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Abstract

Accurate prediction of the rock mass parameters is of great significance in the safety and efficiency of tunnel construction
by tunnel boring machine (TBM). In this fields, machine learning method has become the main stream to build the
mapping between rock mass parameters and TBM driving data and achieves good results. However, tunneling data have
hundreds of features and high acquiring frequency, which results in the structural difference between tunneling data and
rock mass data. Current solution aiming at these differences rely on human experience and may lose data information, or
increase the model complexity and time costs. This paper proposed a pre-treated method suitable for TBM tunneling data
based on principal component analysis (PCA), with can reduce the feature number of tunneling data, and simplify its
structure to match the rock mass data, with low data information lost. In addition, the proposed method can match
multiple machine learning method, such as back propagation neuron network (BPNN), support vector regression (SVR),
and random forest (RF), the corresponding integrity prediction models of the uniaxial compressive strength and joint
frequency achieve acceptable accuracy. The method is verified by totally 1272 filed samples from five different projects.
The predicted mean absolute percentage errors (MAPE) of different targets and different projects are controlled within
15%, which is acceptable in actual projects. In addition, compared with model involved full tunneling variable as input,
the proposed pre-treated method can reduce the time cost from 3-5 minutes to 3-6 seconds, which improves the
calculation efficiency.
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1. Introduction

Given the high efficiency and safety of the tunnel boring machine (TBM), it has become an important and widely
used equipment in tunnel excavation, especially for long and deep tunnels. To improve safety and efficiency, methods for
determining reasonable operating parameters have become the object of much research. Many researchers, such as Sun
et al. (2016), Xue et al. (2018), Zhang et al. (2018), and Liu et al. (2010), are proposed or developed method for choosing or
optimizing the TBM tunnelling parameters. These researches have great reference value for improving the safety and
efficiency of TBM tunneling. Actually, nearly all the optimizing method for TBM tunnelling parameters requires the
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geological data as priori information. However, limited by the complex machine structure and narrow space of tunnels, in-
field rock mass parameter testing methods can be used in tunnel environment are lack, which has become the hotpot in
TBM tunnelling field. For example, Nacimipour et al. (2016) developed the rock strength boring probe (RSBP) to test the
uniaxial compressive strength and tensile strength of the tunnel face. Wang et al. (2020) developed the true triaxial rock
drilling test system (TRD) to test rock mass parameters under multiple rock type conditions. Goh et al. (2011) used share
wave velocity by spectral analysis of surface waves (SASW) to measure the rock quality designation (RQD). Kong et al.
(2018) and Liu et al. (2018) used the point-load testing results to evaluate the rock compressive strength.

In-field-testing is an effective kind of method for obtaining rock mass parameters in TBM tunnels. However, most
of these methods spend time on testing or analysis process, which yields geological data with hysteresis, and it is difficult
to acquire the data at the speed of TBM excavation (Wang and Zhang, 2023). To solve this problem, it is feasible to build a
mapping between real-time TBM tunneling data and rock mass parameters by statistical methods, and a number of
researchers made attempts on this topic. Currently, machine learning method has become the main stream of this kind of
methods, with its powerful capability to solve regression problems with large quantities and strong nonlinearity of the rock
mass and tunnelling data. For example, Armaghani et al. (2017), Zare et al. (2017, 2018), Mahdeveri et al. (2014), Liu et
al.(2019), Yagiz et al.(2011), and Minh et al. (2017) applied artificial neural networks, particle swarm optimization, fuzzy
logic, and gene expression programs to research the relationship between tunnelling data and rock mass parameters and
obtained acceptable results in actual project. The mentioned researches prove that applying machine learning algorithms
on establishing the mapping between tunneling data and rock mass data is feasible and effective.

Using machine learning method to solve the relationship between tunneling data and rock mass parameters are
potential methods. They still have shortcomings. In actual project, the tunnelling data and rock mass data shows different
volume and structure. Therefore, the data set composed of TBM tunneling data and rock mass data is always complex and
difficultly used. Limited by space and testing time, rock samples are limited and each sample is always used to express the
rock properties for an area with the length from tens of meters to hundreds of meters. Differently, TBM tunneling data have
hundreds of features and high acquiring frequency, which results in more complex structures. Therefore, in the same
tunneling area, a single combination of rock mass data corresponds to high volume tunneling data with a number of
features and time-series samples (Wang et al. 2025). To simplify the structure of tunneling data, effective preprocessing
and dimensionality reduction methods are necessary.

Aiming at the data structure problem, this paper proposed a pre-treated method for TBM tunnelling data based on
the principal component analysis method (PCA). On this basis, a rock mass parameters prediction method based on
artificial neural networks with pre-treated tunnelling data as input is proposed. Furthermore, totally 1272 rock samples
come from five tunnel projects and the corresponding tunnelling data are collected to test and verify the proposed method.
The results verified the proposed method has relatively high accuracy and calculation efficient, which also pointed out that
the tunneling data pre-treated method is a valuable research point.

