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Abstract—The tunneling performance of Tunnel Boring
Machine (TBM) is the key factor to affect its excavation
effect and efficiency. This paper is based on the TBM tunnel
project of Minle parking lot of Shenzhen Metro Line 6
phase 11, using BP neural network and selecting 30 groups
of sample data from the project cases as the research aims
to predict the tunneling performance of TBM. The
prediction curves corresponding to penetration, cutterhead
thrust and cutterhead torque are obtained respectively, and
the existing change rules are analyzed. At the same time, the
prediction results of BP neural network are compared with
the results of regression analysis and field measurement to
verify the rationality and applicability of the BP neural
network prediction algorithm. The results show that: (1) the
error of BP neural network prediction algorithm is less than
3%, the overall results show that the method is suitable for
TBM tunneling parameters prediction; (2) compared with
the prediction results of regression analysis, it has smaller
error, thus to a certain extent, BP neural network prediction
algorithm has higher accuracy, which can provide reference
for the prediction of TBM tunneling performance under
similar geological conditions test.

Index Terms—Tunnel Boring Machine (TBM), tunneling
performance, BP neural network, sample data, prediction
algorithm

I.  INTRODUCTION

Full Face Tunnel Boring Machine has the advantages
of fast excavation speed, high safety, good engineering
quality, economic and environmental protection, so it is
widely used in underground tunnel excavation
engineering [1], especially for the construction of subway
engineering in hard rock stratum. TBM has become the
preferred equipment for rapid excavation of this kind of
tunnels [2]. In recent years, with the construction of
tunnel engineering, TBM has become more and more
important construction machinery for tunnel excavation.
In order to better apply TBM in engineering practice, it is
necessary to have a comprehensive understanding of its
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tunneling performance. Therefore, domestic and foreign
scholars have carried out various researches on it and
established a variety of TBM performance prediction
models.

TBM performance prediction model is mainly divided
into empirical model and theoretical model [2]. The
empirical model is represented by NTNU model of
Norwegian University of Science and Technology, but it
needs to obtain relevant parameters through complex
experiments before inputting parameters, which is limited
to a large extent. The theoretical model is represented by
CSM model developed by Colorado Institute of Mining
[3], which considers the rock breaking mechanism of hob,
and also needs to obtain the tool balance equation based
on the relevant experimental data, so as to complete the
performance prediction of TBM. Of course, in addition to
the above empirical model and theoretical model, Luo
Hua et al established the prediction model of TBM
tunneling rate based on the field data [4]. Yan Changbin
et al successively established the prediction model of
TBM net tunneling rate based on the surrounding rock
mechanical parameters, rock mass index and tunneling
parameters, using multiple regression analysis method
[5,6]. At the same time, Gong Qiuming et al established
the TBM utilization prediction model based on the rock
mass classification system (RMR) [7]. Wang Jian et al
established the TBM tunneling performance parameter
prediction model based on the RMR [8]. Rostami J
established a new TBM performance prediction model
based on the RMR in order to improve the TBM
performance evaluation accuracy and utilization [9].
Salimi A et al established a new TBM performance
prediction model based on the RMR [10]. Discussed the
influence of rock mass classification system (RMR) on
TBM performance, and proposed a prediction model of
hard rock TBM performance based on regression tree. So
far, many scholars have studied the rock mass
classification system and established an empirical model
for TBM performance prediction. But with the
development of the times, in recent years, support vector
machine, neural network, particle swarm optimization
and other intelligent algorithms gradually realize
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interdisciplinary, and continue to combine with the
research of TBM performance prediction. For example,
Mahdeveri S et al, Yagiz S et al and Adoko A C et al
used support vector regression analysis, particle swarm
optimization and Bayesian algorithm to predict the TBM
driving speed of queenswater tunnel in New York City
[11-13]. Xiong Fan et al predicted the TBM driving speed
based on MATLAB and BP neural network successfully
[14]. Hou Shaokang et al proposed a TBM driving
parameter prediction model based on improved particle
swarm optimization and BP neural network, and the
prediction goodness of fit reached 0.85 [15]. The average
absolute error is less than 12.68%. However, at present,
the tunneling performance predicted by neural network
mainly focuses on the tunneling rate, but the research on
the prediction of penetration, cutterhead thrust and torque
is still relatively less, so we should strengthen the
relevant research on these contents combined with neural
network.

