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ABSTRACT

Creation of underground infrastructures and facilities provides a viable solution
to rapid urbanization and population growth with the limited and increasingly
congested space on the surface, which has posed a critical challenge to urban
S R S X O Dé&warmIQdIh\the living environment. This includes road and rail transport
systems, utility tunnels, water and sewage, parking, storage, and even living quarters.
These underground structures are constructed in rock and soil materials, which are not
precisely known before excavation. This means that there is intrinsic uncertainty due to
the inherently heterogeneous nature of the ground, which can have adverse effects on
the design and construction of underground works. Traditional deterministic design
methods are based on a limited understanding of this inherent uncertainty, which may
result in over- or under- design of underground strusture

To address this issua,systematic assessment of uncertainties in rock mass
classification systems has been conducted in this study, in conjunction with a reliability-
based approach, to evaluate the stability of underground openings. The rock mass
guality Q-system has been used as an example of rock mass classification systems in
this study, but the approach can also be applied to other rock mass classifications such
as rock mass rating (RMR) and geological strength index (GSI).

First, a Markovian prediction model based on the rock mass classification Q-
system has been proposed to provide the probabilistic distribution of the rock mass
guality Q for unexcavated tunnel sections using the Monte Carlo Simulation (MCS)
technique. In addition, an analytical approximation approach has been proposed to
derive the statistics (mean, standard deviation, and coefficient of variation) @f the
value based on statistics of Q-parameters (input parameters in the Q-system). The
proposed prediction model and analytical approach were applied to a case study of a
water tunnel and have been validated by the recordeté@uiang tunnel construction.

Next, an MCS-based uncertainty analysis framework has also been developed

to probabilistically characterize the uncertainty in the rock mass quality Q-system and



its propagation to rock mass characterization and ground response evaluation. The
Shimizu highway tunnel was used as the case study for validation. The probabilistic
distribution of the Q value was obtained using the MCS technique based on relative
frequency histograms of the Q-parameters. Similarly, probabilistic estimates of rock
mass parameters were also derived with Q-based empirical correlations, which were
subsequently used as inputs in numerical models for the evaluation of excavation
response. In addition, the probabilistic sensitivity analysis was also conducted in the
MCS process to identify the most influential Q-parameters. The effects of the
correlation and distribution types of uncertain Q-parameters on the Q value and
associated rock mass parameters were also examined.

Finally, a reliability assessment with a strain-based failure criterion has been
performed using the First Order Reliability Method (FORM) algorithm. The
probabilistic critical strain and Q-based empirically estimated tunnel strain were
incorporated in the performance function. The Shimizu tunnel case study was also
utilized to perform reliability analysis as a basis for the evaluation of tunnel excavation
stability. Reliability analysis was also performed using the MCS technique for
comparison. In addition, the effects of correlation, distribution types and coefficient of
variation in input parameters on the reliability (reliability index and probability of
failure) have also been studied. The reliability assessment results show that the Shimizu
tunnel was not expected to experience in$tgbafter excavation. The excavation
stability has also been evaluated using analytical and numerical approaches, and results
were consistent with those derived from the reliability approach.

Uncertainty and reliability assessment using rock mass classification systems,
as presented in this thesis, can probabilistically characterize uncertainties and risks and
provide a improved rock mass characterization and excavation response evaluation as
compared to traditional use of safety factor. It can also offer insightful information and
valuable input for the probabilistic analysis and design of excavation and support

strategies as we as construction time and cost estimation for underground structures.



TABLE OF CONTENTS

AB ST RACT et n e e e errn e eeened ii........
LIST OF FIGURES ... e eeees [ T
LIST OF TABLES ... .o e e et e e e e e nrn e e eeenes Xiii
ACKNOWLEDGEMENTS ... e XV......
CHAPTER 1 INTRODUCTION ... oottt e e eennnns 1
1.1 Background and motivation ................uuueeiiiiiinin e 1
Research 0DJECHVES..........iiiiiie e 2
1.3 THESIS OULIINE ... 3
CHAPTER 2 LITERATURE SURVEY ... 5
2.1 Uncertainty analysis in rock mass classification systems................... 5
2.1.1 Rock mass classification SyStem..............ooevvviiiiiiiiiiiieie e, 5
2.1.2 Sources of uncertainty in rock mass classification system ................. 8
2.1.3 Dealing with uncertainty in rock mass classification system ........... 10
2.2 Reliability-based assessment in underground construction............... 12
2.2.1 Factor of safety and reliability concept..........ccccceeeeieeiiiieiiiiiiieeiiiiins 12
2.2.2 Overview of reliability theory..........cccccooiiiii 14
2.2.3 Reliability-based methods.............ooooviiiiiiii 16
2.2.4 Reliability evaluation in underground construction...............c.......... 20

CHAPTER 3 A STUDY OF A PROBABILISTIC Q-SYSTEM USING A
MARKOV CHAIN MODEL TO PREDICT ROCK MASS

QUALITY IN TUNNELING ... 23
3.1 ADSITACT ... 23
3.2 INEFOAUCTION ... 24
3.3 1Y/ 1=1 1 gToTo (o] (oo |28 USRI 27
3.3.1 The Markovian prediction approach...........ccccooviiiiiiiiiiiiiiiiiiiiie 27
3.3.2 Probabilistic rock mass classification based on Q-system................ 30
3.3.3 Implementation procedures of the proposed model......................... 30
3.3.4 Application to a case StUdY ........ccoevvviiiiiiiiiiiii e, 32
3.4 ReSUILS and diSCUSSION ....cccvviiiiiiieeiieiiiii e 34



