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Abstract. This paper develops a convenient approach for deterministic and probabilistic evaluations of tunnel face stability
using support vector machine classifiers. The proposed method is comprised of two major steps, i.e., construction of the training
dataset and determination of instance-based classifiers. In step one, the orthogonal design is utilized to produce representative
samples after the ranges and levels of the factors that influence tunnel face stability are specified. The training dataset is then
labeled by two-dimensional strength reduction analyses embedded within OptumG2. For any unknown instance, the second step
applies the training dataset for classification, which is achieved by an ad hoc Python program. The classification of unknown
samples starts with selection of instance-based training samples using the k-nearest neighbors algorithm, followed by the
construction of an instance-based SVM-KNN classifier. It eventually provides labels of the unknown instances, avoiding
calculate its corresponding performance function. Probabilistic evaluations are performed by Monte Carlo simulation based on
the SVM-KNN classifier. The ratio of the number of unstable samples to the total number of simulated samples is computed and

17

“State Key Laboratory of Water Resources and Hydropower Engineering Science, Key Laboratory of Rock Mechanics in Hydraulic Structural

is taken as the failure probability, which is validated and compared with the response surface method.

Keywords:
Carlo simulation

tunnel face stability; support vector machine; the k-nearest neighbors; strength reduction analysis; Monte

1. Introduction

Tunnel face stability is a major concern in tunnelling
engineering because the instability of a tunnel face may
severely threaten the safety of workers, equipment and
existing nearby structures and utilities. Face collapse is very
likely to happen at the construction stage for tunnels driven
in soils. In these cases, stabilization measures are usually
required for the purpose of prevention and control of active
failure in front of the tunnel face. However, the application
of such measures is often costly, time-consuming, and
labor-intensive. Therefore, it is essential to predict where
the face collapse may occur during the tunnel construction.

There are various analytical, experimental, and
numerical methods for evaluations of tunnel face stability in
the literature (Lee 2016, Khezri et al. 2016, Zhang et al.
2017, Li and Yang 2019a, b). Leca and Dormieux (1990)
proposed a collapse mechanism composed of two truncated
conical blocks to determine retaining pressures against face
collapse and blow-out failure. The two-block failure
mechanism was then improved to a multiblock collapse
mechanism (Mollon ef al. 2009a, Mollon et al. 2010), and
then to a rotational failure mechanism (Mollon ef al. 2011).
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These methods need to prescribe a failure surface, and then
establish and solve the governing equations with respect to
tunnel face stability through the limit analysis method. In
addition, centrifuge model tests have been used to study the
face stability of tunnels, with the purpose of observing
failure patterns and determining limit support pressures
(Chambon and Corte 1994), validating the proposed
analytical methods (Leca and Dormieux 1990),
investigating failure mechanism (Wong et al. 2012), and
checking the effects of auxiliary measures (Kamata and
Mashimo 2003, Juneja et al. 2010). Recently, numerical
methods have become popular in tunnel face stability
analysis as it does not need to prescribe the failure surface
prior to the analysis compared with the analytical methods,
and has been shown to be a cost-effective tool for
investigating the tunnel face stability. Simulations have
been performed to evaluate the effects of reinforcements on
preventing face collapse (Paternesi et al. 2017), or to design
reinforcement parameters (Ng and Lee 2002, Dias 2011, Li
etal. 2015).

Existing studies showed that tunnel face stability is
mainly influenced by various factors, including, but not
limited to, the material parameters of surrounding soils, the
surcharge loading located on the ground surface, the cover
depth, and the diameter of the tunnel (Leca and Dormieux
1990, Chambon and Corte 1994, Yamamoto et al. 2011,
Anagnostou and Perazzelli 2013, Paternesi ef al. 2017). In

ISSN: 2005-307X (Print), 2092-6219 (Online)



18 Bin Li, Yong Fu, Yi Hong and Zijun Cao

Input an unknown

' instance x*

Training dataset D

Construct an instance-
based training dataset D”

