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The excessive deformation caused by tunnel squeezing hazard is a key problem in tunnel construction, especially

when tunneling through weak and over-stressed rock masses. Significant losses and delays would arise should an

inappropriate selection of tunnel support be made. This paper presents a risk-based decision making framework

to select the optimal support scheme in a quantitative manner. A program evaluation and review technique based

Monte Carlo simulation procedure, which aims to estimate the cost distribution of different tunnel support schemes,

is coupled with a multi-class probabilistic classifier on tunnel squeezing intensity. The risks regarding different

scenarios of squeezing intensity and support scheme are expressed in a cost-benefit perspective using a modified

Event Tree analysis, where abundant simulations of decision making can be done at one time and the optimal

support scheme is hence selected based on votes. Finally, an engineering application is presented to demonstrate the

efficiency and practicality of the proposed framework.
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1. Introduction
Rock squeezing involves excessive plastic defor-
mation of rock masses subjected to stresses ex-
ceeding a limit shear stress, which typically oc-
curs when tunneling through weak rock masses or
high tectonic-stressed areas (Barla 1995; Jimenez
and Recio 2011; Hoek and Marinos 2000). This
large convergence is accused of leading to signifi-
cant budget overruns and construction delays over
the tunneling process (Feng and Jimenez 2015;
Evert 2001).

In past decades, much progress has been made
in the prediction of tunnel squeezing hazard using
empirical models based on increasingly accumu-

lated history cases (Feng and Jimenez 2015; Evert
2001). Three categories of predictive models have
been summarized by Chen et al. 2019 as: (i)
Geomechanical-based methods; (ii) Competence-
factor based methods; and (iii) Probabilistic clas-
sification methods. In particular, recent years have
seen much effort in deriving probabilistic classi-
fiers using Supervised Learning algorithms due to
a special merit that those probability outputs can
be further involved in a subsequent risk analy-
sis (Jimenez and Recio 2011; Feng and Jimenez
2015; Faber 2007).

Through a quantitative risk assessment, poten-
tial problems (i.e. tunnel squeezing) can be iden-
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Fig. 1. The flowchart for the dynamic framework for risk-based tunnel primary-support decision making

tified, probability of the occurrence of the hazard
and its associated consequences can be evaluated,
which would serve as an objective basis for deci-
sion making (Faber 2007; Manchao et al. 2015).

In the context of tunneling risk assessment
which involves significant uncertainties regard-
ing geologic conditions and construction perfor-
mance, the exceptional risks brought by spe-
cific hazard need to be quantitatively assessed
so that appropriate construction strategies can be
selected, guided by a principle of minimal risk
(Einstein 2004; Sousa and Einstein 2012). How-
ever, such problems of decision-making under un-
certainty in construction projects have not been

sufficiently studied so far (Špačková et al. 2013;
Manchao et al. 2015).

Specifically, for the excessive convergence
caused by tunnel squeezing, in spite of noticeable
advancements in predictive models, however, an
ultimate goal of construction contractors is to se-
lect an appropriate support scheme in response to
the potential squeezing problem. Therefore, in
this paper, a comprehensive methodology, which
combines a multi-class probabilistic classifier and
a risk-based decision making framework, is pro-
posed to quantitatively select the optimal support
scheme.

Fig. 1 shows the flowchart of the proposed risk-
based decision making framework. It illustrates
the roles of the key steps constituting this frame-
work (left column) in the overall architecture of a
quantitative risk assessment in tunneling (Huang
and Zhang 2015; Degn Eskesen et al. 2004) (right
column).

2. A probabilistic prediction on tunnel
squeezing intensity

A probabilistic classification problem is a classical
Supervised learning problem that makes predic-
tions through a model trained on known obser-

vations and their categories (as inputs). Often a
probability distribution over classes is associated
with each prediction (as outputs).

Recently, much effort has been made in con-
structing probabilistic models to classify the de-
gree of tunnel squeezing using many Supervised
Learning algorithms, such as Logistic Regression
(Jimenez and Recio 2011), Naive Bayes (Feng
and Jimenez 2015), Support Vector Machine (Sun,
Feng, and Yang 2018), Decision Trees (Chen
et al. 2019). Although many of these methods
can indeed output a probability distribution over
classes, via which the class with the highest prob-
ability is predicted; however, not all those clas-
sification models are naturally probabilistic, and
some, notably naive Bayes classifiers, decision
trees and boosting methods, actually in principle
produce distorted class probability distributions
(Niculescu-Mizil and Caruana 2005). Therefore,
it should be specifically pointed out that when
those probability estimates are intended to be fur-
ther used in the subsequent parts of risk analyses,
probability calibrations are necessary.