3.4.1 Probabilistic profiles of Q-SYStem ...........uvvieiiiiiiiieeeeieeeeeeen 34

3.4.2 Comparison between predicted results and field observations.......... 39
3.4.3 SenSitiVity @NalYSIS..........uuuuuuiiiiiiiiie e 44
3.4.4 Analytical calculation approach to deriving statistics of Q value.....48
3.4.5 Effects of the correlation between Q-parameters on Q value............ 54
3.4.6 Effects of distribution types of Q-parameters on Q value ................ 55
3.4.7 Perspective Of the StUdY ........ccevviiiiiiiiiiieeeee e 59
3.5 CONCIUSIONS ... 60

CHAPTER 4 MONTE CARLO SIMULATION (MCS)-BASED
UNCERTAINTY ANALYSIS OF ROCK MASS QUALITY Q IN

UNDERGROUND CONSTRUCTION ....cooiiiiiiieiiiii e 62
4.1 ADSITACT ... 62
4.2 INEFOAUCTION ...ceiiiiiiiiee et 63
4.3 1Y/ 1=1 g Yoo o] (oo )25 65
4.3.1 Stochastic modeling of the rock mass quality..........ccccccceeeeeeinnnnnnnn, 65
4.3.2 Uncertainty analysis in the Q-system .........ccccccceeeeiiiiiiiiieciiic, 68
4.3.3 Application to a case study of the Shimizu tunnel...............cccccco..... 72
4.4 ReSUItS and DISCUSSION .....cceiiiuiiiiiiiie et e e 73
4.4.1 Probabilistic analysis in the Q-system ..........ccccceviiiiiiiiiiiiiiiiiie 73
4.4.2 Probabilistic analysis in numerical modeling ...........cccccceeeeeiieeeennn.n. 84
4.4.3 Probabilistic sensitivity analySiS ..........cccccciiiiiiiii 92
4.4.4 Effects of the correlation between the RQD and.J..................... 96
4.4.5 Effects of distribution types of Q-parameters........cccccceeeeeeeeiiiiiinnnnne 98
4.5 CONCIUSIONS ...ttt e e e e e e 101

CHAPTER 5 RELIABILITY EVALUATION OF STABILITY FOR
UNDERGROUND EXCAVATIONS USING AN EMPIRICAL

APPROACH ... e 103

5.1 ADSIITACT ... 103

5.2 INEFOTUCTION ... 103

5.3 MEthOAOIOGY ...eeeeieiiiiiei e 107
5.3.1 Reliability INAEX.......oiiiiiiiiiiiee e 107



5.3.2 Reliability analysis with critical strain-based limit state function..109

54 Reliability analysis with deterministic critical strain...................... 110
5.4.1 The concept of critical Strain.............ccovvvviiiiiiiiiii e 110
5.4.2 Critical strain for intact rock and rock mass ..........ccccccvvvvvvviiiinnnnn. 113
5.4.3 Effects of deterministic critical strains on the reliability ................ 115
5.4.4 Sensitivity analysis with deterministic critical strain..................... 117
5.4.5 Probability density function of the estimated strain ....................... 118

5.4.6 Effects of correlation between RQD andbd the reliability......... 120

5.5 Reliability analysis with probabilistic critical strain....................... 121
5.5.1 Performance function based on probabilistic critical strain............ 121
5.5.2 Sensitivity analysis with probabilistic critical strain ...................... 124

5.5.3 Effects of correlation between intact UCS and elastic modulus.....125

5.5.4 Effects of distribution types for intact UCS and elastic modulus...127

5.5.5 Effects of COV of intact UCS and elastic modulus........................ 131
5.5.6 Reliability evaluation on the excavation stability........................... 135
5.6 CONCIUSIONS ... 142
CHAPTER 6 CONCLUSIONS AND RECOMMENDATIONS.........oiiiiiiiiien. 144
6.1 Specific conclusions from each chapter.............cccoooiiiiiiiiiiiiinee. 144
6.1.1 Probabilistic prediction of rock mass quality............cccc.oovvvvvinnnnnnnn. 144
6.1.2 Uncertainty analysis in probabilistic Q-system ...........cccccceeeeeeeennn. 145
6.1.3 Reliability evaluation on tunnel excavation stability ...................... 146
6.2 Recommendations for future reSearch ..........ccccccoeeevieiiiiiinns 147
REFERENGCES ... et e et e e e e e e e e ennes 149
APPENDIX A DEFINITIONS AND RATINGS FOR STATES OF Q-
PARAMETERS (MODIFIED FROM BARTON 2002)..........c....... 162
APPENDIX B TRANSITION PROBABILITY AND TRANSITION INTENSITY
COEFFICIENT OF Q-PARAMETERS......cco o 164
APPENDIX C LIKELIHOOD MATRIX FOR EACH STATE OF Q-
PARAMETERS. ... .o 167

vii



APPENDIX D ACCURACY PLOTS OF PROBABILISTIC PREDICTION
MODEL USING INPUT DATA FROM SUBSECTION 1 WITH
200M AND 300M ... 170