SVM

| l influencing features

levels for features

Collect samples by

ogonal design

Stable

Train an instance-based

clagsifier

| Classify the unknown

instance x*

Unstable

Fig. 1 Framework of the proposed SVM-KNN method for tunnel face stability analysis

practice, these factors usually vary from location to
location, indicating that the states of tunnel face may
change frequently along the axis of the tunnel. This means
that one tunnel requires a number of evaluations of tunnel
face stability for different cross sections, which is time-
consuming for conventional methods. A load factor, called
stable ratio or stability number (Klar et al. 2007,
ITA/AITES 2007), is capable of estimating whether or not a
tunnel face is stable with a great efficiency. However, this
method is only limited to tunnels driven in purely cohesive
soils. A more widely applicable approach that has
comparable efficiency is still expected. Essentially, if the
main purpose is to determine whether or not a tunnel face is
stable, the deterministic evaluation task can be reformulated
as a binary classification problem. In a similar spirit, a
probabilistic evaluation can be converted to a certain
number of binary classifications (Pan and Dias 2017).
Various machine learning algorithms (Zhang and Goh 2014,
2016, Xiang et al. 2018, Zhang et al. 2018) like support
vector machine (SVM) have been proven to be efficient in
solving such types of problems (Pal 2006, Goh and Goh
2007, Bourinet et al. 2011, Samui and Karthikeyan 2013,
Tinoco et al. 2014, Pham et al. 2016).

Given a training dataset, a machine learning model can
be trained to classify unknown samples. The performance
of the model relies on the quantity and quality of training
data (or samples) (Chan et al. 2004). The training samples
can be either derived from monitoring data of real-life
projects or produced according to sampling design methods,
such as uniform design (Li et al. 2016, Li and Yang 2019)
and orthogonal design (Qiu et al. 2016, Xu et al. 2017).
Generally, geometry parameters (e.g., the diameter of a
tunnel) is usually not taken into account when choosing
variables (Mahdevari et al. 2012, Shi et al. 2019, Zhang et
al. 2019). The trained model is, therefore, not feasible to be
used for cases with different geometry parameters.

To overcome the above limitation, this paper constructs
a training dataset that includes sufficient labeled samples at
the beginning and then selects suitable training samples
from this dataset for the classification. The main factors that

influence tunnel face stability are taken into consideration
when determining training samples, and the experimental
domain to be defined wide enough to cover routine cases
occurring in design practice. Beyond that, the technique of
selection of suitable training samples is also very important.
For a new data point, the k-nearest neighbors (KNN)
algorithm is capable of searching the k-nearest data points,
which has the shortest distances from the data point
concerned. KNN was combined with SVM to develop a
SVM-KNN method (Zhang et al. 2006), which has been
proven to outperform the original SVM (Zhang et al. 2006,
Li et al. 2008). This proposed SVM-KNN method is
applicable to both deterministic and probabilistic
evaluations of tunnel face stability, and it is comprised of
two major steps: construction of the training dataset and
determination of instance-based classifiers using SVM-
KNN, which are described in detail as below.

2. Description of the method
2.1 General framework

Fig. 1 shows the proposed framework comprised of two
major steps. The step one (represented by solid rectangles)
constructs a training dataset (denoted by D). The second
step (represented by blank rectangles) applies the training
dataset to perform classifications of tunnel face stability.

For an unknown instance (denoted by x*), KNN is
employed to search the k nearest data points from the
training dataset D to construct an instance-based training
dataset D*, which is then used to fit an instance-based
model to classify the unknown instance x*. Note that once
the step one is completed, the next step can be readily
repeated for different unknown instances. This enables one
to perform a large number of predictions in a cost-effective
manner. More importantly, with the trained model,
probabilistic analysis of tunnel face stability becomes trivial
by performing classifications for a set of instances (or
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samples) simulated from Monte Carlo simulation. More
details of the proposed method are described in the
following subsections.

2.2 Generation of the training samples

The step one starts with selecting main features
affecting the tunnel face stability. In this study, six features
are considered, including the tunnel diameter D, the cover
depth H, the surcharge load o, the unit weight y, the
cohesion ¢, and the friction angle ¢ of surrounding soils.
In other words, an instance can be represented by a six-
dimensional vector, x; = (D;, H;, 03,7, ¢i, 9i).

