(t V) + g.f(x) +2hif12(xi):|

i=1

+ Q(f,) + const. 9)
Since fi ) is known at ¢-th iteration and / (yl, Y e 1)) is
a constant, then the objective function is

n

, , 1 1, &
Obj(t) ~ Z |:gift(xi> + §hift2(xi>:| +9T +§/“_le]2'
J=

i=1

(10)
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All samples belonging to the j-th leaf node are classified

into a set, and the mathematical expression is
1; = {ilq(x:;) = j}- Here, J1(x) = 0y, q:
R? — {1,2,---,T}. The objective function can be written
as
Obj" ~ Z [(Zg,)wj 3 (Zh +)>w, +yT.

Jj=1 i€l i€l

(11)

3.4 Rock mass classification and data augmentation-based
method for monthly advance rate estimation

AC-GAN has stronger data augmentation ability com-
pared to SMOTE, but it requires more initial samples.
Considering the advantages and disadvantages of SMOTE
and AC-GAN, a two-stage data augmentation strategy is
proposed. It first utilizes SMOTE to augment the original
data preliminarily and then further augment the data using
AC-GAN. The flowchart of the TBM monthly advance
rate estimation method based on rock mass classification
and data augmentation is shown in Fig. 7, including data
augmentation and advance rate estimation modules. The
data augmentation module contains the stages based on
SMOTE and MAC-GAN. The original dataset is split into
training set 0, validation set 0, and a test set, where training
set 0: validation set 0 ~ 9:1. Then, SMOTE is used to aug-
ment training set 0 and validation set 0 to obtain dataset 1,

181

and dataset 1 is split into training set 1 and validation set 1,
where training set 1:validation set 1 = 9:1. On the basis of
dataset 1, dataset 2 is obtained by using MAC-GAN, and it
is also split into training set 2 and validation set 2, where
training set 2:validation set 2 = 9:1. After two-stage data
augmentation, the sample size has dramatically increased,
and XGBoost is chosen to establish a monthly advance rate
estimation model. Training set 2 is used to train the model,
validation set 2 is used to adjust the model’s hyper-
parameters, and the test set is used to verify the model.
The details of the constructed datasets are shown in
Table 3.

The detailed architecture of MAC-GAN is shown in
Fig. 7. Notation “FC (100)” represents a fully connected
layer with 100 neurons. “BN (0.5)” represents a batch nor-
malization layer with a momentum of 0.5. “Dropout (0.1)”
represents a dropout layer with a keep probability of 0.1.
In the discriminator and generator, except the output lay-
ers, the activation functions of other fully connected layers
are ReLU. The improvement of MAC-GAN compared to
AC-GAN is that the BN layer at the end of the generator is
not directly connected to a fully connected layer like AC-
GAN but is divided into two paths, as shown by the red
arrows. One path is used to generate data on excavation
diameter (D), burial depth (d), and monthly advance rate
(AR), and the activation functions of the corresponding
output layers are Sigmoid. The other path generates the
proportion data of all rock mass grades (p;—ps). The corre-
sponding activation function of the output layer is Soft-

Training set 1 &
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ReLU)|

9 Synthesized sample Discriminator 9
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. . ‘ . F ‘ FC(1) o

o ' g . ‘ ’ (] ([ ] ® |0 .9 - Sigmold_,. Real or Fake?
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Softma: INE ]
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Fig. 7. Flowchart of the proposed method.
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Table 3
Details of constructed datasets.

Dataset Stage Sample size Input (dim. = 9) Output (dim. = 1)
Training set 0 Original 41 TBM type, D, p1—ps, d AR

Validation set 0 5

Test set 10

Training set 1 SMOTE augmentation stage 207

Validation set 1 23

Training set 2 MAC-GAN 657

Validation set 2 Augmentation stage 73

max, which can ensure that the sum of the proportion data
is 1, and the data generated by conventional AC-GAN can-
not guarantee this constraint.