APPENDIX E APPROXIMATE ANALYTICAL CALCULATION APPROACH
FOR THE STATISTICS OF Q VALUE ..., 179

viii



Figure 3.1

Figure 3.2
Figure 3.3
Figure 3.4

Figure 3.5

Figure 3.6
Figure 3.7
Figure 3.8
Figure 3.9
Figure 3.10
Figure 3.11
Figure 3.12

Figure 3.13

Figure 3.14
Figure 3.15
Figure 3.16

Figure 3.17

Figure 3.18

Figure 3.19

Figure 3.20

LIST OF FIGURES

Interpolation of the parameter state probability at an unknown

[oTor=1 (o] o RSP 29
Geological profile of the tunnel project ..., 32
Layout of observation cells in this tunnel section...............ccceeeeeieeeee. 33
Predicted probabilistic state profiles of Q-parameters in Subsection 2:

(A) RQD; (B) 1 (C) 3, (D) & (E) dy; (F) SRF ..o 36
An example of the statistical distribution of MCS-simulated Q value

at OC 3 (distance 100-105 M) ....ccoiiiiiiiiiiiiiiiiiieeee e 38
Predicted probability profile of Q class in Subsection 2 ..................... 38
Accuracy plot for predicted RQD .........oovviiiiiiiiiiieiie 40
Accuracy plot for predictefl.d..........ccccooviiiiiiiiiee e 40
Accuracy plot for predicted Q ValUe ........ccoeeeeeeiiiiiiiiiieiieie e 41
Accuracy plot for predicted Q-based rock class ..........ccccceevveeiieeeennnnnn. 42
Accuracy plot for predicted ground classes: (A) GC1; (B) GC2......... 43

Rank of relative importance of Q-parameters at OC 3: (A) ranked by
effect on output mean; (B) ranked by regression coefficient; (C)
ranked by Spearman correlation coefficient; (D) ranked by
CONLHDULION TO VANANCE .....evvviiiiiiei e e e e e e e e eeeaeeees 45

Relative frequency histogram collected in Subsection 2: (A) RQD;
(B) Jy; (C) J; (D) J; (E) dv; (F) SRF ..t 47

Statistical distribution of MCS-derived Q value in Subsection 2......... a7
Statistical distribution of actually recorded Q value in Subsection 2 ..48

Comparison of rock class distribution between simulated and actual
results in SUDSECHION 2 .......eveeeiiiei e 48

Rank of relative importance of Q-parameters in Subsection 2: (A)
ranked by effect on output mean; (B) ranked by regression coefficient;
(C) ranked by Spearman correlation efficient; (D) ranked by
CONLHDULION tO VAINANCE .....evvvieiiiiie e e e e e e e e eeeaeeees 49

Comparison of the mean and standard deviation of Q values between
analytical and simulated results along Subsection 2.................c.uvee.e. 52

Comparison of COV of Q values between analytical and simulated
results along SUDSECLION 2.........ciiiiiiii e 52

Relative difference of Q statistics between analytical and simulated
results along SUDSECHION 2.........ciiiiiii e 53

iX



Figure 3.21  Statistical distribution of actually recorded RQD data in Subsection

2 and normal distribULION Fit .......eeeee e 59
Figure 4.1 PJRSRVHG XQFHUWDLQW\ DQDO\VLYV IUDPHZRUN
A A YA VA = 1 = TR 71

Figure 4.2 The longitudinal geologic section in the western and central sector
tunnel. BH1 and BV2-2 are locations of two boreholes (Vardakos et

A, 2007) cooeoeeeeeeeeeeeeee ettt ee ettt ettt 73
Figure4.3 H.VWRJUDPV RI 4 SDUDPHWNHRUV' $ GA % -
NI 1= TP 75

Figure 4.4 Statistical distribution of Monte Carlo simulated Q value and
distribution fit. (A) the Q value; (B) the logarithm of Q value on the
DASE OF L0 ..ttt 77

Figure 4.5 Statistical distributions of estimated rock mass properties: (A) UCS;
(B) deformation modulus; (C) cohesion; (D) friction angle................. 81

Figure 4.6 Probability distribution of tunnel displacement estimated using the
Barton approach ..........coooiiiiiiicc e 82

Figure 4.7 Comparison of rock properties between intact rock and rock mass:
(A) UCS; (B) elastic modulus; (C) cohesion ..............oevvviiiiiiieeeeeeennn, 83

Figure 4.8 FEM mesh and total displacement contour (without support) in RS2:
(A) FEM mesh; (B) displacement contour after top heading
EXCAVALION eeiiiiiiiie et e e e e e e e e e e e e e e e e e e 87

Figure 4.9 The support scheme and PEM-based displacement contour of the
SUPPOIEd tUNNEL.......eeeiiiiiee e 91

Figure 4.10 Distribution of displacements at the tunnel crown: (A) at Crown C
point; (B) at Crown D PoiNt..........cooevviiiiiiiiiiee e 92

Figure 4.11 Rank of the relative importance of Q-parameters based on different
ranking criteria: (A) ranked by regression coefficient; (B) ranked by
6SHDUPDQTY FRUUHODWLRQ FRHIILFLHQW & Ul
variance; (D) ranked by effect on output mean ...............cccccceeieeeeeennn. 93

Figure 4.12  Spider graph of the mean of the Q value across the range of the input
(02 L= LTS =T £ PP 94