Then, an experimental domain is defined within the
feature space. This is done by specifying the range of each
factor. Consider, for example, a two-dimensional feature
space of ¥ and D, the ranges of which can be specified as
13<x;,<24 kN/m3) and 4<x,<15 (m) ,
respectively. For the convenience of visualization, Fig. 2
shows the subspace of ¥ and D bounded by the assigned
ranges, which is defined as the experimental domain. The
defined domain shall be large enough to cover most of
routine cases in design practice. Instances that exceed this
domain are deemed to be special cases which deserve
special consideration. Within the specified domain, a set of
combinations (denoted by xq,X3,..,%;) of model
parameters are determined, which are then labeled to form
the training dataset. After this, a decision boundary is
constructed. Unknown samples denoted by vectors can be

categorized as either stable (e.g., x*{) or unstable (e.g.,
x*,) samples according to the computed value of the
decision function.

The commonly used experimental design methods
include full factorial design, orthogonal design, and uniform
design. Considering m factors and n levels per factor, full
factorial design involves n™ combinations (experiments),
which can be significantly decreased to n? using an
orthogonal design (Cavazzuti, 2013). Consider, for
example, m =6 and n =12, full factorial design will
produce 12° = 2985984 samples. Labeling such a large
number of training samples is computationally expensive.
However, the orthogonal design only generates 122 = 144
combinations. Fig. 3 compares the combinations for 3
factors and 3 levels per factor produced by full factorial
design and orthogonal design methods. Using the
orthogonal design, the number of combinations is decreased
from 27 to 9. However, the experimental domain is
uniformly covered by selected combinations of model
parameters, which are hence representative (Wang et al.
2013, Wang et al. 2014).

2.3 Labeling of the training samples

Finite element analyses are then utilized to label the
training samples. This task is achieved using the strength
reduction technique, by which the safety factor (F;) is
calculated as:



20 Bin Li, Yong Fu, Yi Hong and Zijun Cao

Feature space
A

k-nearest unstable samples
L] = |}

>
Feature space

(a) k-nearest unstable samples

Feature space

k-nearest stable samples
= =

>
Feature space

(b) k-nearest stable samples

Fig. 4 Selection of instance-based training dataset

Feature space

A
w-X+b=0 >
@-X+b=-1__, °
vV R
—_— = "
X; .
£ =
. @ .
— [=xl"T
- llwll

e o<« Stable samples (+1)

N Decision boundary
Unstable samples (-1)

Feature space
»

Fig. 5 The SVM classification algorithm (Duan et al. 2003)

c tan ¢
Fi=—= (M
Cor AN Qg

where ¢ and ¢ denote the strength parameters of
surrounding soils; c.. and ¢, denote their critical values
in terms of tunnel face stability. If F; > 1, the tunnel face is
stable; if F; < 1, the funnel face is unstable. Then, each
instance, x; = (D;, H;, 0;,v;, ¢i, ¢;), is labeled as stable
(y; = +1) for F; > 1 or unstable (y; = —1), for F;, <1 to
obtain a set of training samples:

D= {(xl' yl)' (xZ' yZ)' ey (xi' yl)} (2)

2.4 Selection of instance-based training samples

After the selected samples have been labeled, the
training dataset D is applied to performing classifications.
For an unknown instance x*, the first step is to measure the
distance between x* and each data point (represented by
x;) in the feature space. A commonly used distance can be

defined by the Euclidean norm, d; = | x* — xl-”, as shown
in Fig. 4. The measured distances are stored and sorted in
an ascending order. The k data points that have the
shortest distances from the unknown instance will be
selected to form an instance-based training dataset D*.
Considering the balance between the number of stable and
unstable training samples, it is recommended to select k
nearest unstable samples and k nearest stable samples,

respectively. In other words, 2k samples will be selected
to form D*.