3. Risk-based decision making on tunnel
support selection

3.1. Loss assessment for tunnel squeezing
Despite there are several established probabilistic
models for the purpose of tunnel construction risk
that have paid special attention to the uncertainties
of the construction time and cost (Isaksson and
Stille 2005; Moret and Einstein 2016; Špačková et
al. 2013); however, those exceptional cost caused
by undesired events such as geological hazards
should be separately considered and have not been
sufficiently modeled (Isaksson and Stille 2005;
Sousa and Einstein 2012).

From the experience of many tunnel squeezing
cases, three main kinds of direct loss can be iden-
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tified should an improper support be used when
squeezing happen: (i) the original initial sup-
port would mostly be destroyed by the excessive
deformation; for example, the shotcrete linings
cracked, rock bolts snapped and steel sets compro-
mised; (ii) the original support being demolished
and the squeezed part of rock masses being re-
excavated to maintain the designated cross-section
shape; (iii) A new and stronger set of support
being reinstalled. An implicit assumption is made
here: although the original support set may not
be fully damaged as it depends on the intensity
of the squeezing and the mechanical interaction
between the rock masses and the lining, which
requires more complicated modeling, we assume
the damaged support cannot function well so that
new support need to be reinstalled. As such, the
economic loss due to the squeezing hazard can be
expressed as Eq. (1):

ETotal Loss = Eda + Ere + Eex (1)

where Eda is the loss of the previously installed
support set; Eex represents the expense incurred
by demolishing and re-excavating; Ere is the cost
of the newly-installed support set.
Eda and Eex are essentially the costs of dif-

ferent support schemes (as denoted by Ci). For
these costs incurred by an routine tunnel activity
(i.e. building primary support) are often modeled
as random variables in tunnel construction risk
analysis, due to the uncertainties in risk factors
such as price fluctuation, labor efficiency and sup-
ply delay of construction materials etc. (Moret
and Einstein 2016; Isaksson and Stille 2005). As
such, this activity is broken down by all the basic
operations in a sequential order. And to represent
the variability of the prices related each operation,
a PERT distribution is used to model the unit price
of each construction operation. The PERT dis-
tribution has been widely adopted in recent years
for estimating the effect of uncertainty of costs or
durations in project management, for its easiness
that only three estimates (i.e. the optimistic, the
most likely, and the most pessimistic) are required
(Golenko-Ginzburg 1988). When compared to a
triangular distribution which is also based on these
three point estimates, the PERT distribution is
more suitable for occasions where much historical
data have been documented (Covert 2013), such as
the tunneling process in this study.

In the PERT distribution, the mean and standard
deviation are defined as Eq. (2):

μ =
a+ γm+ c

γ + 2
, σ =

c− a

6
(2)

where a is the optimistic value, m is the most
likely value and c is the most pessimistic value;
an additional scale parameter γ controls the shape

and the default value is 4. The shape of the a PERT
distribution can be seen in Fig. 2 where the data
from Miyaluo No.3 tunnel in section 4 is used as
an illustration.

For the re-excavation expense Ere which ob-
viously depends on the volume of squeezed rock
masses, the estimation of the degree of squeezing
is of great importance in this regard. And Ere
can be estimated through the multiplication of
the squeezed volume by the mucking rate (see
Eq. (3)). Moreover, the mucking operation is
also a routine activity during tunneling whose unit
price (mucking rate rm) can also be modeled as a
PERT distribution.

Eex = V · rm, V = π[R2 − (
2R− ua

2
)
2

] (3)

where V represents the squeezed volume that
needs to be re-excavated and removed, rm is the
mucking rate, R is the equivalent radius of the
tunnel (Feng and Jimenez 2015) and ua is the po-
tential convergence of the tunnel face of interest,
which can be either predicted by an empirical re-
gression model (Feng et al. 2019) or, in a simpler
way, be considered as a random variable following
a uniform distribution so that it is assigned to the
mean value of the convergence range defined by
the predicted corresponding squeezing intensity
(see Hoek and Marinos 2000). The squeezing
intensity is predicted by the proposed probabilistic
classifier.