4 Validation and analysis

To prove the effectiveness of proposed method, machine
learning is used to establish monthly advance rate estima-
tion models, and the performances of these models in dif-
ferent data augmentation stages are compared. In
addition, the impact of TBM type, excavation diameter,
and burial depth (rarely considered in current researches)
on advance rate is discussed.

4.1 Results and discussion

In this section, the decision tree (DT), support vector
regression (SVR), k-nearest neighbors (KNN), random for-
est (RF), XGBoost, and adaptive boosting (AdaBoost) are
adopted to build models. Five experiments are conducted
for each model, and the grid-search method is adopted to
find the optimal hyper-parameters. Specifically, all hyper-
parameter combinations are traversed by dividing the grid,
and the hyper-parameter combination that makes the
model perform best on the validation set is the final
hyper-parameters. The coefficient of determination (R?),
mean squared error (MSE), mean absolute percentage
error (MAPE), and alpha 20 (a20-index) (Asteris et al.,
2024, 2021a) are applied to evaluate the performance of
the model.

RP—1— Zjv:l()ﬁ' - j}\i)z

; (12)
Z;v:l(yi _ym)2
1 & >
MSE:NZ(J’I‘_}\I‘) , (13)
i=1
L=
MAPE = > == % 100%, (14)
i=1 i
a20-index = % (15)

where N is the sample size; y; is the real advance rate; y, is
the predicted advance rate; y,, is the average value of y;; my
is the number of samples with ratio y,/y, between 0.80 and
1.20. The larger the R?, the better the model, which is gen-

erally between 0 and 1. The smaller the MSE and MAPE,
the better the model. For a reliable model, a20-index is
expected to be 1 or close to 1. In addition, the prediction
accuracy of the model can be defined by MAPE, i.e.,
Accuracy = 1-MAPE.

4.1.1 Data augmentation results of SMOTE

To ensure the reliability of the samples generated by
SMOTE, it is necessary to find the optimal hyper-
parameters of SMOTE. As mentioned in Section 3.1, the
key hyper-parameters of SMOTE include the number of
adjacent samples k and the number of generated samples
n (here n is the multiple of original sample size). The RF
is selected to show the effect of the hyper-parameter adjust-
ment. Figure 8(a) and (b) shows the performances of RF
models under different hyper-parameters. It can be seen
that when n = 4 and k = 9, the SMOTE augmented data
can make the random forest model perform best.

Figure 9 shows the performances of models before and
after SMOTE augmentation. On the validation set, the
MAPE of each model decreases significantly after data
augmentation, with an average decrease of 101.49%. On
the test set, the MAPE of each model decreases to varying
degrees, with an average decrease of 38.34%. SVR model
has the smallest decrease of 22.03%, and the KNN model
has the greatest decrease of 66.59%. Moreover, XGBoost
model performs best on the test set. Figures 10 and 11
are the prediction results of XGBoost model before and
after SMOTE augmentation, respectively. After SMOTE
augmentation, MSE, R?, and MAPE of XGBoost model
on the validation set are 0.0058, 0.77, and 12.09%, respec-
tively, and MSE, R?, and MAPE of the model on the test
set are 0.0102, 0.55, and 17.88%, respectively. Figure 12
shows the detailed prediction results of models in a specific
experiment on the test set after SMOTE augmentation.