This paper is organized as follow: In the 2nd Section, the pre-treated method based on PCA is introduced. Further,
data set with 1272 samples from five tunnel projects is collected, and the corresponding prediction models of rock mass
parameters are established in the 3rd Section. The 4th Section introduced the pre-treated and prediction results. The 5th
Section discussed the advantages and shortcomings of the method, and the 6th Section conclude this paper.

2. Methodology

2.1. Data preparation

To build the mapping for prediction rock properties, suitable data sets are necessary. According to the task of the
method, the TBM tunnelling parameters are used as the input, and the rock mass parameters are the output. The
acquirement and selection of these data is introduced in this section.
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1. TBM tunnelling data

TBM is a huge and complex tunneling machine with many sub-systems, and each sub-system generates working
parameters during operation. For instance, cutterhead generates the thrust, torque, and revolution speed, electrical
system generates electric current and power, transport system generates the speed and load of the belt conveyor, and so
on. Most of the current TBMs are equipped with data acquisition system, which can monitor and record about 200 working
parameters as mentioned above with high frequency, always 1 record per second. Those tunneling parameters can be
divided into two types, the first type is mainly human-controlled, such as the penetration rate and revolution speed, whose
value is always closed to the preset value, and this type can be called as controlling parameters. The second type is
affected by combined action of the controlling parameters and rock condition, such as the thrust and torque of the
cutterhead, which are called the performance parameters. A single type of the tunneling data is insufficient to reflect
changes in rock mass conditions and predict rock mass parameters. Therefore, the input needs to be including both
controlling and performance parameters.

Selecting suitable tunnelling parameters as input is significant to the prediction accuracy of rock mass
parameters. Generally, the number of input variables are less than 10 to reduce algorithm complexity and computational
costs. A number of research used several parameters directly with rock-breaking process by TBM cutterhead as input,
including thrust, torque, penetration rate and revolution speed et al. (Mahdeari et al. 2014, Gong and Zhao, 2009, Liu et al.
2019, Liu et al.2017). Recently, some researches used all tunnelling parameters after dimensionality reduction instead of
directly selecting several variables as input to overcome the data information losses, and the prediction accuracy is
improved (Wang and Zhang, 2023, Wang et al. 2025). This paper followed this idea and developed a dimensionality
reduction method for tunnelling data based a principal component analysis (PCA).

2. Rock mass parameters

The strength and integrity are regarded as the most significant factors on TBM tunneling among the rock mass
parameters. Rock strength includes multiple aspects, such as compressive, tensile and shear strength. There is a high
correlation between the uniaxial compressive strength (UCS) to another strength parameters, and it also has a strong
characterization effect on the properties of rock mass. Therefore, the UCS is widely regarded as a key factor on tunneling
and involved in prediction model (Gong et al. 2020, Minh et al. 2017, Liu et al. 2018). Integrity represents the distribution of
joints in the rock mass, multiple parameters such as distance between planes of weakness (DPW) (Armaghani et al. 2017),
the joint orientation (a)(Gao et al. 2018), rock quality designation (RQD) (Liu et al. 2020), and joint frequency (J) (Wang and
Zhang, 2023) are involved in researches. Among them, DPW, RQD and J; express the frequency of joint in rock mass, and
they can be converted to each other. In this paper, UCS and Js are selected as the prediction target, also the output of the
proposed model.

3. Dataset preparation

Generally, prepared dataset should follow “key-value” type to meet the requirement of most of machine learning
algorithm. It means that the input tunneling data and output rock mass data should have same number of series and one-
to-one correspondence. In actual project, rock samples are collected in several specific mileage, while the tunneling data
are recorded continuously with high frequency, which results multiple series of input are corresponding to one series of
output in the original dataset, and it cannot be used by machine learning algorithm directly. To solve this problem, the
original “many-for-one” dataset is pre-treated in this research. In detail, the tunneling data is captured within the area of -
0.5m to 0.5m at each mileage position of field test used to obtain rock mass parameters. On this basis, triple standard
deviation method is used to remove abnormal samples in the multiple tunneling data samples corresponding to each rock
mass sample, and the average value of each variable is calculated as the pre-treated tunneling data, as shown in Eq.1 and
2 (Wang et al. 2025, Gong et al. 2020).
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x' € [u—30,u+30] (1)
1 ’

X =% x (2)

Where:

x' - a tunneling variable obtained at a certain moment, which is regarded as the
normal data and reserved,

uand o - the average value and standard deviation of the variable corresponding
to a series of rock mass data,

n -the number of the reserved samples,

X - the pre-treated tunneling data used to establish the prediction model for rock
mass parameters.

2.2. PCA principle

According to Section 2.1, there are about 200 variables of tunneling data which requires dimensionality reduction
to retain as much information as possible while reducing the algorithm complexity. In this paper, principal component
analysis (PCA) is used conduct the dimensionality reduction of tunneling data.