Figure 5.1  Design point and equivalent ellipsoids (modified from Low and Tang,

Figure 5.2 Relationship between critical strain and rock properties (modified
from Sakurai, 1997, 2017): (A) critical strain vs. UCS; (B) critical
strain vs. elastic Modulus ... 114

Figure 5.3 FORM spreadsheet with deterministic critical strain......................... 116



Figure 5.4

Figure 5.5

Figure 5.6
Figure 5.7

Figure 5.8
Figure 5.9

Figure 5.10
Figure 5.11

Figure 5.12

Figure 5.13

Figure 5.14

Figure 5.15

Figure 5.16

Figure 5.17

Figure 5.18

Figure 5.19
Figure 5.20

Figure 5.21

Figure 5.22

Figure 5.23

Figure 5.24

Effects of the critical strain values on the reliability: (A) reliability
index; (B) probability of failure ... 117

The rank of relative importance of input parameters: (A) ranked by
regression coefficient; (B) ranked by the contribution to variance....118

Comparison of PDFs of estimated strain ............cccceeevvvevvvveiivviinnnnn. 119
Effects of correlation between RQD amndod reliability: (A)
reliability index; (B) probability of failure .............ccccccciiiiiinns 121
FORM spreadsheet with probabilistic critical strain ...............cc.cee... 122
The positive correlation between UCS and elastic modulus of intact
rock: (A) original data set; (B) normalized data set................c..c....... 123
The distribution of critical Strain..............ccocciiiiiiiiiiie e, 124

The rank of relative importance of input parameters: (A) ranked by
regression coefficient; (B) ranked by the contribution to variance....125

Effects of the correlation coefficient between UCS and elastic

MOodulus on reliability ..........cccuviiiiii 126
Effects of correlation on sensitivity: (A) ranked by regression
coefficient; (B) ranked by the contrition to variance.......................... 128
Comparison of PDFs of elastic modulus with different distribution
assignments: (A) UCS; (B) elastic modulus .............ccooevvvviiiiiinnnnnnn. 130
Effects of distribution types on the probability of failure: (A)
reliability index; (B) probability of failure ..............ccccceeeciiiiiiinnnn. 132
Effects of COV on reliability: (A) reliability index; (B) probability of
FRUIUIE .. e 133
The effects of distribution types on the influences of COV on the
probability Of fallure .............eeeeiiiii 134
Comparison of PDFs of estimated strain and critical strain .............. 136
Displacement contour of the unsupported tunnel ...................coooo. 137
Ground reaction curves using mean and low bound rock mass
[S10] 01T 1T=ES ST PP PPPUPPPPPPPPPP 138
The strength factor contour of the unsupported tunnel..................... 139
The displacement contour of the supported tunnel ............................ 139

Comparison of estimated strain between unsupported and supported

Temporary support based on the Q-support chart (NGI, 2015)......... 141

Xi



Figure D.1
Figure D.2
Figure D.3
Figure D.4
Figure D.5
Figure D.6

Accuracy plots for predicted RQD: (A) 200m case (B) 300m case ..172
Accuracy plots for predicted §A) 200m case (B) 300m case......... 173

Accuracy plots for Q value: (A) 200m case (B) 300m case .............. 174
Accuracy plots for Q class: (A) 200m case (B) 300m case................ 175
Accuracy plots for predicted GC1: (A) 200m case (B) 300m case ...176
Accuracy plots for predicted GC2: (A) 200m case (B) 300m case ...177

Xii



Table 3.1
Table 3.2

Table 3.3

Table 3.4
Table 3.5

Table 4.1

Table 4.2

Table 4.3
Table 4.4

Table 4.5
Table 4.6
Table 4.7

Table 4.8
Table 4.9

Table 4.10

Table 5.1

Table 5.2
Table 5.3

Table 5.4

Table 5.5
Table 5.6

Table A.1
Table A.2

LIST OF TABLES

Observation cell locations and observed StatesS.........ccveeveeeeeienennann.n. 34

Comparison of Q statistics among analytical, simulated and actual
FESUILS ... e e e e e e e e e e e e e e e e e eees 50

Effect of correlation between RQD andrd statistics of Q value.....55

Summary of distribution of Q-parameters ..........ccccvvviviiiiiiiiiiiiiiineennn 56
Comparison of Q value between simulated and actual results with

different RQD diStriDULIONS .........uoiiiiiiiiiiiiieeceecs et 58
Empirical correlations based on the Q value for estimating rock mass

L0 01T 1 [ S 67
Empirical correlations based on the Q value for estimating rock mass

(ST 010 15T U U PPPT 67
Comparison of the Q statistics calculated by different methods.......... 76
Comparison of the estimated rock mass properties and displacement

values using different empirical correlations.............ccccoevvvvviciieennnnn. 80
Input in the FEM RS2 model for probabilistic analysis ...................... 86
Summary of tunnel crown displacement in different scenarios........... 90
Standard support system used in the section STA 913+65.................. 91
Sensitivity analysis results using different ranking methods............... 94
Effect of the correlation between the RQD and Jhe Q value, rock

mass properties and displacement...............c.oooeviiiiiiiiii e, 97
Effect of the distribution types of the Q-parameters on the Q value,

rock mass properties and displacement...............oovvvviiiiiiiiiiee e 99
Summary of statistics of parameters in the Shimizu tunnel case....... 112

Summarized critical strain estimated using different approaches...... 112
Comparison of critical strain estimated using intact and rock mass