4.1.2 Data augmentation results of MAC-GAN

Figure 13 demonstrates the changes in loss functions
and accuracies during the MAC-GAN training process.
The loss function of the discriminator gradually decreases
before epoch 250, then gradually increases and fluctuates
until epoch 350. The loss function of the generator gradu-
ally decreases before epoch 350 and then fluctuates vio-
lently around a stationary value. When epoch = 350,
MAC-GAN is expected to generate virtual samples closer
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(a)

(b)

Fig. 8. Performance of random forest model under different hyper-parameters. (a) Validation set, and (b) test set.
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to real ones. At this time, the accuracy of the discriminator
to recognize the TBM type is as high as 96.88%, and the
accuracy in discriminating the sample’s authenticity is only
65.13%. Figure 14 shows the visualization results via t-
distributed stochastic neighbor embedding (#-SNE). Both
the data generated by SMOTE and MAC-GAN are pretty
consistent with the distribution of the original data.
Figure 15 shows the MAPEs of the models at different
data augmentation stages. After MAC-GAN augmenta-
tion, the MAPEs of the models on the validation set do
not decrease significantly and even increase slightly, and
the MAPE:s of the models on the test set decrease to vary-
ing degrees, with an average decrease of 6.48%. XGBoost
model performs the best, with a MAPE of 9.69% on the
test set, and it is the only model with a MAPE less than
10%. Figure 16 shows the R’s of the models at different

100
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Fig. 9. Performances of models before and after SMOTE augmentation. (a) Validation set, and (b) test set.

data augmentation stages. The R’ of the models on the
validation set are generally improved in MAC-GAN aug-
mentation stage, with an average improvement of 11.92%
compared to SMOTE augmentation stage. The R’s of the
models on the test set are also generally improved to vary-
ing degrees. The R’ of the DT, SVR, KNN, RF,
XGBoost, and AdaBoost models increase by -3.18%,
14.07%, 36.89%, 20.40%, 34.47%, and 10.50%, respectively.
Table 4 shows the performances of the models in detail. In
stage III, on the test set, the average MAPEs of DT, SVR,
KNN, RF, XGBoost, and AdaBoost models are 20.14%,
33.62%, 16.79%, 15.35%, 9.69%, and 38.69%, respectively;
the average R>s of these models are 0.31, 0.68, 0.65, 0.82,
0.90, and 0.58, respectively; the average a20-indices of these
models are 0.77, 0.30, 0.70, 0.77, 0.90, and 0.43, respec-
tively. It can be seen that the XGBoost model performs
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Fig. 11. Prediction results of XGBoost model after SMOTE augmentation. (a) Validation set 1, and (b) test set.
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Fig. 12. Detailed prediction results of models on test set after SMOTE augmentation.
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the best and has been bolded in the table. Figure 17 demon-
strates the prediction results of models on the test set in
MAC-GAN augmentation stage. Compared with Fig. 12,
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the prediction results of the models are generally closer
to the real values. In summary, the two-stage data augmen-
tation strategy based on SMOTE and MAC-GAN is aston-
ishing, which can significantly increase the sample size of
the original dataset and remarkably improve the perfor-
mance of the model.

Overfitting is a widely discussed topic in machine learn-
ing applications. Although the above results and analysis
have demonstrated that the established XGBoost model
has good generalization performance, the robustness of
the model can still be further discussed. An effective
method is to judge whether the model is overfitting based
on whether the predicted results meet cognitive expecta-
tions (Asteris et al., 2021b; Benzaamia et al., 2024). To this
end, a new test dataset was artificially constructed, keeping
proportions of all rock mass grades unchanged (set as [0.0,
0.2, 0.4, 0.3, 0.1]), changing excavation diameter (6—-10 m,
interval 1 m) and burial depth (400-800 m, interval
200 m), and estimating the advance rate via XGBoost
model. Figure 18 shows the test results of XGBoost model.
It can be seen that whether it is a gripper or double shield

TBM, the predicted monthly advance rate generally
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Fig. 15. MAPEs of models at different data augmentation stages. (a) Validation set, and (b) test set.
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Fig. 16. R?s of models at different data augmentation stages. (a) Validation set, and (b) test set.

decreases with the increase of excavation diameter and
decreases with the increase of burial depth, which is in line
with cognitive expectations. Meanwhile, the monthly
advance rate of double shield TBM is less affected by burial
depth, which is also consistent with engineering practice,
because the support method of double shield TBM can
more effectively deal with the disaster caused by the
increase of burial depth. In addition, the advance rate of
double shield TBM is higher than that of gripper TBM,
which is also consistent with engineering practice. There-
fore, XGBoost model has no overfitting phenomenon
and has good robustness.