The basic principle of PCA is to reorganize original variables to form new and independent variables through
orthogonal transformation (Majdi and Beiki, 2019). Before conduct PCA, each tunneling parameter is normalized in the
range from -1 to 1, and the covariance can be calculated and recorded as C, like shown in Eq.3.

cov(xy,x1) cov(xy,x) ... cov(xg,x,)

C= cov(xy,x1) cov(xy,x3) ... cov(xy, xy,) 3)
cov(xy,x1) cov(xp,xy) .. cov(xy, x,)

Where:

n - the number of variables,
cov(x;, X;) - the covariance between the ith and jth variables.

The greater the absolute value of the covariance, the greater the influence of the ith and jth variable on each other.
A positive covariance means the two features increase or decrease together. This covariance has n eigenvalues and
corresponding eigenvectors Zand u;, respectively, each one should require Eq.4.

Cu = Au. 4)

There is a high positive correlation between the absolute value of A;and the information amount of the jth
eigenvectors. In other words, Eq.4 give the information order of the n eigenvectors. On this basis, any number of
eigenvectors with high average absolute eigenvalues can be selected as input, and the number is recorded as r according
to the actual requirement. The larger the value of r, the more data information is retained, and the complexity and
computational burden of the algorithm also larger. Usually, the r value is chosen according to the data used, as discussed
in section 4.

2.3. Prediction models of rock mass parameters

After data pre-treating and conducting PCA, the dataset involved rock mass parameter and tunneling data is
transform to standard “key-value” dataset. On this basis, regression can be conducted with the input of tunneling data and
output of rock mass parameter by multiple machine learning algorithms. In this paper, totally three algorithms are used to
verify the positive effect of PCA, including BP neural networks (BPNN), support vector regression (SVR) and random forest
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(RF), whose basic principles are introduced in this section. The mentioned algorithms are programed by Weka 3.8.6, a
machine learning workbench, which provided an extensive collection of machine learning algorithms and data pre-
processing methods. Accordingly, prediction models of rock mass parameters are established, which can calculate the
UCS and Js of target tunneling mileage with the known tunneling data.

1. Back Propagation Neural Network (BPNN)

Back Propagation Neural Network (BPNN) is one of the most widely used machine learning algorithm which is
proposed in 1986 (Almasaeid et al. 2022, Truong 2023, Ali et al. 2024). The network with normal structure is composed of
three layers, called input, hidden, and output layer, in which there are multiple neurons that character variables. Among
them, the number of neurons in input layers are consistent with the input variables, while the number of neurons in output
layers are consistent with the output variables. Variables in different layers are connected with each other by weights and
activation functions. Based on known input and output, the BPNN model can be expressed by Eq.5 (Hecht-Nielsen 1989).

Y = f,(ZHy wij (fa(Tios wiiXi + b;) + b)) (5)

Where:

Y and X; - the output and the ™ input variables,

i, j, and k - the order of neurons in input, hidden, and output layers, respectively,

land H - the number of neurons in input and hidden layers,

Wi, bj, Wi and by - the weight between input and hidden layers or between
hidden and output layers, which needs to be optimized during training process.

Especially, the calculation of the variables in different layers is not linear because of the existence of f; and f,,
which represent the activation functions, such as sigmoid, tanh, or ReLU functions as shown in Eq.6, 7 and 8 (Liu et al.
2020).

1

o(x) == (6)
tanh(x) = Z:Z:z (7)
ReLu(x) = max (0, x) (8)

2. Support Vector Regression (SVR)

Support Vector Regression (SVR) is a generalized form of Support Vector Machine (SVM) used to solve regression
problems. Aiming at the nonlinear problems, data is mapped to high-dimensional space through kernel functions, and any
nonlinear continuous function is approximated with arbitrary accuracy in high-dimensional space by minimizing structural
risk (Mahdevari et al. 2014). In terms of regression problems, given a training sample set with input x;, which is a vector
with m dimensions, and output y;, and the optimal regression hyperplane can be expressed by Eq.9, which is also the
objective functions of SVR (Liu et al. 2019).

N R ST
min |- [|wl| +C§(Ei +&0)
wb |2 -

i=

sit.f(x) —y; <e+ &

vi—f(x) <e+ & (9)
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Where:

i-the order of the samples,

€, & and & - given tolerance, which is non-negative number,
C - the penalty parameters.

During the training process, €, &, & and C needs to be selected to minimize the objective functions (Liu et al.
2019). There is a key task of SVR is to balance the regression error and structural complexity, which is also to balance the
accuracy and generalization, which means the model adaptability on different data. Take the penalty parameter C as an
example, the higher C, the higher the structural complexity of the training model, which may lead to relatively simple model
with low accuracy on training set and relatively good generalization. On the contrary, too low C may obtain a relatively high
accuracy on training set, but when the data changed, there might be a high difference between test and training accuracy.