2.5 SVM-KNN classifiers

The instance-based training dataset D* is then used to
train a SVM classifier. Fig. 5 illustrates the SVM algorithm
(Duan et al. 2003). For the selected training samples, the
aim is to determine a maximum-margin separating
hyperplane, or named decision boundary that separates
stable and unstable samples such that their distance is
maximum.

The expression of the decision boundary may be written
as (Goh and Goh 2007):

@ R+b=0 3)

where @ represents the normal vector to the hyperplane; X
represents the vector of a sample; b is a constant whose
normalized form b/||w| determines the offset of the
hyperplane from the original along with the normal vector
w.

The maximum-margin hyperplane is taken as the
optimal hyperplane for separating samples. In addition,
there exist another two parallel hyperplanes which are
expressed as:

@ FH+b=1y =1 (4)

and



Deterministic and probabilistic analysis of tunnel face stability using support vector machine 21

@ X+b=-1y =-1 (%)

These X; are called support vectors that lie on the
boundaries on both sides. The distance between these two
hyperplanes is 2/||@]||. The strategy is to maximize this
distance, which is equivalent to minimize ||@)||.

For all the stable samples, the constraint can be written
as:

w- X +b=>1if y;=1 (6)
For the unstable samples, the constraint is written as:
w X +b<-1if y, =-1 (7)

The two constraints can be synthesized and be rewritten
as:

yi(w-%;+b)=1forall 1<i<n ®)

The minimization of |[@]|| subject to the constraint
given in Eq. (8) is known as a class of convex quadratic
optimization problem. It can be solved by the method of
Lagrange multipliers which introduces a set of variables
called Lagrange multipliers (denoted by a=
(@, ag, ... @), @; = 0) to define an auxiliary function:

m
— 1 — — =
L@,b,@) = G2+ ) a1 =y @-F+b)  ©)

i=1
and solve:
daL daL
Pr 0; 5 =0 (10)

The optimum of @ and b can be determined after the
Lagrange multipliers have been solved based on Egs. (9)
and (10). Thereafter, the value of the decision function (Eq.
(11)) of a new sample (denoted by X,) can be computed as
follows:

z=sgn(w X, +b) (11)

A positive value will assign the new sample to the stable
category, while a negative value will assign it to the
unstable category. Note that Eq. (11) represents a linear
classifier, which is applicable to cases where the data is
linearly separable. On the other hand, if the data is linearly
inseparable, nonlinear classifiers can be developed by
applying other kernels (Goh and Goh 2007, Samui 2008).
Some common kernels include Polynomial (Eq. (12)),
Gaussian radial basis function, RBF (Eq. (13)), and
Sigmoid (Eq. (14)):

d

k(%) = (%% (12)
k(%) = exp (|7 - %) (13)
k(x; x;) = tanh(kXx; - X, + c) (14)

where ¥, and X, denote vectors in the feature space, d
and ¢ are constants, y denotes the variance of Gaussian
kernel. By incorporating one kernel into the decision
function, a new sample can be classified by computing:

2= sgn(@- p(@ — b) = sgn ([Z ciyik(xﬁ,z)] - b) (15)
i=1

where Z denotes the vector of the new sample; X, denotes
the support vectors which depend on the used kernel and the
training samples, c¢; denote coefficients, b is a constant.
Before the classifier is applied to classifying new samples,
validation is needed to examine its prediction accuracy. A
commonly used indicator is the average accuracy:
A o

verage accuracy = ——— (16)
where np and ny represent the number of false and true
classifications, respectively. Note that the prediction
accuracy on both training and test datasets have to be
checked. A test dataset refers to a dataset that is different
from the training dataset. It can be obtained either by
collecting some new samples that are not included in the
training dataset or by employing the k-fold cross-validation
technique. The k-fold cross-validation method splits the
training dataset into k subsets, each of which is held as
testing dataset to check the prediction accuracy of the
classifier trained from the remaining subsets.