4.1.3 Discussion on the impact of inputs on the model

Figure 19 shows the importance of inputs, where the
sum of importance is 1. If the proportions of all rock mass
grades are considered as an input, its importance is 0.483,
indicating that it has a significant impact on the monthly
advance rate. Figure 20(a), (b), and (c) shows the differ-
ences in prediction results of XGBoost models considering
and not considering TBM type, burial depth, and excava-
tion diameter, respectively. When TBM type is not consid-
ered, the prediction accuracies of the model in cases 4, 5, 6,
7, and 8 are visibly decreased, with an average decrease of
9.95%. However, in case 3, the prediction accuracy of the
model is improved by 6.85%. When burial depth is not con-
sidered, the prediction accuracies of the model in cases 6
and 7 are significantly reduced by 22.90% and 26.73%,
respectively. However, in case 3, the prediction accuracy
is remarkably improved, reaching 18.14%. When excava-
tion diameter is not considered, the prediction accuracies
of the model in cases 6, 7, and 8 are significantly reduced
by 17.32%, 35.02%, and 17.50%, respectively. While in
the remaining cases, the prediction accuracies of the model
are not changed clearly. From the above results and anal-
ysis, it can be concluded that TBM type, burial depth, and
excavation diameter have an important influence on the
monthly advance rate.

There are only 56 original cases in this study, making it
difficult to establish a high-precision TBM monthly
advance rate estimation model. However, fortunately,
the data are diverse. The cases are constructed by different
types of TBMs, the excavation diameter and burial depth
are widely distributed, and the geological data vary
greatly. Therefore, the distribution of the original data
is not much different from the distribution of the real
data. By using SMOTE and MAC-GAN, the original
dataset is greatly expanded, providing a good foundation
for establishing high-precision models. The MAPE, R?
and a20-index of XGBoost model on the test set are
9.69%, 0.90, and 0.90, respectively, which fully proves
the effectiveness and reliability of the proposed method.
This study demonstrates that it is entirely feasible to
improve model’s performance through effective data aug-
mentation on limited and diverse original data. Of course,
if there were more original cases, the performance of the
model would be better.

4.2 Limitations and future works

Although the proposed method is capable of accurately
estimating TBM monthly advance rate before construc-
tion, it still has two major limitations. The first limitation
is that the datasets only contain gripper and double shield
TBM cases, which means that the established model cannot
estimate the construction period of the tunnel when using a
single shield TBM. The second limitation is that the pro-
posed method is based on China’s BQ system, so the estab-
lished model cannot be applied to tunnels using other rock
mass classification systems.

Future research will collect as many single shield TBM
cases as possible, continue to collect more gripper and dou-
ble shield TBM cases, and finally build a more powerful
monthly advance rate estimation model. Meanwhile, we
will also consider collecting TBM cases using other rock
mass classification systems such as RMR and Q systems,



Table 4

Performances of models at all stages.