3. Random Forest (RF)

Breiman proposed the Random Forest (RF) algorithm in 2001 (Hou et al. 2020), which is an ensemble learning
algorithm based on decision trees and suitable for classification and regression problems. It uses bootstrap technology to
extract randomized samples from the original samples to construct a single decision tree. At each node of the decision
tree, a split point is selected through a random feature subspace for splitting. Finally, these decision trees are combined
together and the final prediction result is obtained through majority voting. Compared with decision trees, random forests
introduce the ideas of bagging and random subspaces. In each regression tree (RT), dichotomy is used to calculate the
purity of the tree model by Eq. 10 (Yu et al. 2018).

Ai(s, t) = i(t) — PLi(t,) — PRi(tg) (10)

Where:

i(t) - the purity before division,

i(t;) and i(tg) - the purity of the left and right of the tree,

P; and Py, - the probability of sample located on the left and right of the tree.

Based on Eq.10, Gini index is involved to calculated the impurity of each sample, as Eq.11 (Sun et al. 2018).
Gini(x;) = X2 pi(1 —py) (11)

Where:
m - the number of possible values of each variable,
p; - the probability of the M value.

In training process, the division of tree calculated by iteration, until the objective function (Eq.11) meets the
requirement. In addition, the RF model is formed by multiple decision tree, and each decision tree trained by Eq.11 can
give a predicted result. Take a RF model including M decision trees as an example, the prediction results of m™ decision
tree is recorded as h,,(x), and the finial prediction results by RF f(x) can be calculated by Eq.12 (Sun et al. 2018).

FG) = 220 b () (12)
3. Case study and model establishment

3.1.Case study

The prerequisite of solving the structural difference between rock mass and tunneling data and establishing rock
mass prediction model is collecting a number of field rock mass and tunneling data. In this research, totally 1272 series of
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data from 5 different TBM projects are collected. Given the difference of the TBM type and rock mass condition, there are
significant difference between data distribution of the different project. In addition, there is one investigated area in the
project YH and QD, while there are two investigated areas in project YS, ZJ, and HZ. Therefore, the 1272 series of data are
used as 8 different datasets according to their sources to establish the corresponding 8 different rock mass prediction

models, instead of being mixed into a same dataset. The basic information of the datasets and the corresponding projects
are listed in Table 1.

Table 1: Basic information of the datasets and projects (Liu et al. 2019,2020)

YS Z) HZ
Data sources YH QD
Areal Areall Areal Arealll Areal Arealll
Number of samples [-] 460 80 50 230 46 250 56 100
TBM type [-] Open type Double-shield Double-shield Double-shield Double-shield
Number of tunneling
) 178 202 276 276 202
variables [-]
TBM diameter [m] 7.9 7.0 6.2 6.0 7.0
Number of cutters [-] 56 48 42 40 48
3.2. Dataset division
QpE——m B Testinct
[ Validation set
HZp | ] ] Training set
Ed
(5]
.% ZJE | | |
St
=%
YHET
YSE Ji—] |
i 1 i 1 i ]
0 200 400 600

Sample number [-]

Figure 1: Division of the field datasets

Generally, in the machine learning tasks, the dataset should be divided into three parts, called training set,
validation set, and test set. The three datasets typically have non overlapping samples and different function. The samples
in training set are occupied the main parts in the total samples, always more than 60%. It is used for trial and error of
existing algorithm architectures and parameter tuning. The weight combination that performs well on the training set is
considered as the trained and usable model. The validation set is used to test the performance of the trained model,
usually using the same data source as the training set. By comparing the accuracy of training and validation, the
generalization of the model is verified to prevent overfitting; The test set is involved to the validated model to solve practical
prediction problems, and its data sources are usually different from the training and validation sets, used to test the
adaptability of the model to data with unknown and different distribution.

In this research, totally 1272 samples collected in 8 areas from 5 different project, and they are used to
established 5 different models for different projects. According to the task, three principles for dataset division are
proposed.

1. Model used for specific project should be established by samples collected in the project, because of the
differences of the lithology and TBM type.
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2. For each project, samples in the training and validation sets should be collected in the same study area.

3. For each project, samples in the test sets should be collected in the different study area. Especially, for projects
with limited sample, test sets are not necessary.

Accordingly, the 1272 samples are divided as shown in Figure 1. Due to the small amount of the sample collected
in YH and QD project, only 50 and 100 samples, respectively, there are no test set for the corresponding prediction model.

3.3. Data pre-treated by PCA

After field data preparation, the tunnelling data with a huge number of features should be simplified by PCA, as
introduced in Section 2.2. Before pre-treating by PCA, the field data should be modified as key-value data. Each UCS and J;
sample matches an area with the length of 1m. During tunneling the area, usually more than 1000 series of tunnelling
parameters are recorded and each one consists of 178 variables, because the tunneling data is sequential with a
frequency of 1s-1, and tunneling an area with the length of 1m always takes more than 1000s. Part of those tunneling data
is inefficient, because TBMs have interval stoppage and trial excavation (Wang et al. 2025). To remove the inefficient
tunnelling data, a threshold of penetration rate is set as 10mm/min, and the series of tunneling parameters with lower
penetration rate are removed. Subsequently, the time series of tunneling data corresponding to the same rock mass
sample is eliminated using the average value, and the difference of ranges between the tunneling variables are unified by
normalization (Wang et al. 2025). By conducting mentioned steps, the rock mass and tunneling data is modified as a
standard key-value data, which will be pre-treated by PCA method.