[S10] 01T 1T=ES TP PPPUPPPPPPPPPP 115
Summary of distribution types for the UCS and elastic modulus of
100 7R 129
Target reliability indices (USACE, 1997) ......uuuiiiiiiiiiiiiiiiieieiei, 135
Comparison of tunnel displacement before and after the support
INSTAIALION ... 140
States, desripctions and ratings for RQD ...........ccoovviiiiiiiiiiiiiieeeeee, 135
States, desripctions and ratings for.J..........cccovvviieeiiniiiinieeeeeee, 135

Xiii



Table A.3
Table A.4
Table A.5
Table A.6
Table B.1
Table B.2
Table B.3
Table B.4
Table B.5
Table B.6
Table C.1
Table C.2
Table C.3
Table C.4
Table C.5
Table C.6
Table D.1

States, desripctions and ratings for.J.........cccoocoveviieiiniiiineeeeee 135
States, desripctions and ratings 0r.J............occoviiiiiiiiiiiieeeee 163
States, desripctions and ratings fOr.J.........occvvvevreeiiiiiiiiieeeee e, 163
States, desripctions and ratings for SRF ...........oooviiiiiiiiiieeeeeeee 163
Transition probability and intensity coefficient of RQD states ......... 164
Transition probability and intensity coefficient o$tates............... 164
Transition probability and intensity coefficient aftates ............... 165
Transition probability and intensity coefficient pétates............... 165
Transition probability and intensity coefficient p&thtes .............. 166
Transition probability and intensity coefficient of SRF states........... 166
Likelihood matrix of RQD StateS.........cccevvvvvieieiiiiiiieeeeeeeveee e, 167
Likelihood matrix ofnJBtates ..........ccccuviviiiiiiiiiiieeeeeeee e 167
Likelihood matrix Off States ..........cevvveiiiiiiiiiiieeiiiiee e 168
Likelihood matrix ofaBbtates.......ccooveeeiiiiiiiiiiieeeee e 168
Likelihood matrix OfudStatesS........ccoviiiiiiiiieeiiiieeeee e 169
Likelihood matrix of SRF States ..........ccccuviiiiiiiiiiiiiiiiiiees 169

Sunmary of measures of prediction accuracy from accuracy plots ..178

Xiv



ACKNOWLEDGEMENTS

My adventurous journey for my PhD study is about to end] andthankful to
many individuals without whose support and help | cannot successfully accomplish the
research presented in this thesis. First and foremost, | would like to express my sincerest
gratitude to my advisor Dr. Marte Gutierrez. | am grateful to Dr. Gutierrez for his
continuous encouragement, insightful guidance and critical comments on my research
during the past years. His rigorous attitude towards research and his open-minded
discussion about conducting research in academia have also impressed me.

| would like to thank my committee members: Dr. Hua Wang, Dr. Gabriel
Walton and Dr. Ahmadreza Hedayeat spending their precious time on the review and
providing valuable comments on my research.

| am thankful to Dr. Eunhye Kim for giving me the PhD offer and financial
support so that | can have the opportunity to study at Mines. Thank you for introducing
some rules and guidelines for conducing researchingnpapers, and | also appreciate
her thoughtful review and constructive comments on my research.

| am grateful to my friends at the Colorado School of Mines, both past and
present - Dr. Varun Maruvanchery, Dr. Fei Wang, Xiangyu Li, Wei Hu, Haochen Zhao,
Chen Xu, Anuradha Khetwal, Sandeep Khetwal, Muthu Vinayak Thyagarajan, Awais
Butt, Dr. Shuqgi Ma, Dr. Wenpeng Liu, Dr. Omid Frough, Rajat Gangrade, Ashton
Krajnovich, Gauen Alexander, Josef Bourgeois, Thamer Althayidi and all others.
Thank you for your technical suggestions on improving my research and personal
advice on how to balance and enjoy life at the same time. | am fortunate to know and
interact with you all, to share good or bad news, to support and help each other and to
have a great and memorable time. Special thanks to my best friend Dr. Varun
Maruvanchery for his support and encouragement. | will miss you all and hope we can
stay in touch.

| would also like to thank some faculty and staff at Mines. | express my thanks
to Dr. Jamal Rostami who is always patient, tolerant and ready to discuss about my

research and answer my questions in his office. His thinking on the practical values of

XV



research has always benefited me as a young engineer to have a better undeo$tanding
both research and practice. | am also thankful to Dr. Wendy Zhou, the dean of the Office
of Graduate Studies, for providing me the graduate continuance fellowship for my last
semester. | am also grateful to the mining engineering department for awarding me
scholarships to support my study, the faculty in the mining engineering department, Dr.
Priscilla Nelson, Dr. Jurgen Brune, Dr. Ugur Ozbay etc. for their help and support, the
staff in the mining engineering department, Bruce Yoshioka, Mandi Myers, Justine
Robinson, Juliana Reid, Christine Monroe, Gretchen Wodniak etc. for their considerate
help and suggestions, the staff in the CCIT for their technical support in software
installation, the staff in the Office of International Student and Scholar Services for
answering questions related with international students.

| am also deeply obliged to my parents for their endless love and unconditional
support to bring me to this level. Without your continuous encouragement and

inspiration, | cannot overcome the challenges and difficulties along the journey.