Method Stage Key hyper-parameters Validation set Test set
MSE RrR? MAPE (%) a20-index ~MSE RrR? MAPE (%)  a20-index
DT 1 criterion="mse’, max_depth = 8, 0.0576+£6.8 x 10 0.23+£0.09 109.91+13.95 0.33+£0.09 0.0388+1.0 x 102 —0.70+£0.45 67.41+10.33  0.37+0.09
max_features = 5
11 criterion="mse’, max_depth = 9, 0.0078+2.0 x 103 0.69+0.08  15.56+3.21 0.74+0.07  0.0150+1.6 x 10 0.35+0.07 21.984+1.47 0.604-0.08
max_features = 8
111 criterion="mse’, max_depth = 14, 0.004142.8 x 10*  0.914+0.01 13.41+1.03 0.76+£0.03  0.0157+4.4 x 10  0.31+0.19 20.1442.73 0.7740.05
max_features = 9
SVR 1 kernel="rbf’, gamma = 1, C = 100 0.048340 0.3540 113.454+0 0.2040 0.02224-0 0.0340 67.2640 0.2040
11 kernel="rbf’, gamma = 20, C = 100 0.0098+0 0.61+0 26.59+0 0.48+0 0.0106+0 0.53+0 45.24+0 0.30+0
111 kernel="rbf’, gamma = 30, C = 5 0.0056+0 0.88+0 30.26+0 0.58+0 0.0074+0 0.68+0 33.62+0 0.30+0
KNN I n_neighbors=25 0.0768+0 -0.03+0 138.74+0 0.40+0 0.0241+0 —0.05+0 88.80+0 0.20+0
11 n_neighbors = 10, weights= 0.0050+0 0.80+0 12.63+0 0.74=+0 0.0164+0 0.28+0 22.21+0 0.70+0
’distance’
111 n_neighbors = 11, weights="distance’ 0.00454-0 0.9040 17.144+0 0.714+0 0.00804-0 0.6540 16.79+0 0.7040
RF 1 n_estimators = 40, criterion="mse’, 0.0448+1.1 x 10> 0.404+0.02  118.14+4.46 0.20+0 0.01454+6.9 x 10*  0.37+0.03 60.344-2.05 0.4340.05
max_depth = 5, max_features = 5
11 n_estimators = 40, criterion="mse’, 0.004242.7 x 10*  0.83+0.01  11.974+0.42 0.844+0.05  0.0087+6.4 x 10*  0.62+0.03 20.66+1.03 0.60+0.08
max_depth = 8, max_features = 5
111 n_estimators = 100, criterion="mse’, 0.0037+1.9 x 10*  0.9240.00  13.98+0.24 0.79+£0.02  0.0040+6.1 x 10*  0.82+0.03 15.35+1.15 0.7740.09
max_depth = 11, max_features = 6
XGBoost 1 n_estimators = 30, max_depth = 5 0.04324-0 0.4240 112.684+0 0.2040 0.01854-0 0.1940 55.984-0 0.504-0
I n_estimators = 80, max_depth = 4 0.0058+0 0.77+0 12.09+0 0.87+0 0.0102+0 0.554+0 17.88+0 0.60+0
1 n_estimators = 120, max_depth = 7 0.0025+0 0.95+0 11.74+0 0.84+-0 0.0023+-0 0.90+0 9.69+0 0.90+0
AdaBoost 1 n_estimators = 20, loss="exponential’ 0.03394+4.8 x 107 0.554+0.06  112.76+3.08 0.20+0 0.01634+2.4 x 10°*  0.2940.01 63.41+1.31 0.40+0
11 n_estimators = 80, loss="square’, 0.005245.6 x 10*  0.804+0.02  17.87+0.24 0.58+0.02  0.0120+7.7 x 10*  0.47+0.03 45.16+0.94 0.4740.05
learning rate = 0.004
111 n_estimators = 70, loss="square’, 0.0163+£3.0 x 10*  0.65+£0.01  39.23+1.07 0.45+£0.01  0.0096+2.0 x 10*  0.58+0.01 38.69+1.42 0.43+0.05

learning_rate = 0.006

Note: in the “Stage” column, 1, 11, and III represent original dataset stage, SMOTE augmentation stage, and MAC-GAN augmentation stage, respectively.
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Fig. 17. Detailed prediction results of models on test set in MAC-GAN augmentation stage.
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Fig. 19. Importance of inputs of the model.
and using the method proposed in this study to establish a

new TBM monthly advance rate estimation model that can
be widely applied internationally.