Especially, the number of tunneling parameters varies among different projects because of the difference of the
involved TBM manufacturers. In detail, tunnelling variables recorded in YSis 178, in YH and QD is 202, and in ZJ and HZ is
276. Although the number of tunneling variables are different, all dataset collected from the different project contain
several common main variables. The common variables contained by all dataset can roughly divided into three groups.
First group contains parameters directly related by tunneling and rock-breaking process, such as the cutterhead thrust,
torque, and revolution speed. These parameters always have sharply fluctuations, because they are influenced by both
geological condition and manual control. The second group contains the parameters which characterize the tunnelling
direction and trajectory, such as the horizontal and vertical tunneling angle. These parameters always show both positive
and negative value, which represent different direction, and they are also one of the most complex variable parameters.
The third group contains the working status of the machine, such as motor current and hydraulic pressure. Compared with
the above two groups, these variables are always stable and simple. However, due to multiple sub-system of TBM, the
number of the variables in the third group is huge, because the motor current and hydraulic pressure of each sub-system is
an independent variable. Thus, the variable number of different projects is different, and the features of variables are
different, therefore, the PCA parameters and the number of retained variables are also different.

Take the YS project as an example. Totally 400 samples in training set are used by PCA, and the 178 features are
reorganized to form new and independent variables through orthogonal transformation. The first step of PCA is to calculate
the covariances among 178 variables and consist the covariance matrix. Figure 2 shows the part of the covariance matrix
including some main tunneling variables, such as thrust (Th), torque (Tor), penetration rate (PR), penetration (P),
cutterhead revolution speed (R), and cutterhead power (CP).
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Tor R P Th PR CP

0.160
Tor | 0.120 |-0.026 [-0.018 | 0.022 |-0.052 | 0.072

R |-0.026( 0.104 | 0.095 |-0.043 | 0.118 |-0.032| 0.100

P [-0.018( 0.095 | 0.140 (-0.064 | 0.092 |-0.051

0.040
Th | 0.022 |-0.043 |-0.064 | 0.116 |-0.066| 0.036
PR |-0.052| 0.118 | 0.092 |-0.066 | 0.160 -0.020
CP | 0.072 |-0.032|-0.051 | 0.036 0.040

-0.080 =

Figure 2: Part of the covariance matrix results

According to Eq.4, totally 178 eigenvectors and eigenvalues corresponding to the covariance matrix C are
calculated. Each eigenvector and eigenvalue match a tunneling parameter. Then, the eigenvalues are sorted in descending
order of their absolute value, and an index, called accumulated information, can be calculated by Eq.13.

ST e

Al === 13

rEI e (13)
Where:

r - a changeable positive integer, and represents the number of retained
tunneling variable,

Al, - the accumulated information under r retained variable, it ranges from 0 to 1,

n - the total number of the tunneling parameters and it is 178 for YS project,

e; - the absolute value of the /" eigenvalues in order.

Generally, the accumulated information Al should be higher than 95%. On the basis of the Al higher than 95%, as
few tunneling variable as possible should be retained. The absolute value of the eigenvalues and the Al of the top 10
eigenvectors in order is listed in Figure 3.

04 =1.0
— o} 0.8
g S
E =10.6 <
s 0.2f =
S 404 &,
20 aE
<) - ;

0.1 I Eigenvalue 4¢.2

—— Al value
0.0 L 11

1 2 3 4 5 6 7 8 9 10

Eigenvectors in order

Figure 3: Part of the covariance matrix results

As Figure 3 shows, after orthogonal transformation, equal quantity (totally 178) variables are generated, and their
eigenvalues are concentrated on the top 5 variables, and the eigenvalues of the variables after 6™ place are lower than
0.005. The Al values of the top 4 variables are 0.941, while the one of the top 5 variables are 0.973. According to the
principle of selecting variables by PCA, the top 5 tunneling variables are retained as the input, which will be used to train
the prediction model of the rock mass.
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3.4. Establishment of the prediction models of rock mass parameters

After pre-treated by PCA, the original field tunneling data form YS project with 178 variables are transformed to
new data with 4 variables. Take the new variables as input and the corresponding rock mass parameters as output, and the
mentioned machine learning method, including BPNN, SVR, and RF, are used to establish the mapping between the input
and the output.