3. lllustrative examples
3.1 Training of SVM classifiers

In this section, deterministic and probabilistic
application examples are presented to illustrate the
proposed method. Consider, for example, the six impact
factors shown in Table 1. Their values are specified within
certain ranges so as to cover routine cases in practice. Each
feature is assigned to has 12 levels within these ranges. For
cases that exceed the specified domain, it is recommended
to perform specific studies case by case. If it is necessary,
both the ranges and levels of the six features considered in
this example can be modified deemed appropriate to meet
particular requirements. After the experimental domain and
the level of each factor have been determined, the
orthogonal design is utilized to produce 144 samples, each
of which is labeled by the two-dimensional finite element
analysis.

It should be emphasized that tunnel face stability is
more appropriate to be simulated by three-dimensional
modeling. However, it requires great effort to build 144
different 3D numerical models, and huge computational
costs to complete 144 3D numerical simulations as well.
Since the main purpose here is to validate the feasibility and
efficiency of the proposed method, this example utilizes 2D
simulations to label the samples. Moreover, the main
concern is not the values of the safety factors, but the labels
that depend on if the safety factors are larger than 1.0. This
means that the labels of most samples are reliable even
though they are determined based on 2D simulation results.
Only a few samples that are close to the limit state may
have different labels due to the simplification in 2D
modeling in comparison with 3D modeling (Li and Li
2019).
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Table 1 Six impact factors and twelve levels per factor
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Factors/Levels D/m H/m os/kPa y(kN/m?) c/kPa @/°
1 4 5 0 13 0
2 5 10 10 14 4
3 6 15 20 15 8
4 7 20 30 16 12 12
5 8 25 40 17 16 16
6 9 30 50 18 20 20
7 10 35 60 19 24 24
8 11 40 70 20 28 28
9 12 45 80 21 32 32
10 13 50 90 22 36 36
11 14 55 100 23 40 40
12 15 60 110 24 44 44
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Fig. 6 Schematic diagram of the numerical model and boundary conditions
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Fig. 7 Safety factors of the training samples

The software OptumG2 was used for numerical
simulations. Fig. 6 shows the schematic diagram of a two-
dimensional finite element model, in which the geometry
parameters and boundary conditions are indicated. For a 2D
numerical model, the vertical (left and right) boundaries can
be constrained either in the horizontal direction, or in both
the horizontal and vertical directions. Existing studies (e.g.,
Mollon et al. 2011) showed that the two setting-ups provide
the same results, indicating that only using horizontal
constrain is sufficient. For 3D numerical models, the left
and right boundaries are usually constrained in the

horizontal direction while the bottom boundary is
constrained in both the horizontal and vertical directions.
The boundary conditions used in this paper are consistent
with those adopted for 3D numerical models that are
commonly-used in the literature (e.g., Mollon et al. 2009b,
Paternesi et al. 2017, Pan and Dias, 2018). Some other
geometry parameters (H;, L, and L,) are constant, values
of which were chosen so as not to affect the tunnel face
stability (avoid boundary effects).

The soil is modeled as an elasto-plastic material
following Mohr-Coulomb failure criterion. The mesh is
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Table 2 Average accuracies of different classifiers

Kernel functions

Average accuracy

SVM-KNN SVM
Linear 0.972 0.958
Polynomial (degree = 2) 1.000 1.000
Polynomial (degree = 3) 1.000 1.000
RBF 0.993 1.000
Sigmoid 0.683 0.660
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Fig. 8 Safety factor versus value of decision function

assigned to 2000 adaptive elements. The built-in strength
reduction analysis was employed to compute the safety
factors of the training samples, among which there are 95
unstable samples and 49 stable samples, as shown Fig. 7.
Thereafter, the step one of the proposed approach is
completed and the total training data D 1is obtained.

Step two starts with determining an instance-based
training dataset D*, followed by training an instance-based
SVM classifier. In this example, the value of k is set to its
maximum, 49, as it is the number of stable samples in the
complete training dataset. As a result, for each unknown
instance, all the stable samples and 49 nearest unstable
samples will be selected to form D*. This procedure is
implemented with an ad hoc Python program, which also
imports the SVM modulus from scikit-learn to fit the
training data D*. Kernel functions including Linear kernel,
Polynomial kernel, Gaussian kernel (RBF), and Sigmoid
kernel are employed to construct both linear and nonlinear
SVM-KNN classifiers.