5 Conclusions

In this study, a rock mass classification and data
augmentation-based method has been proposed to estimate
the TBM monthly advance rate before excavation from the
tunnel scale. Unlike existing studies that focus on predict-
ing advance rate during construction or estimating advance
rate using rock and rock mass parameters, this study cre-
atively uses proportions of all rock mass grades as main
inputs to estimate the TBM monthly advance rate of the
entire tunnel. A total of 56 TBM cases in China are col-
lected to establish the advance rate estimation model. To
improve the accuracy and robustness of the model, a
two-stage data augmentation method based on SMOTE
and MAC-GAN is proposed. Finally, the monthly advance
rate estimation models are established using machine learn-
ing algorithms (DT, SVR, KNN, RF, XGBoost, and Ada-
Boost), and the performances of these models in different
stages are compared.

Ten cases were randomly selected to construct a test set
to verify the performance of the model, and the remaining
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Fig. 20. Influence of different inputs on prediction results. (a) TBM type,
(b) burial depth, and (c) excavation diameter. (Unit: %).

cases were used for data augmentation and modeling. The
results show that the proposed method can accurately esti-

mating the monthly advance rate from the tunnel scale and
the data augmentation method can significantly augment
the original dataset. After two stages of data augmenta-
tion, the sample size of the dataset has increased from 56
to 740. After training on the original dataset, SMOTE aug-
mented dataset, and SMOTE and MAC-GAN augmented
dataset, the average MAPEs of these models on the test set
are 67.20%, 28.85%, and 22.38%, respectively, and the
average R’s of these models on the test set are 0.02, 0.47
and 0.66, respectively. XGBoost model performs the best
after two-stage data augmentation. Its MAPE on the test
is 9.69%, which is 10.45%, 23.94%, 7.11%, 5.66%, and
29.01% lower than DT, SVR, KNN, RFrandom, and Ada-
Boost models, respectively. Its R? on the test set is 0.90,
which is 58.58%, 22.39%, 24.77%, 7.54%, and 32.07%
higher than DT, SVR, KNN, RF, and AdaBoost models,
respectively. In addition, the proportions of rock mass
grade IV, TBM type, burial depth, and excavation diame-
ter have a greater impact on the model’s performance.
Therefore, the proposed method has important value for
project planning, construction method and TBM type
selection.
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Appendix A
Table Al
Original dataset.
No. TBM type D (m) p1 (%) D2 (%) 3 (%) P4 (%) ps (%) d (m) True AR Predicted AR
(m/month) (m/month)
1 0 9.03 0.00 16.90 43.33 29.99 9.78 500 170 167.91
2 0 6.36 0.00 16.90 43.33 29.99 9.78 500 137 141.99
3 0 9.83 0.00 0.00 39.53 40.31 20.16 800 207 207.99
4 0 10.20 0.00 0.00 67.70 24.80 7.50 500 311 279.90*
5 0 10.20 0.00 0.00 67.70 24.80 7.50 500 279 279.90
6 0 4.53 0.00 44.00 34.00 19.00 3.00 300 388 388.57