BP neural network is the most widely used neural
network, which has strong nonlinear mapping ability and
is very effective for solving nonlinear prediction
problems. Therefore, on the basis of previous research
results, this paper uses BP neural network to predict the
penetration, cutterhead thrust and cutterhead torque of
TBM tunneling performance, and establishes a prediction
model based on BP neural network algorithm with
smaller error, which provides a reference for the
adjustment of tunneling parameters in the process of
engineering construction, and makes TBM have stronger
ability to adapt to the current stratum during tunneling
power.

Il.  BP NEURAL NETWORK

There are randomness, nonlinearity and uncertainty in
the process of interaction between TBM and rock. The
parameters of TBM excavation are affected by many
aspects. In addition to the influence of rock strength and
integrity index, they are also related to TBM mechanical
parameters and the angle between TBM excavation axis
and axis, and there may be some relationship between
each kind of data. Therefore, regression analysis method
is used to predict them It is difficult to find the
relationship between different types of data in time
measurement, and machine learning algorithm is superior
to regression analysis in this aspect. Artificial neural
network (ANN) is a mathematical model based on the
knowledge of network topology to simulate the human
brain's processing of complex problems. It can achieve
some functions similar to human brain.

In machine learning algorithm, BP neural network is
the most adaptive and extensive learning algorithm,
which has been successfully used in many aspects [16].
BP neural network is commonly known as back
propagation network. The biggest difference between BP
neural network and other neural network algorithms is
forward propagation signal and back propagation error.
Its structure is shown in Fig. 1. Its composition includes
input layer, hidden layer and output layer. The number of
each layer is selected according to the actual situation, as
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shown in Fig. 1. where, (X1, X2, Xa... Xn) iS the number of
input units, (y1, Y2, Y3... ¥n) is the number of output units,
and V;; and Wik are the network connection weights. In the
process of neural network operation, the signal is
transmitted layer by layer through the input layer, and
then transmitted to the output layer after passing through
the hidden layer; in the process of error back transmission,
the error is calculated according to the difference between
the calculated result and the expected value, and then the
interpolation is back transmitted layer by layer through
the output layer, and the threshold and weight are updated
and modified until the specified range of error is met. BP
neural network is a typical "supervised" learning
algorithm. If BP neural network is used for prediction
analysis, it is necessary to create a network in advance,
train a large number of data, find out the potential
relationship between input data and output data, and then
use it for prediction analysis.

The learning steps of BP neural network include the
following points.

(1) Network initialization: including the initialization
of input layer, hidden layer and output layer, as well as
the initialization of network weights and thresholds in
each stage. The initial values of weights and thresholds
are generally random numbers in (- 1,1).

Error back propagation

m

q
Hidden layer Output layer

Positive communication of information

n
Input layer

Figure 1. Structure of BP neural network.

(2) Hidden layer output value calculation: according to
the output vector X of the input layer, the weight Vij;
between the input layer and the hidden layer, and the
threshold & of the hidden layer, the hidden layer output
value H is calculated by combining the activation
function f.

H, = f[;vijxi—ejj

Where q is the number of hidden layer nodes and f is the
activation function.

(3) Output value calculation of output layer: according
to the input vector H of hidden layer, the weight Wi
between hidden layer and output layer, and the threshold
y of output layer, the output value O of output layer is
calculated by combining the activation function f.

O, = fLZijHj _7kJ
=1

j:l;2;...q' (1)