3.2. Risk-based tunnel primary support
decision making

In tunneling practices, a few support schemes,
as alternatives, would be recommended based
on past experiences and expert judgements for
construction convenience. A decision on what
support scheme to use is closely related to the
potential extent of convergence. The probabilistic
multi-class squeezing prediction thus provides the
estimation on the likelihood of different extents
of convergence. However, as an integral part of

optimistic (a)
pessimistic (b)

most likely (m)

the expected value (μ)

μ= 
optimistic + 4*most likely + pessimistic

6

P
ro

ba
bi

lit
y 

de
ns

ity

0

1×10−4

2×10−4

3×10−4

4×10−4

5×10−4

6×10−4

Cost
30,000 31,000 32,000 33,000 34,000

Fig. 2. The cost for the regular support scheme C0 per linear

meter



Proceedings of the 30th European Safety and Reliability Conference and
the 15th Probabilistic Safety Assessment and Management Conference 2260

Table 1. Utility expressions for the example of a medium type support scheme

Alternative Outcome Probabilitya Description Utility valueb,c

A2-Medium type support

non-squeezing p0 waste C2 − C0

slight-squeezing p1 waste C2 − C1

mediate-squeezing p2 just right 0

severe-squeezing p3 inadequate C2 + C3 + Eex

Note: arepresents the multi-class probability prediction of the squeezing intensity in a certain tunnel face;
bCi represents the cost of the support scheme i; bEex stands for the re-excavation expense when various

squeezing hazard happens.

the risk component, the calculation of the conse-
quence brought by the squeezing is clearly based
on the scenarios concerning different combina-
tions of squeezing intensity and support schemes.
In principle, a relatively stronger support type
(say a medium type support as shown in Table
1), with a higher-than-normal cost, would likely
to handle a minor squeezing situation, but proba-
bly inadequate to hinder a severe squeezing and
too conservative for a normal convergence. In
either case, an economic loss or waste would
arise. Therefore, a modified Event Tree Analysis
(ETA) is adopted herein to probabilistically model
each possible outcome of squeezing associated
with each support alternative, with each scenario
characterized by a branch, see Eq. (4).

u(Ai) =
n∑

j=1

pi · u(θj), u(θj) ∼ PERT (μ, σ, γ)

(4)
where Ai is the support alternative i; pi and

u(θj) respectively represents the probability and
the utility value of the outcome θj , which rep-
resents the potential squeezing intensity in this
analysis. Moreover, the utility expression here
is considered in a cost-benefit perspective that
both waste and damage are modeled as monetary
loss. Table 1 demonstrates the logic between the
support alternative and the possible squeezing in-
tensity via the example of a medium type support
scheme. Likewise, other support schemes can also
be represented in the tree structure.

To reflect the uncertainties of this decision
problem, compared to a classic deterministic event
tree analysis, the utility outcome at each branch
u(θj) is indeed a probability distribution that ap-
proximately follows a certain PERT distribution
with a mean μ and a standard deviation σ, since
the cost of supports Ci and re-excavation expense
Eex are modeled as random variables. As a re-
sult, for a given probability distribution �pi, when
Monte Carlo simulation is integrated to sample a
random value in each branch, abundant simula-
tions of decisions can be made, as opposed to a
one-time decision in a traditional ETA. All these
simulations of decisions could serve as votes to

the final choice. Fig. 3, based on an example of
a real tunnel case which would be elaborated in
section 4, displays the whole structure of the tree
as well as the utility expression for each scenario.

4. An Illustrative case
A tunnel case previously studied by Chen et
al. 2019 to dynamically and probabilistically com-
pute its tunnel squeezing intensity is revisited
here. In this paper, we extend this analysis to
further calculate the potential consequence and
hence choose the optimal support scheme.

Located in southwest China, Miyaluo No.3 tun-
nel has a length of 3.6 km and a maximum over-
burden of 319m. A significant proportion of the
grounds through which it is excavated are hetero-
geneous rock masses with inter-bedded layers of
phyllite and thinly slate.

Table 2 lists the parameters of PERT distribu-
tions for the constituent components/operation of
a tunnel support scheme, which are referenced
from the budgetary norms of highway project in
China (MTPRC 2007). The last row of Table
2, used to calculate the re-excavation expense,
is referenced from Guan et al. 2014. Besides,
four support schemes distilled from the tunneling
experiences in squeezing grounds in southwestern
China are adopted herein (Li, Meng, and Wang
2016), see Table 3. Table 3 indeed specify the
quantity of materials required by each operation
to construct a support scheme, suggesting that the
cost distribution Ci can be therefore estimated by
combining the quantitiy value and the unit price
parameters (Table 2). As an example, Fig. 2
plots the PDF (probability density function) of the
cost of the ”regular support scheme” per linear
meter. Also, the re-excavation expense Eex can be
obtained by combining the mucking rate, modeled
as a PERT distribution (Table 2), and the squeezed
volume, derived by a corresponding relationship
between the squeezing intensity and the conver-
gence, see Hoek and Marinos 2000. In this way,
the utility value associated with each branch in
Fig. 3 can be modeled by PERT distribution via
the linear expression of Ci and Eex.