XVi



CHAPTER 1

INTRODUCTION

1.1 Background and motivation

,QFUHDVLQJ JOREDO SRSXODWLRQ DQG XUEDQL]DWL
DGGLWLRQDO OLYLQJ VSDFHV RI DOO NLQGV *RHO HW DC
RIITIHUV D IHDVLEOH VWUDWHJ\ IRU GHYHORSPHQW RI DG
XQGHUJURXQG VSDFH FDQ LQFOXGH LQIUDVWUXFWXUHV
EXLOG DERYH JURXQG 8QGHUJURXQG VSDFH DOVR RIIHU
DJDLQVW GLIITHUHQW NLQGV RI GLVDVWHUV *RHO HW DO
ZLWK WXQQHOV LV H[SHFWHG WR EH D YLDEOH VROXWLRC(
FRQJHVWHG VSDFH RQ WKH VXUIDFH HVSHFLDOO\ LQ XU
EHHQ XVHG IRU D UDQJH RI LQIUDVWUXFWXUHUQHHGYV L(
XWLOLW\ RLO DQG JDV SLSHOLQH DFFHVV DQG YHQWLOI
HWF +RZHYHU VLQFH WXQQHOV DUH FRQVWUXFWHG LQ J
NQRZQ WR LQYROYH VRPH GHJUHH RI XQFHUWDLQW\ EHIR
LQWULQVLF ULVN IRU HQFRXQWH WILESDRRIRYRZQ JHRRRVLF
WKH XQFHUWDLQW\ LQ JHRORJLFDO FRQGLWLRQV SRVHV I

Rock mass classification systems, including the rock mass rating (RMR)
(Bieniawski, 1976), Q-system (Barton et al., 1974) and geological strength index (GSI)

(Hoek and Brown, 1997), allows the overall rock mass quality to be described and rock

mass properties to be characterized, and can also offer initial estimates of support
requirements of underground excavations (Hoek, 2007). Rock mass classification
systems have been used as empirical rock design tools and havedeviggspread

application due to the easy use of simple observations and measurements to offer a
guantitative index of overall rock mass quality (Palmstrom and Stille, 2010).
7TUDGLWLRQDOO\ KRZHYHU PRVW HPSLULFDO PHWKRGV 1
UHO\ RQ VLQJOH PHDQ RU H[SHFWHG YDOXHV DQG WK

EHWZHHQ WKH XSSHU DQG ORZHU ERXQG YDOXHV 3DOPVYV
1



XQFHUWDLQWLHY LQ URFN PDVV FODVVLILFDWLRQV DUH R
WR FRYHU WKH SRVVLEOH ZLGH UDQJH RI URFN PDVV TXD
GHVLJQ RI WKH HQJLQHHULQJ VWUXFWXUH 7KH RYHUGHYV|
ZKHUH WKH VDIHW\ LV DVVXUHG ZKLOH FRVW DQG VFKHG
FRQWUDVW WKH XQGHU GHVLJQ LPSOLHV DQ DJJUHVVLY
IDLOXUH DQG GDPDJH WR WKH VXUURXQG@WUD & WW XK QX0
GHWHUPLQLVWLF GHVLJQ PHWKRGV XQFHUWDLQWLHV L
ORJLFE@OFWHUL]HG DQG HVWLPDWHY Rl UHOLDELOLW\ D
FRPSOHWH XQGHUVWDQGLQJ RI KRZ XQFHUWDLQWLHV LQ
DIIHFW WKH FKDUDFWHUL]JDWLRQ RI UREN PDVV EHKD
XQFHUWDLQWLHY LQ URFN PDVV FODVVLILFDWLRQV EHIRL
LQVLIJKWIXO LQIRUPDWLRQ IRU WKH RSWLPXP GHVLJQ RI
RQ WKH EDVLV RI VDIHW\ DQG HFRQRPLF ULVN 7KXV LV
XQFHUWDLQWLHY LQ URFN PDVV FODVVLILFDWLRQV DQG
FKDUDFWHUL]DWLRQ DQG HYDOXDWH JURXQG EHKDYLRU |

8QFHUWDLQW\ DQG UHOLDELOLW\ EDVHG RWWKRGV U
WR TXDQWLWDWLYHO\ GHVFULEH XQFHUWDLQWLHV LQ L
FRQVLVWHQW DQG FRPSOHWH PHDVXUH RI OHYHO RI UH(
GHVLJQ SURFHVV ,Q WKLV WKHVLV XQFHUWDLQW\ DQDO
FRQGXFWHG XVLQJ WKH 4 VI\VWHP DV DQ H[DPSOH 7KH >
SUREDELOLVWLFDOO\ FKDUDFWHUL]HG DQG LWV HIIHFW\
SURSHUWLHY DQG WKH HYDOXDWLRQ RQ WKH WXQQHO
ORUHRYHU D UHOLDELOLW\ DSSURDFK ZLWK WKH VWUDL
XVHG WR DVVHVV WKH VWDELOLW\ RI XQGHUJURXQG WXQ:

1.2 Research objectives

To improve the understanding on the probability-based uncertainty analysis in
the rock mass classification, using the Q-system in this study, and its application to the
reliability assessment for the underground excavation stability, the research objectives

in this thesis are as follows:



(1) Probabilistically characterize and predict uncertainties in rock mass
classification Qsystem before tunnel excavation and validate the predicted results with
rock mass quality data collected during tunnel construction.