For comparison, the complete training dataset D is also
used to construct several SVM classifiers with different
kernel functions. The average accuracies of these classifiers

are shown in Table 2. Generally, combining SVM with
KNN slightly improves the prediction accuracies on the
training data. The performance of the classifier with the
sigmoid kernel function is the worst as indicated by its
lowest prediction accuracy on the training data (Van et al.
2010). It is therefore not suitable for separating new
samples.

The prediction performance of the SVM classifiers can
be observed according to the relationship between the
simulated safety factors (denoted as FS) and the computed
values of decision functions (denoted as DF), as shown in
Fig 8. The points that lie in the first and third quadrants
represent true positive (TP) and negative (TN) samples,
respectively. In contrast, the points that lie in the second and
fourth quadrants represent false positive and negative
samples, respectively, which are misclassified samples as
indicated by red rectangles. The comparison between Fig.
8(a) and 8(b) demonstrates that the polynomial kernel
function can give better prediction than the linear kernel
function for samples that are very close to the limit state
(DF=0, FS=1).

Although the above classifiers are not underfitting, it
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Table 3 Results of k-fold cross-validation (k = 10)

Average accuracy

Kernel functions

SVM-KNN SVM

Linear 0.959 0.945

Polynomial (degree = 2) 0.945 0.924

Polynomial (degree = 3) 0.938 0.966

RBF 0.683 0.660

Table 4 Evaluations of tunnel face stability with existing samples
D H o % c o Mollon (2010) () Chambon (1994)(a,) SVM-KNN SVM F

5 25 0 161 0 38 6.8 36 -2.44 -4.07 0.186
5 25 0 161 5 38 0.4 36 -1.55 -2.45 0.776
5 25 0 161 0 42 5.3 36 -2.80 -4.67 0.215
5 25 0 161 5 42 Stable 36 -1.81 -2.87 0.776
5 25 0 153 0 38 6.5 42 -2.44 -4.09 0.186
5 25 0 153 5 38 0.1 42 -1.55 -2.48 0.801
5 25 0 153 0 42 5 42 -2.81 -4.70 0.215
5 25 0 153 5 42 Stable 42 -1.82 -2.90 0.856
0 10 0 16 0 38 136 74 -3.20 -5.23 0.155
0 10 0 16 5 38 7.1 74 -2.32 371 0.547
0 10 0 16 0 42 10.5 74 -3.52 5.77 0.179
0 10 0 16 5 42 5 74 -2.54 -4.07 0.598
13 42 0 162 0 38 17.9 13 -3.10 -4.98 0.154
13 42 0 162 5 38 11.4 13 -2.08 -3.35 0.487
13 42 0 162 0 42 13.8 13 -3.00 -4.92 0.177
13 42 0 162 5 42 8.3 13 -1.88 311 0.518

‘Feature space

Unstable samples (n7)

o Stable samples (n*)
L ]

@& Decision boundary
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>

>

Fig. 9 Illustration of probabilistic applications

still needs to examine their performance on test data to
avoid overfitting. This study employs a 10-fold cross-
validation to perform this task. For this purpose, the training
data was divided into 10 subsets, each of which was held as
testing data to check the prediction accuracy of the
classifier trained by the remaining 9 subsets. The average
accuracy of SVM-KNN and SVM classifiers on testing data
are presented in Table 3.

The classifiers that are constructed based on the RBF
have low prediction accuracies on testing data, which
means that they are deemed to be overfitting. On the
contrary, other classifiers that have relatively high

prediction accuracies can be therefore used to classify
unknown samples in the following analysis. During this
validation process, the use of KNN also slightly improved
the prediction accuracies of the classifiers using the linear,
polynomial (degree = 2) and RBF kernel functions.