The 10-fold-corss-validation strategy is used in above mentioned training process. In detail, the 400 samples in
training set are randomly and equally divided into 10 sub-sets, and named as sub-set 1 to 10. Among them, 9 sub-sets are
used in training to establish a sub-model, and the other sub-set is used to test the sub-model and calculate the accuracy.
By transforming the sub-set used for training and testing, totally 10 sub-models are established, and the corresponding
accuracies are also calculated. The sub-model with the highest accuracy is chosen as the well-trained model. By
conducting the 10-fold-corss-validation, three models are established by the mentioned three machine learning methods.
The accuracies of the sub-models based on the training data collected from YS project are listed in Table 2.

Table 2: Mean absolute percentage error of the sub-models in the 10-fold-corss-validation

ord Traini b T b BPNN SVR RF
rder raining sub-set est sub-set UCS %] yACH! UCS %] 7% UCS %] I %]
1 2-10 1 9.7 8.4 9.2 9.2 9.0 8.9
2 1,3-10 2 8.6 8.2 9.1 8.3 8.9 8.8
3 1-2,4-10 3 9.0 9.4 8.5 8.6 8.7 9.0
4 1-3,5-10 4 9.6 9.2 9.9 9.6 8.8 9.8
5 1-4,6-10 5 10.0 9.7 8.8 9.2 10.1 9.1
6 1-5,7-10 6 8.4 8.7 9.2 8.3 8.9 10.1
7 1-6, 8-10 7 9.7 8.9 9.5 9.6 9.4 8.8
8 1-7,9-10 8 9.3 9.5 8.9 8.7 10.6 9.4
9 1-8,10 9 9.7 9.4 9.2 9.8 9.1 8.9
10 1-9 10 9.4 8.9 9.2 9.2 9.3 8.8

In Table 2, sub-models with different prediction target and algorithms are selected separately. For example, for
predicting UCS by BPNN, the 6" sub-model is selected as the well-trained model, since it has the lowest MAPE of 8.4%.
According to the results of the 10-fold-cross-validation, the MAPE of all the well-trained models based on the pre-treated
data by PCA are controlled within 9%, which proves that the proposed data-pre-treating method is suitable for machine
learning, at least in the training stage.

4. Results

4.1. PCA results of the other projects

In Section 3.3 and 3.4, the data pre-treating by PCA and the prediction model establishing by machine learning are
introduced, and they are also conducted in the field data sets collected from YH, ZJ, HZ, and QD project. The data sets
from the four projects are transformed into key-value data, and this process are similar with the way introduced in Section
3.2. On this basis, PCA is applied to the four projects, and the eigenvalues and the accumulated information of the top 10
variables in the four projects are shown in Figure 4.
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Figure 4: Eigenvalues and the accumulated information of the top 10 variable in the four projects

As Figure4 shows, the eigenvalues in the other four projects show similar rules with the one in YS projects. Only
the top 3 to top 5 variables have relatively high eigenvalues, while the eigenvalues of the other variables are lower than
0.005. Take the 202 variables of YH project as an example, the Al of the top 3 variables is 0.929, while it of the top 4
variables are 0.992, and the 202 variables are reduced to 4 variables by PCA. In addition, 276 variables of ZJ and HZ project
are reduced to 3 and 4 variables, respectively, while 202 variables of QD project are reduced to 4 variables. It shows that,
PCA can significantly reduce the volume of tunneling data and the cost of calculation by machine learning, under
prerequisite of retaining more than 95% input information.

4.2. Prediction results of validation sets

On the basis of the rock mass parameters models trained by the training set, models are applied to the validation
sets from corresponding projects. By comparing the prediction results of UCS and J; the prediction accuracy can be
expressed by mean absolute percentage error (MAPE), which can be calculated according to Eq.13, where y and y’ express
the actual and prediction value of the target. In addition, Figure 5 and 6 shows the comparison between the predicted
values by BPNN and the actual values of the UCS and Jrin each project.

MAPE = 'yy—‘y' x 100% (13)
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Figure 5: Comparison between the predict UCS to the actual values in different project
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Figure 6: Comparison between the predict Jsto the actual values in different project

As Figure5 and Figure6 show, the trend of the predicted UCS and J; are consistent with the actual values. In terms
of the UCS, the average MAPE values of the 5 validation sets are 10.1%, 11.0%, 8.1%, 9.7%, and 10.5%, in order. The error
between the predicted UCS and the actual values are lower than 20MPa, except part of sample from YH project, which is
mainly located in the hard rock area and most of its UCS samples are higher than 200 MPa. Therefore, UCS errors of some
samples is closed to 50MPa, such as the 6™ and 9" samples. In terms of the J;, the average MAPE are 8.4%, 8.8%, 5.3%,
9.1%, and 9.7%, which is better than the effect of UCS. Especially for YH project, whose rock is relatively integral and the
most Jsis lower than 1 m™', which results in the low error. Errors of some samples are nearly to 0, such as the 1%, 2", 31, 7t
and 8™ samples.