(2) Investigate the effects of uncertainties in input parameters in the Q-system on
the overall Q value and associated rock mass characterization and ground response
evaluation for underground structures.

(3) Perform reliability analysis with probabilistic Q-system on the basistéin-

based failure criterion to evaluate the tunnel excavation stability.

1.3 Thesis outline

7KLV WKHVLV LV FRPSRVHG Rl VL[ FKDSWHUV ZKLFK D
DUH SODFHG DW WKH HQG RI WKH WKHVLYV

&KDSWHU  SUHVHQWY WKH JHQHUDO EDFNJURXQG W
UHVHDUFK REMHFWLYHV DQG WKHVLV RXWOLQH

&KDSWHU SUHVHQWVY WKH OLWHUDWXUH UHYLHZ LQ W
URFN PDVV FODVVLILFDWLRQ V\VWHPV VRXUFHV RI XQFH
DQG WUHDWPHQW DSSURDFKHVY DUH LQWURGXFHG ,Q DGC
DSSOLFDWLRQ LQ XQGHUJURXQG FRQVWUXFWLRQ DUH DO

&KDSWHU SUHVHQWY D URFN PDVV FODVVLILEDWLRQ
XVLQJ WKH ODUNRY &KDLQ WHFKQLTXH WR SUREDELOLVW
WXQQHO H[FDYDWLRQ %DVHG RQ WKH SURSRVHG SUHGLF
RI WKH RYHUDOO 4 YDWM®XH IPDQDEN GREDWHBQV DORQJ WK
XVLQJ ORQWH &DUOR VLPXODWLRQV ,Q DGGLWIRRQ DQ D
GHULYLQJ VWDWLVWLFV PHDQ VWDQGDUG GHYLDWLRQ
KDV DOVR EHHQ GHYHORSHG JLYHQ VWDWLVWLEV RI LQ
SURSRVHG SUHGLFWLRQ PRGHO DQG D QDADW H EDWXMSEHIR |
FDVH VWXG\ DQG YDOLGDWHRUBHW KGX D E QXWX @QHM KR Q\

&KDSWHU SUHVHQWYV D SDSHU WLWOHG 30RQWH &DUOF
DQDO\VLVY RI URFN PDVV TXDOLW)\ 47 K QV X®OEHHL (KDXQ BHH

SXEOLVKHG LQ 7KH -RXUQDO RI 7XQQHOLQJ DQG 8QGHUJU
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.LP WKH FRUUHVSRQGLQJ DXWKRU ZDV P\ IRUPHU 3K' |
SURIHVVRU DW 'HSDUWPHQW RI OLQLQJ (QJLQHHULQJ DV
&60 'U ODUWH *XWLHUUH] RQH RI WKH FR DXWKRUV
SURIHVVRU DW WKH 'HSDUWPHQW RI &LYLO DQG (QYLURQ
SDSHWO0&6 EDVHG XQFHUWDLQW\ DQDO\VLV IUDPHZRUN
SUREDELOLVWLFDOO\ TXDQWLI\ WKH XQFHUWDLQW\ LQ Wk
SURSRVHG IUDPHZRUN KDV EHHQ LPSOHPHQWHG LQ WKH
%DVHG RQ UHODWLYH IUHTXHQF\ KLVWRJUDPV RI 4 SDUD
VIVWHWK SUREDELOLW\ GLVWULEXWLRQ RI WKH 4 YDOXH LV
ZKLFK LV WKHQ XVHG WR SUREDELOLVWLFDOO\ HVWLPDW
DSSURSULDWH HPSLULFDO FRUUHODWLRQV 7KH SUREDEL
DUH DOVR DGRSWHG DV LQSXWV LQ D ILQLWH HOHPHQW |
WKH H[FDYDWLRQ LQGXFHG WXQQHO GLVSODFHPHQW ,Q
DQDO\VLY LV FRQGXFWHG LQ WKH 0&6 SURFHVV WR LGHQ
LQ WKH 4 VIVWHP EDVHG RQ VHYHUDO UDQNLQJ FULWH!
GLVWULEXWLRQ W\SHV RI LQSXW SDUDPHWHUV LQ WKH Sl
DVVRFLDWHG URFN PDVV SDUDPHWHUV KDYH DOVR EHHQ
&KDSWHU SUHVHQWY D UHOLDELOLW\ DVVHVVPHQW X
IRU WKH SUHOLPLQDU\ HYDOXDWLRQ RI WKH H[FDYDWLRC
7KH SUREDELOLVWLF FULWLFDO VWUDLQ DQG WKH 4 EDVF
LQFRUSRUDWHG LQ WKH OLPLW VWDWH IXQFWLRQ IRU Ul
DOVR FRQGXFWHG XVLQJ WKH 0&6 WHFKQLTXH IRU FRPS
VWXG\ LV DOVR XWLOL]HG DV DQ H[DPSOH WR SHUIRUP U}
VWDELOLW\ 7KH HIIHFWV RI WKH FRUUHODWLRQ GLVWUL
LQSXW SDUDPHWHUV RQ WKH UHOLDELOLW\ KDYH DOVR E
RQ WKH VWDELOLW\ HYDOXDWLRQ RI WKH H[FDYDWHG W X (
XVLQJ DQDO\WLFDO DQG QXPHULFDO DSSURDFKHV
&KDSWHU LV WKH ILQDO FKDSWHU RI WKLV WKHVLV
VXPPDUL]JHG DQG GLUHFWLRQV IRU IXWXUH ZRUN DUH DO
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CHAPTER 2

LITERATURE SURVEY
This chapter presents the literature review for this research, which mainly includes
uncertainty analysis in rock mass classification systems and reliability-based
assessment in underground construction. The commonly used rock mass classification
systems, involved uncertainties and treatment approaches have been introduced.
Reliability-based methods, the comparison with factor of safety and reliability

assessment in underground construction are also presented.