3.2 Deterministic application example

This section presents results of deterministic
applications. Table 4 listed some experimental and
computed collapse pressures in the existing literature
(Chambon and Corte 1994, Mollon ef al. 2010), where the
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Table 5 Simulated safety factors and reliability indexes

Set 1 Set 2
Dataset
c/kPa ®/° Fs c/kPa ®/° Fy
Point 1 20 22 1.223 15 20 1.011
Point 2 24 22 1.327 15 24 1.127
Point 3 16 22 1.101 15 16 0.888
Point 4 20 27 1.383 18 20 1.099
Point 5 20 17 1.052 12 20 0.913
Reliability index, B 1.075 0.073

computed values of the decision functions (based on
polynomial with degree = 2) are included as well as the
simulated safety factors.

The variable o, represents the limit pressure that is
required to be applied on the tunnel face to avoid face
collapse. Almost all the presented cases have positive
values of o, indicating that the tunnel faces are initially
unstable. The two cases with no collapse pressure (Mollon
et al. 2010) means that the tunnel faces are initially stable.
These states can be alternatively evaluated using the SVM-
KNN and SVM classifiers. All the computed values of the
decision function are negative, classifying all these cases
into the unstable category. On the other hand, results are
validated according to numerical calculations, in which all
the simulated safety factors are less than 1.0.

3.3 Probabilistic application example

Probabilistic evaluations may be performed by Monte
Carlo simulations based on deterministic models (Cao et al.
2017). As illustrated in Fig. 9, a number of Monte Carlo
samples can be first simulated from prescribed distributions
of uncertain parameters (e.g., uncertain features concerned
in design), and each Monte Carlo sample is then used as
input in deterministic models (e.g., SVM-KNN classifiers in
this study) to obtain its corresponding predictions (e.g.,
stable or unstable).

Let n~ and n* be the number of unstable and stable
predictions, respectively. The failure probability of the
tunnel face is calculated as:
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Generating Monte Carlo samples and calculating the
failure probability is also performed by an in-house Python
program in this study. For instance, consider a tunnel
example with the vector of parameters x =
[4,20,0,19,c, @], in which ¢ and ¢ are assumed to be
normal random variables. The probability density functions
of ¢ and ¢ can be given as follows:

—(c—pe)?
1 6(57”)

I 2X02
V2m - a,?

e
f,= — 2x0, (19)
2w+ a,

where p. and o, denote the mean and standard deviation
of the cohesive strength, respectively; u, and o, denote
the mean and standard deviation of the frictional angle,
respectively. Fig. 10 shows the two sets of statistics of ¢
and ¢, and their corresponding samples generated from

Monte Carlo simulations.
For the first set of samples, the values of decision
function with polynomial kernel function (degree = 2)
were calculated and sorted in an ascending order. As shown

an

fe= (18)

in Fig. 11, 153 out of 1000 samples were predicted to be
unstable. Hence, the failure probability of the tunnel face is
15.3%.

For validation, the failure probabilities of the two cases
are also computed using the Response Surface Method.
According to the existing studies, the performance function
concerning tunnel face stability can be represented by a
quadratic polynomial equation (Mollon ef al. 2009b, Li and
Yang, 2018, Hamrouni ef al. 2019):

Z=F,—1=ay+a;c+a,p+asc?+ a,p? (20)

where a, and a; denote the unknown coefficients. For
each case, the central composite design (CCD) is used to
sample five points. The performance function is solved with
the safety factors of the five points simulated in strength
reduction analyses, enabling the reliability indexes of the
two cases to be computed using the Advanced First-Order
Second-Moment method, as shown in Table 5.

To validate the accuracy of the performance function,
two sets of datapoints are adopted to conduct strength
reduction analyses. The first set of datapoints have a
constant value of the friction angle (¢ = 22°) while the
second set of datapoints have a constant value of the
cohesion (¢ = 20 kPa). In addition, Eq. (20) is adopted to
calculate the values of the performance function of these
datapoints. Fig. 12 compares the values of the performance
function calculated using the simulated safety factors to
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those calculated using Eq. (20). Results demonstrate that —1-o(p) o1
RSM can give an accurate approximation of the Pr= B @n

performance function concerning tunnel face stability. where @ represents the standard normal cumulative
Based on Eq. (21), the failure probabilities of the two distribution function (CDF).

cases are determined to be 14.1% and 47.1%, respectively. In the SVM-KNN method, Monte Carlo samples are
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randomly generated, the failure probability may vary from
one run to another due to random fluctuation. Fig. 13 shows
the computed failure probabilities obtained by 10 runs of
Monte Carlo simulations, yielding 10 estimates of failure
probabilities. The mean values of these 10 failure
probabilities is 15.2% and 54.0%, respectively. Generally,
these results compare well with those determined by RSM,
which validates the proposed method.