7 0 4.00 0.00 68.10 25.60 2.90 3.40 930 162 161.29
8 0 10.80 0.00 48.50 40.30 7.50 3.70 400 60 61.57
9 0 10.80 0.00 48.50 40.30 7.50 3.70 400 65 61.57*
10 0 12.40 0.00 19.80 74.30 5.90 0.00 1610 189 190.63
11 0 12.40 0.00 28.22 68.34 3.45 0.00 1610 233 232.31
12 0 7.20 0.00 16.10 66.70 17.20 0.00 1610 339 338.51
13 0 8.03 0.00 25.80 67.80 6.40 0.00 350 383 382.42
14 0 8.03 0.00 23.50 62.70 13.10 0.70 250 511 390.27*
15 0 8.00 0.00 34.80 64.80 0.40 0.00 250 397 401.51
16 0 4.03 0.00 66.50 17.60 9.80 6.10 60 658 657.57
17 0 7.93 0.00 32.80 56.00 10.10 1.10 75 662 661.05
18 0 7.93 0.00 2.61 64.94 24.90 7.55 75 547 546.80
19 0 8.02 16.60 75.40 5.70 1.30 1.00 1000 222 222.08
20 0 8.02 0.00 0.00 56.50 38.20 5.30 500 303 302.45
21 0 7.03 0.00 45.00 41.20 11.00 2.80 250 322 324.57
22 0 7.03 0.00 45.00 41.20 11.00 2.80 550 328 325.41
23 0 5.53 0.00 36.10 18.00 4.00 41.80 200 604 593.18
24 0 8.80 0.00 0.97 2.34 76.61 20.08 150 301 301.07
25 0 8.80 0.00 1.75 13.19 62.78 22.28 150 259 288.80*
26 0 8.80 3.69 22.25 64.83 6.27 2.96 200 263 262.08
27 0 8.80 2.36 18.65 56.46 17.36 5.17 400 301 299.51
28 0 8.80 0.00 12.28 76.55 10.01 1.16 1500 181 190.82
29 0 8.80 0.00 12.28 76.55 10.01 1.16 1500 200 190.82
30 0 4.53 0.00 66.90 32.50 0.60 0.00 200 602 601.76
31 0 7.13 0.00 0.00 34.25 24.72 41.03 250 510 510.98
32 0 7.13 0.00 0.00 29.17 46.68 24.15 250 366 365.94
33 0 6.36 0.00 0.00 0.00 98.00 2.00 25 377 391.80
34 0 6.36 0.00 0.00 0.00 98.00 2.00 25 410 391.80
35 0 7.80 0.00 40.72 43.26 11.92 4.10 100 417 417.06
36 0 7.80 0.00 38.40 45.70 11.80 4.10 50 462 425.22%
37 0 7.03 0.00 7.36 66.69 14.44 11.51 200 295 295.62
38 1 5.53 0.00 0.00 14.46 84.25 1.29 150 860 859.58
39 1 4.82 0.00 33.95 24.64 13.79 27.32 70 507 507.04
40 1 5.48 0.00 48.00 25.00 23.00 4.00 450 374 337.68*
41 1 5.48 0.00 56.00 30.00 14.00 0.00 600 576 577.26
42 1 5.75 0.00 33.03 20.83 19.27 26.87 480 481 S11.51%*
43 1 3.65 0.00 14.00 63.00 14.00 9.00 200 118 118.34
44 1 6.79 0.00 3.80 62.40 16.05 17.75 100 394 391.93
45 1 5.06 0.00 0.00 61.36 11.15 27.49 350 481 480.89
46 1 5.06 0.00 0.00 70.89 16.69 12.42 350 478 425.54*
47 1 4.16 0.00 0.00 25.40 33.90 40.70 300 257 275.94
48 1 5.75 0.00 23.34 22.25 19.78 34.63 200 750 749.29
49 1 3.65 0.00 1.00 26.00 52.00 21.00 150 196 196.65
50 1 6.28 0.20 16.00 44.00 38.00 1.80 13 122 122.64
51 1 6.28 0.20 16.00 44.00 38.00 1.80 13 117 122.64*
52 1 6.47 0.00 0.00 71.00 13.00 16.00 100 211 210.98
53 1 6.47 0.00 0.00 71.00 13.00 16.00 100 226 210.98*
54 1 6.50 0.00 36.60 51.80 11.60 0.00 30 186 176.04
55 1 6.50 0.00 36.60 51.80 11.60 0.00 30 167 176.04
56 1 6.00 0.00 0.00 38.00 52.00 10.00 50 734 733.00

Note: in TBM type column, 0 and 1 represent gripper and double shield TBMs, respectively; p,—ps represent proportions of rock mass grades -V,
respectively; true AR represents true monthly advance rate of TBM of entire tunnel; predicted AR represents predicted value of XGBoost model, and row
containing * belongs to test set.
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