k:172’...m' (2)
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Where m is the number of output layer nodes. TABLE I. LIST OF SAMPLE DATA
(4) Error calculation: according to the output value Ok Stake olMP T FIKN M/(kN - | h/(mm e
of network training and the real output value Y, the number a ! m) v
network error e and energy error E are calculated. MRDZKO+24 86.7 0-f5 285712 | 666.93 4.092
e, =Y -0, k=12,..m. (@3 |MRPKOWT I 459 | 022 | 57215 | 127952 | 7.4852
MRD7KO+37 93.8 0'54 9538.45 | 1185.09 | 5.948
1 m
E = EZ:elf . (@) | MROKOTS | gog | 057 | 749863 | 98655 | 9485
k=1
MRDKO*78 | 865 | 020 | 636385 | 94648 | 9.84568
(5) Error back propagatlon, update of weights and MRDKOYE0 | o5 | 4% | oosaos | 129678 | 07087
thresholds: update the weights Vi; and Wj, and thresholds 1 - 6 : : :
0 and y achcordmgftofthe c?lculatefd I?rror ex and energy MRDeKl+13 83.8 0-;31 539151 | 114802 | 10.812
error Ex. The specific formula is as follows.
E MROKI*2T | 865 | 021 | 650166 | 175900 | 9.997
W =W, + AW, AW; =np——. (5) | MRDKL+28 1 g05 | 050 | 5e4g56 | 182339 | 10.87356
) ) ) ) 8W 5 4
ij
MRDKL*S2 | ggg | O2° | 677080 | 177833 | 12404
B __OE MRDII3S | gs1 | 091 | 616632 | 117955 | 125355
Wy = Wi+ AW, AWy =17 OW. ©) MRDK1+37 0.42
i 3 813 | ']° | 496249 | 82220 | 84693
£ MRDKI*L | gg0 | 008 | 589512 | 95695 | 6.15359
0; =0, +A0, A0, = 159 (7) | MRDKIS 1940 | 028 | sa0.84 | 127244 | 62679
i
MRDKIFTO | g04 | 021 | 766079 | 97810 | 63553
OE MRDKI+73 | 890 | 036 | 6157.93 | 122068 | 5329
Yk =V H Ay Ay, =n——H~: (8 3 L
0 MRDK1+90 0.49
Yk 1 83.1 3 | 522811 | 132240 9.38
MRDK2+08 051
85.4 644319 | 175328 | 9.2397
(6) Judge whether the error meets the system 3 2
requirements. If not, repeat step (2) until the required MRD‘2<2+38 86.6 0'??4 6566.45 | 1608.96 | 7.9366
error meets the system requirements.
MRD3K2+39 94.9 0'22 102572.8 1649.68 | 4.7761
I1l.  SAMPLE DATA SEIAECTION AND REGRESSION MRDSKZ+41 885 0-34 721928 | 156120 | 9.7508
NALYSIS
_ ) ) MRDK2+43 | g9 | 952 | 721610 | 147818 | 6.9171
Based on the TBM tunnel project of Minle parking lot MRD5K2 = 015
. . +!
in Shenzhen Metro Line 6 phase 11, 30 groups of sample 8 87.9 o | 613536 | 164320 | 4.6942
data are selected as shown in Table I.
; : . . MRDK2+5T | gg4 | 052 | 715821 | 183757 | 7.8435
Combined with the needs of regression analysis, the 2 8
relevant data of 7 groups of stations corresponding to MRD'O<2+58 88.9 0.;31 757412 | 126590 | 7.5453
MRDKO0+406, MRDKO0+811, MRDKO0+991,
MRDK2+64 | g38 | 052 | 570839 | 125306 | 11.6908
MRDK1+313, MRDK1+736, MRDK1+810 and 6 ' 1 ’ ) )
:c\/IRD}I<2_+299 are selected |In turn, and _the foLIowmg MRDOKZ+72 83.9 0-21 604961 | 132374 | 12.0965
ormula is obtained based on linear regression method. MROKZTZ | g5 | 058 | 1594 | 172820 | soa7s
5 ' 7 3 ' '
-10.1Inc,+1.919InK, +48.68
he ( F ] MRDZHTS | g07 | 021 | 008018 | 163458 | 73537
9412Ino, — 2264InK,, —4.097E
° ' ‘ MRDK2+7T | g0 | 051 | 81112 | 207293 | 8.4066
1 2

h= (_3-722E —4o0, +0.0162K, +0-02989)M +1. (10) By using Egs. 9 and 10, and combining with the actual

data, the penetration of hob, the thrust of cutter head and
the torque of cutter head are fitted, predicted and
analyzed in turn. The results are shown in Figs. 2-4.
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Figure 4. Prediction curve of cutter head torque.
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It can be seen from Fig. 2 that in hard rock stratum, the
effect of thrust prediction of penetration is better than that
of torque prediction. The average error of thrust
prediction of penetration is 6.04%, and the average error
of torque prediction of penetration is 8.83%. It can be
seen from Figs. 3 and 4 that the average error of
predicting the cutter head thrust based on the measured
penetration is -1.64%, and the average error of predicting
the cutter head torque based on the measured penetration
is -2.65% The influence of rock mass strength is also
related to mechanical factors and the deviation angle of
TBM driving axis.

To sum up, based on the above 30 groups of sample
data, this paper uses the method of BP neural network in
machine learning algorithm to predict it, in order to get
better prediction results.

IV. SELECTION OF STRUCTURE PARAMETERS OF BP
NEURAL NETWORK

According to the above basic operation steps of BP
neural network, the parameters to be created in the
construction process of BP neural network mainly include
the number of input layer nodes, the number of output
layer nodes, the number of hidden layer nodes, the
number of network layers, the number of hidden layers,
the activation function and the weight and threshold. The
specific values of these parameters are as follows:

(1) Network layers and hidden layers

Generally speaking, three-layer network (i.e. input
layer, hidden layer and output layer) can satisfy the
mapping between two groups of numbers with any
difficulty. Therefore, in this paper, when using BP neural
network for prediction analysis, three layers are selected
for the network layer, and the number of hidden layers is
set to two.