Fig. 14 compares the performance in probabilistic
applications between SVM-KNN and SVM classifiers
constructed based on different kernel functions, where the
failure probabilities calculated using RSM are represented
by red solid lines. Results show that SVM-KNN classifiers
can give better estimations of the failure probabilities than
SVM classifiers. On the other hand, the polynomial kernel
function with degree = 2 is found to be the most suitable
kernel function in probabilistic applications.

In fact, the accuracy of the failure probability relies on
the similarity between the trained decision function and the
real limit state function. The SVM uses only one decision
function to separate all input samples, whereas SVM-KNN
utilizes a instance-dependent localized decision function for
each sample. The instance-based classifier has a better
performance in classification since it makes use a localized
decision boundary. This is why SVM-KNN gives more
accurate estimations of failure probabilities.

Moreover, the procedures of the proposed approach
(including generation of Monte Carlo samples, selection of
instance-based training dataset, construction of instance-
based classifiers, classification of Monte Carlo samples, as
well as the calculation of failure probability) can be
completed within several seconds. Whereas RSM requires
five numerical simulations for each case specified by
geometric parameters (e.g., H, D) to obtain the safety
factors to develop the instance-based performance function.
Such a process is relatively easy for a single case with
specific geometric parameters but very time-consuming and
tedious for a number of cases if geometric parameters can
vary, which is of great interest in design practice.

To show the convenience and efficiency of the proposed
method, six groups of failure probabilities are estimated.
For each group of calculations, only one factor varies in an
interval to re-evaluate the corresponding failure probability
of the tunnel face while the other factors remain constant.
The failure probability of each case was computed with
ignorable computational costs. By this means, the
relationship between each factor and the failure probability
is obtained, as shown in Fig. 15, where the failure
probability (pys = 0.153) of the original case is also
indicated.

Generally, the failure probability increases with the
increase of the diameter, the cover depth, the unit weight,
and the surcharge, but decreases with the increase of the
cohesion and the friction angle, which are consistent with
intuitive experience in design practice.

4. Conclusions

This paper proposed an efficient method to facilitate
deterministic and probabilistic evaluations of tunnel face

stability according to binary classifications. In the
illustrative examples, the procedures of proposed appraoch
are performed in an ad hoc python program. By this means,
both deterministic and probabilistic evaluations of tunnel
face stability can be automatically completed within
negligible computational efforts. Based on this study,
several major conclusions can be drawn:

+ Applicability of the classifiers can be improved by
expanding the ranges deemed appropriate, whereas the
performance of the classifiers can be improved by
collecting more training samples. SVM-KNN gives
relatively accurate results, particularly in probabilistic
evaluations because it trains a localized decision function
for each sample, whereas SVM separates all the samples
using a single decision function.

* Another crucial influence on the performance of a
classifier is the kernel function. The polynomial kernel
function with degree = 2 is found to be the most suitable
one to train nonlinear classifiers with relatively high
performance for tunnel face stability analysis in this study.
Selection of the kernel function in probabilistic evaluations
is much more important than in deterministic evaluations.
This is mainly because there might be many instances
located close to the decision function. These instances are
sensitive to the change in the position of the decision
function.

* Both deterministic and probabilistic evaluations can be
completed within several seconds, allowing a number of
evaluations to be performed in a cost-effective manner. The
convenience and efficiency of the proposed method make it
very useful in design practice, particularly when real-time
evaluations are required, because the factors (including
geometric parameters) that influence tunnel face stability
may vary from one location to another along the tunnel.
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