4.3. Prediction results of test sets

The proposed models based on BPNN are further used on the test set, and the comparison between the predicted
UCS and Jrand their actual values are shown in Figure7 and 8. Especially, as explained in Section 3.2, there are no test sets
in YH and QD project, because of the limited samples.
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Figure7 and Figure8 also show the acceptable predicted results. The MAPE values of the UCS in test sets are
13.0%, 11.9%, and 11.9% in order, while the one of J;s are 12.7%, 12.3%, and 11.0%. In the aspects of MAPE values, the
predicted errors in test sets are higher than the one in validation sets, because of the data distribution differences.
Generally, errors lower than 13% are acceptable in actual projects, which proves the prediction models are accurate, and
the tunneling data pre-treated by PCA is suitable for BPNN algorithm.

5. Discussion

By comparing the prediction results to the actual value of the validation set, it is proved that pre-treated tunneling
data by PCA is useful for predicting rock mass parameters by BPNN. However, there are still two valuable issues for
discussion. Firstly, only BPNN applied to tunneling parameters pre-treated by PCA is verified, and the universal
adaptability of PCA still needs to discuss. Therefore, SVR and RF are further applied to the tunneling parameters pre-
treated by PCA, which is discussed in Section 5.1. Then, the effect of PCA pre-treating on the accuracy have not been
verified. For this purpose, tunneling data with all variables are used as input to build prediction models of rock mass
parameters by same method, and the accuracy created by PCA pre-treated and all variables are compared with each
other, which is discussed in Section 5.2.

5.1. Comparison between the prediction results of PCA pre-treated method and full variable

As introduced in Section 3.4, the expression of the tunneling data pre-treated by PCA on BPNN and the other two
algorithm is relatively closed. The minimum MAPE of UCS and J: by BPNN is 8.4% and 8.2%, while the one by SVR is 8.5%
and 8.3%, by RF is 8.7% and 8.8%, which proves the universal adaptability of PCA on training sets. Further, to verify the
universal adaptability of PCA on different machine learning algorithm, the validation and test sets used in Section 4 are
also tested by two kinds of machine learning algorithms, SVR and RF, which is also programmed in Weka 3.8.6. Take the
validation set from YS project as an example, and the comparison results are shown in Figure9. In addition, the MAPE
values of the other four projects are listed in Table.3
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Figure 9: Comparison between the predicted UCS and Jrby SVR, RF, and the actual values in validation sets
Table 3: Predicted MAPE values of the validation sets in other four projects
Projects yes £
. BPNN [%] SVR [%] RF [%] BPNN [%] SVR [%] RF [%]
YS 10.1 10.3 10.7 8.4 8.5 8.8
Z) 11.0 11.5 11.4 8.8 9.4 9.1
YH 8.1 8.3 9.0 5.3 6.0 6.2
HZ 9.7 8.9 9.6 9.1 8.8 9.9
QD 10.5 10.2 10.8 9.7 8.9 10.4
Average value 9.9 9.8 10.3 8.3 8.3 8.9
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As shown in Table 3, in terms of the validation sets, the BPNN and SVR are shown similar error, 9.9% and 9.8% of
MAPE for UCS, and 8.3% and 8.3% for J. In addition, the MAPE of RF on validation sets are slightly higher than the one of
BPNN and SVR, which is 10.3% and 8.9% for UCS and J;, respectively. The results prove that, at least to the data collected
in the same area with the training set, the tunneling data pre-treated by PCA is suitable for not only BPNN, but also other
algorithm, such as SVR and RF.

150 8r
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0 20 40 60 80 0 20 40 60 80
Order of samples Order of samples
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Figure 10: Comparison between the predicted UCS and Jrby SVR, RF, and the actual values in test sets

Table 4: Predicted MAPE values of the test sets in other four projects

Projects ues &
BPNN [%] SVR [%] RF [%] BPNN [%] SVR [%] RF [%]
YS 13.0 12.8 14.4 12.7 13.2 14.8
Z) 11.9 12.2 13.9 12.3 11.8 14.2
Hz 11.9 12.3 13.2 11.0 11.2 13.5
Average value 12.3 12.5 13.8 12.0 12.1 14.2

Table 4 shows the MAPE of the test sets predicted by the three algorithms. The MAPE of SVR keeps closed to
BPNN, and increases by less than 3%, compared with the MAPE of the validation set. It proves that the SVR have similar
effect with the BPNN, both on validation and test sets. Compared with SVR and BPNN, the generalization of RF is slightly
weaker. The MAPE values are about 2% higher than the one of SVR and BPNN, and difference between the MAPE of
validation and test sets reaches 3.5% (UCS) and 5.3% (Js). However, the MAPE of lower than 15% is acceptable in actual
projects, and although RF is not the best algorithm for predicting rock mass parameters, its results still have reference

price.
5.2. Comparison of the different machine learning method prediction results