(2) Number of input layer and output layer nodes

The number of nodes in the input layer and the output
layer is selected according to their respective data
categories. In order to ensure the smooth progress of
TBM driving law prediction and analysis, the value of the
input layer should take into account the rock compressive
strength and integrity index; the value of the output layer
should take into account the thrust, torque and penetration,
so the number of nodes in the input layer is 2, and the
number of nodes in the output layer is 3.

(3) Selection of hidden layer nodes

The selection of hidden layer nodes is the most
difficult problem in BP neural network. If the number of
hidden layers is too small, the fault-tolerant performance
of the network becomes poor, and the output value of the
network is not good. If the number of hidden layers is too
large, the generalization ability of the network will be
reduced and the phenomenon of over fitting will appear.
Therefore, it is very important to choose the number of
hidden layer nodes for the establishment of BP neural
network. According to the results of previous studies, the
selection of hidden layer nodes has the following
empirical formula.
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: q
k< C .

; LJ (11)
n,=+n+m-+c. (12)

g>log, n. (13)

Where k is the number of samples; n is the number of
input nodes; m is the number of output nodes; q is the
number of hidden layer nodes; ¢ is the constant in the
range 0-10.

In order to ensure the smooth and accurate analysis of
prediction, 30 groups of samples, namely k=30, have
been selected in this paper, which can be obtained after
calculation and analysis by the above formula

g=11
4<q<13- (14)
q>2

In conclusion, the value range of q can be determined
as [11,13]. After testing, it is found that when the number
of hidden layers g=13, the overall error is the smallest
and the calculation speed is fast, so the hidden layer q=13.

(1) Network transfer function, weight and threshold

The weight and threshold should be selected according
to the random number allocated before each calculation,
and the range is [- 1,1]. Transfer function is an important
part of neural network, which mainly includes linear
function, slope function, threshold function, S-type
function, bipolar S-type function and so on. The most
frequently used ones are S-type function and bipolar S-
type function. The expressions of S-type function and
bipolar S-type function are described as follows.

f(x)= iax (0<f(x)<1). (15)

f(x)= 1+zax -1 (—1<f(x)<1). (16)

In this paper, we choose S-type function, take the value
of a is 1, then S-type function is called ordinary S-type
function.