For the study tunnel range from location
ZK163+105 to ZK163+120, the tunnel face ad-
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Table 2. PERT distribution parameters for the unit prices regarding the operations involved in a support set

Operation Type Unit Most likely Optimistic Pessimistic Mean Std dev

Steel sets structural steel set 1436 1000 2000 1457.33 166.67

Steel mesh - t 4579 4000 5200 4586.00 200.00

Rock bolts
hollow 100m 4564 4000 5000 4542.67 166.67

AAPa 100m 5485 5000 6000 5490.00 166.67

Shotcrete - 10m3 7933 7500 8500 7955.33 166.67

Muckingb rock masses 100m3 5703 5649 5858 5719.83 34.83

Note: aautomatic anchor pole; bthe re-excavation and mucking process of the squeezed rock masses;

Fig. 3. The modified event tree analysis for location ZK163+120. The red number next to the chance node represents the expected

loss value of each alternative, thereby an optimal decision can be made by choosing the least value as shown by the green number

next to the decision node. The probability distribution over the four squeezing intensity is derived by a logistic classifier; The

outcome values shown herein are random samples from Monte Carlo simulations as the the utility expression for each branch is

modeled as a PERT distribution.

vanced roughly 1.8m a day and a consecutive
7-day in situ observations, which uses Schmidt
Hammer test on surrounding rocks at each ex-
cavated tunnel face, have been documented, see
Chen et al. 2019 for details. An example of the
ETA analysis at location ZK163+120 is shown in
Fig. 3, where a whole tree structure, the probabil-
ity distributions over squeezing intensity derived
by the trained logistic classifier, as well as a static

series of sampled results of the utility outcome
from 10000 Monte Carlo simulations are featured.

To fulfill the goal of primary-support decision
making for a certain tunnel face to be exca-
vated, four alternatives are identified (i.e. the
southwestern-China support schemes), with each
further linked to four possible squeezing scenarios
associated with four squeezing intensities defined
in Chen et al. 2019.
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Table 3. Alternatives for primary-support schemes

Support scheme Shotcrete (cm)
Rockbolts

Mesh (mm)
Structural steel

length (m) spacing (cm) type spacing (cm)

Regular 24 3 120*80 φ8@20 I18 80

Mild 26 5 100*100 φ8@20 I18 80

Medium 28 5 100*80 φ8@20 I22b 60

Strong 28 5 100*60 dual φ8@20 I22b 50

As a result, for the 10000 simulations of the
event tree analysis, Fig. 4 shows the distribution of
the expected outcomes for the alternative A4 (i.e.
the severe type support) as an illustration while
the distribution for other alternatives can likewise

Price for the alternative A4(severe type support)
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be drawn. Of the 10000 votes shown in Fig. 5,
approximately 2/3 of the decisions end up picking
the ”severe support type”.

5. Conclusion
This paper presents a risk-based decision making
methodology to select the optimal support scheme
in a quantitative manner.

In particular, the cost variance of each sup-
port scheme is modeled by a PERT distribution;
the risk with respect to all possible outcomes
of tunnel-squeezing intensity is represented by a
modified Event Tree analysis: (i) each branch,
which expresses a scenario of the possible tunnel
squeezing intensity and the support alternative,
is characterized with a probability and a utility
value; (ii) the utility value, defined to reflect the
monetary loss in a cost-effective way, is actually
a probability distribution, as opposed to a sin-
gle value; (iii) the distribution of votes to each
support alternative, as outputs of the event tree,
can be drawn via Monte Carlo simulations on
the PERT distributions.The probability estimates
over tunnel-squeezing intensities can be derived
by most supervised learning algorithms, but at-
tention should be paid that some algorithms pro-
duce distorted class probability distributions that
cannot be directly used in further risk analysis,
such as Naive Bayes, decision trees and boosting
methods.

However, it should be emphasised that although
a quick and useful selection of support scheme
can be recommended by this methodology for
construction convenience, it is still suggested that:
when a high probability of severe squeezing or a
large consequence is predicted, a more sophisti-
cated analysis based on numerical simulations is
necessary to confirm a final support design.
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