This section mainly discusses the positive effect of PCA on the predicted accuracy by machine learning algorithm.
To compare the predicted accuracy, another rock mass predicted models aiming at the mentioned five projects are added,
respectively, with the tunneling data without pre-treated as input. The newly added models are established by BPNN
algorithm, and the most of the hyper-parameters is consistent with models introduced in Section 3.4. Especially, the
structure of the network changes. Since the input data are not pre-treated and have hundreds of variables, the neuron
number of the input layers increases to be equal with the variables. In addition, the neuron number of the hidden layers
also increases to the range from 50 to 80. Thus, the added models with full variables as input, named FV models, are
established by networks with more complex structures than the network used in PCA models, which results in higher time
costs during each calculation. The network structures and time costs of each project are listed in Table 5.
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Table 5: The network structures and time costs of PCA and FV models

PCA model FV models
YS YH Z) HZ QD YS YH Z) HZ QD
Number of input neurons [-] 5 4 3 4 4 178 202 276 276 202
Number of hidden neurons [-] 8 6 5 6 6 56 64 72 72 64
Time costs [s] ucs 6 4 4 4 4 202 179 261 252 188
Jr 6 4 3 5 3 196 165 249 266 193

As Table 5 shows, after pre-treated by PCA, the tunneling data are simplified, which results in the decreasing of the

number of the input and hidden neurons. It makes a significant simplification of the network structure. In terms of the
calculation efficiency, calculating the prediction results by PCA model needs about 3 to 6 seconds, while it needs about 3
to 4 minutes by FV model. It proves that, PCA pre-treating is helpful for simplifying the data and improving the calculating
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Figure 11: Comparison between the calculating accuracy in validation sets of PCA model and FV models
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Figure 12: Comparison between the calculating accuracy in test sets of PCA model and FV models

In addition to the efficiency, the calculation accuracy of PCA and FV model is compared and listed in Figure11 and

Figure12, which is also expressed by MAPE values. As Figure11 shows, the accuracies of FV models are closed to or lower
than the accuracies of the corresponding PCA models. The MAPE of validation UCS collected in the five projects are
10.1%, 10.8%, 8.2%, 9.2%, and 10.2%, the average MAPE is 0.18% lower than the one of PCA models, while the MAPE of J;
is 8.6%, 8.5%, 5.9%, 8.8%, and 9.2%, the average MAPE is 0.06% lower than it of PCA models. It indicates that the
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accuracy of PCA models in validation set is slightly weaker than FV model, the simplification of input data has almost no
negative impact on the predicted effect.

Figure12 shows in predicted accuracy on test sets. The MAPE values of FV models are higher than them of PCA
models. In terms of UCS, the MAPE values of FV models are 16.7%, 14.7%, and 13.4%, the average value is 2.7% higher
than results of PCA models, while in terms of J;, the MAPE values are 16.1%, 15.5%, and 13.1%, whose average value is
2.9% higher than the one of PCA models. The main reason of these phenomenon is that the too complexed tunneling data
have been simplified, which is helpful for improving the generalization of the models.

In addition, it is found by compared with the prediction results of different projection that the validation results of
the YH projects are much better than the other projects. In terms of the test set, prediction results of YS project have
highest MAPE, especially predicted by FV model. The reason is inferred to be that there are the most samples collected
from YS, while there are the least samples collected from YH. Therefore, the geological condition of the YH investigated
area is relatively stable, while it of YS project is more complex. Poor performance in complex data is a common
shortcoming of machine learning method, and it is also shown in this research. Further, more data with more complex
feature should be involved in rock mass parameter prediction research by machine learning in the future research.

6. Conclusion

This research proposed a prediction method of rock mass parameters based on pre-treated tunneling data by PCA
and multiple machine learning methods. The main conclusions of this research can be summarized as follows:

1. Given the structural difference between the tunneling data with a number of features and high acquirement
frequency and rock mass data. The pre-treated method of the tunneling data by PCA is proposed. Totally 1272 samples
collected from five different projects are collected and used to verify the method. The result shows that the PCA can
reduce hundreds of tunneling variables to 3-5 variables with more than 95% data information reserved.

2. The field data pre-treated by PCA is used to train BPNN prediction models of UCS and J; by 10-fold cross
validation, and they are used to flied validation sets and test sets. The MAPE of UCS and J:on validation sets are lower than
11.0% and 9.7%, while the one on test sets are lower than 13.0% and 12.7%, which are acceptable in actual project. The
results prove that the BPNN prediction model is relatively accurate and has good generalization.

3. The tunneling data with full variables without pre-treated are used to build prediction model of rock mass
parameters by BPNN, in order to verify the positive effect of the PCA method on the prediction accuracy. The results show
that the network structure of PCA model is simpler than the model with full variables, and it leads to the time costs are
reduced from 4-6 minutes to 3-6 seconds. In addition, the accuracies of PCA model on validation set is closed to them of
model with full variables, while it on test set are higher than them of model with full variables. It proves that the PCA is
helpful for the generalization of the prediction model of the rock mass parameters.
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