V. PREDICTION AND ANALYSIS OF TBM DRIVING
PERFORMANCE

A. Normalization of Neural Network Parameters

Before the application of neural network, it is
necessary to normalize the corresponding input and
output parameters. The so-called normalization process is
to map each data to the interval of [-1,1] or [0,1]. The
reason is that the magnitude and range of different
properties of data may vary greatly. In the process of
neural network operation, it may lead to many problems,
such as difficult convergence of neural network, long
training time and so on. Therefore, it needs to be
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normalized. Since the activation function is an ordinary 53 4 3 5
S-type function, the normalized interval is [0,1]. The MRDK1+3 | 0.000 [ 0.000 [ 0016 | .00 | 05184
results of normalization of input layer data and output 3 0 0 5 ' '
layer data are shown in Table II. MR?OKH' 0";37 0'%57 0'1162 0.2063 | 0.2442
B. Network Training Results and Analysis MR'glKl“‘ 0-5130 1-%00 0-5962 04307 | 0.2459
The mathematical tool MATLAB is used to analyze MRDK1+7 | 0594 | 0560 [ 0437 | (o1 | ooeg1
the training of BP neural network. The network error is 03 8 2 9 ' '
0.01, the training step is 100000, and the momentum MR23K1+7 0-5303 0-i43 0-2203 03953 | 0.1465
gradient descent algorithm traingdx with adaptive MRDKL | 0107 10433 [ 0057
learning rate is used as the training function. The 20 01 s 7 9 04662 | 0.6263
samples of the above 30 samples are randomly selected MRDK2+0 | 0.268 | 0548 | 0247 | (2200 | (6097
for network learning. According to the training results, 83 0 2 7 ' '
when the iteration step reaches 11010 steps, the training MRgZKZ”' 0-3;46 0-234 0-%67 06700 | 04553
is completed, the target error meets the preset conditions, MRDK2+3 | 0888 | 0644 | 0845
and there is a high linear correlation between the actual 93 9 6 9 0.6990 | 0.0810
output value and the network training output value, which MRDK2+4 | 0470 | 0.753 | 0.369 |  coco 0.6702
indicates that the BP neural network training results are 15 6 0 0 ' '
effective and correct. MREB’SKZ+4 0'5303 0'%38 0'?;68 05770 | 0.3346
TABLE II. NORMALIZED DATA PROCESSING TABLE MRDK2+5 | 0431 | 0.174 | 0199 | o0/, 00713
28 4 7 7 ' '
number a m) v 72 1 6 4
MRDKO0+2 | 0.352 | 0.783 MRDK2+5 | 049 | 0.548 | 0.424 | 4560 | 0.4000
1 9 1 0 0 0 80 7 2 4
MRDK2+6 | 0.163 | 0.602 | 0.136
MRI?OKO+3 0.:(3)66 0.(124 O.E;SO 04357 | 04019 6 4 2 1 0.4169 | 0.9000
MRDK2+7 | 0.169 | 0.572 | 0.186
MRI?7KO+3 0.5(3)17 0.7165 0.7231 03685 | 02198 20 5 3 3 0.4671 | 0.9480
MRDK2+7 | 1.000 | 1.000 | 1.000
MRgOKO+7 0.255 0.%03 0.4(1512 02273 | 06387 ol 0 0 0 0.7692 | 0.3370
MRDK2+7 | 0.614 | 0.566 | 0.659
MRIgZKO+7 0.3539 0.%94 0.2335 01988 | 06814 =7 4 3 6 0.6882 | 0.3863
MRDK2+7 | 0.581 | 0.548 | 0.586
MRI(D)1K0+8 0.3526 0.;51 0.%84 03982 | 03167 71 ; ) 2 1.0000 | 05110
MRDKT+1 | 0.163 | 0578 | 0083 | (... 0.7950 Due tc_> tr_]e limited number of_samples, in orc_ier to make
36 4 3 5 ) ) the prediction results more universal, the trained neural
MRI?;(1+2 0%39 0.5372 0.%56 07767 | 0.6994 network model is used to predict and analyze the TBM
VRDKLGZ T 0189 0500 | 0108 tL_mnellpg parameters of 30 groups of _sa}mple_ data
85 5 0 0 0.8225 | 0.8032 (including 10 groups not used in the training) in the
MRDK1+3 | 0490 | 0.807 | 0.298 project. The comparison curves of penetration, thrust and
0.7905 | 0.9844 i -
20 2 2 9 torque predicted by BP neural network and the original
MRDK1+3 | 0.248 | 0.572 | 0.204 | 0.3646 | 1.0000 data are shown in Figs. 5-7
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Figure 5. BP neural network penetration prediction curve.
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Figure 7. Torque prediction curve of BP neural network.

The results obtained from BP neural network show that
the overall error of the cutter head thrust is -0.14%, the
overall error of the cutter head torque is -0.94%, the
overall error of the penetration of the cutter disc is 2.40%,
which shows that the overall error of BP neural network
prediction is less than 3%. Compared with the regression
analysis method, the prediction accuracy is higher. The
reason is that BP neural network has the function of
implicit layer and error retransmission. The existence of
hidden layer can explore the internal relationship between
input and output parameters, rather than single mapping
relationship like regression analysis. Meanwhile, the
work of error retransmission can make the real error
decrease continuously and approach the set value
gradually within the set error range. It is because of the
self-renewal and supervision mechanism of BP neural
network that makes BP neural network successfully
applied to the prediction of TBM driving parameters.
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VI.

Based on the Shenzhen Metro Line 6 project, the
relevant data are selected as sample data, and the driving
parameters of several stations are predicted based on BP
neural network algorithm. The following conclusions can
be obtained after comparing the predicted results with
regression analysis results and measured results.

(1) The prediction results of TBM driving parameters
by BP neural network show that the overall error of cutter
head thrust is -0.14%, the overall error of cutter head
torque is -0.94%, the overall error of cutter head
penetration is 2.40%, and the error is controlled within
3%. The overall results show that the machine learning
algorithm is feasible in the prediction of TBM driving
parameters. This method can make TBM adjust the
parameters of TBM driving continuously according to the
rock data predicted in advance in the process of

CONCLUSIONS
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excavation, so that TBM can better carry out the
excavation of the strata in which it is located.

(2) In the regression analysis and BP neural network
prediction of penetration, hob thrust and hob torque, the
error of the prediction results is controlled within 10%
and 3%, so both methods are applicable to the prediction
of TBM driving parameters, but obviously the prediction
accuracy of BP neural network method is higher.
Therefore, in the actual project, if the equipment
conditions permit, BP neural network method should be
preferred as the method of parameter adjustment in the
project implementation stage.
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