2.1 Uncertainty analysis in rock mass classification systems
211 5RFN PDVV FODVVLILFDWLRQ V\VWHP

Rock mass classification involves the process of placing rock masses into groups
or classes based on defined relationships and has played an indispensable part in
engineering design and practice (Bieniawski, 1989). Rock mass classification systems
provide a basis for understanding the characteristics and behavior or rock mass, serving
as the basis of the empirical design and relating to experiences obtained in rock mass
conditions at one site to another. The objectives of the rock mass classification are
proposed (Bieniawski, 1989):

(1) Identify the most important parameters impacting the rock mass behavior.

(2) Subdivide a particular rock mass formation into groups or classes of similar

behavior.

(3) Provide a basis for understanding the characteristics of each rock mass class.

(4) Relate the experience of rock mass conditions at one site to the conditions and

experience gained at another.

(5) Derive guantitative data and guidelines for rock engineering design, e.g. support

guidance for underground excavations.

(6) Provide a common basis for communication between engineers and geologists



The advantages of rock mass classifications have also been summarized(Bieniawski,
1989)

(1) Rock mass classification systems can provide a checklist for the ground
parameters to be collected, thus improving the quality of site investigation

(2) Classification systems can provide guantitative information for engineering
design purposes

(3) These quantitative classifications enable better engineering judgement and more
effective communication on a project.

Problems in the application of rock mass classifications arise when (Bieniawski,
1993):

(1) Using rock mass classification as the ultimate design solution, i.e. neglecting
the analytical, numerical and observational methods;

(2) Using on rock mass classification only without cross-checking with other
classification systems

(3) Using rock mass classification without sufficient input data

(4) Using rock mass classifications without realizing the conservatism and limits
arising from the databases on which they are based.

Commonly used rock mass classification systems are briefly introduced below,
namely the RMR system, Q-system and the GSI system.
RMR system

The Geomechanics Classification or the RMR system was developed by

Bieniawski (1976) to evaluate the excavation stability and support requirements of
tunnels. Since then it has been improved based on more collected case histories, and
the 1989 version of the classification is introduced herein. The RMR system has six
input parameters, i.e. uniaxial compressive strength (UCS) of rock material, rock
guality designation (RQD), the spacing of discontinuities, condition of discontinuities,
groundwater conditions and the orientation of discontinuities (Bieniawski, 1989).
Ratings are given to each input parameter, and the summation of these ratings is the

overall RMR value.



In applying the RMR system, the rock mass is subdivided into a number of
structural zones (Bieniawski, 1989). Each zone is relatively geologically homogeneous
and classified separately. Agor structural feature such as a fault or the change of
rock types may be considered as the boundary of structural zones (Hoek, 2007). In
terms of the application of the RMR system, it provides a set of guidelines for
excavation and support of 10 m span rock tunnels constructed using drill and blast
methods (Hoek, 2007). The RMR is also applied to estimate the unsupported span and
stand-up time for excavated tunnels. In addition, the RMR system can also be used to
estimate rock mass properties based on some empirical correlations (Bieniawski, 1989).
Q-system

The rock mass classification Q-system was developed for the determination of
rock mass characteristics and support requirements (Barton et al., 1974). This empirical
rock mass classification was proposed based on 212 case records of hard rock tunnel
from Scandinavia. The numerical value of the Q index ranges from 0.001 to a maximum
of 1000 on a logarithmic scale, and the overall Q value is defined by the Q-equation as

follows (Barton et al., 1974):

RQD J, J,
—— L _
Q J ). SRF @D

where RQD is the Rock Quality Designationjsithe joint set number; & the joint
roughness number; i$ the joint alteration numbery & the joint water reduction factor
and SRF is the stress reduction factor.

As seen in the Q-equation, the Q value is the product of three quotients of its
input parameters. The first quotient (RQDA&presents the rock mass structure and is
a measure of the block size; the second quotief)(thdicates inter-block shear
strength and relates to the roughness and frictional characteristics of joint walls, and the
third quotient (W/SRF) is an empirical factor describing the active stress . Based on the
incorporation of new case records, the Q-system has been updated and improved. A
normalization factor considering the UCS of the intact rock has been incorporated into

the Q-equation and a new valuei®generated (Barton, 2002). A support chart based
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on the overall Q value has been developed and updated for the rock support estimation
by relating the Q value and the equivalent dimension of excavated openings (Barton,
2002; Barton et al., 1974; Grimstad, 1993). Relationships between the Q value and the
seismic velocity, depth, deformation modulus of rock mass, required support pressure,
have been developed, and these parameters can be roughly estimated using the
empirical correlations based on obtained Q value (Barton, 2002).
GSI system

The GSI system was introduced to estimate the reduction in rock mass strength
under different geological conditions (Hoek and Brown, 1997). The GSI can be
estimated based on field observation and geological descriptions by combing the rock
mass structure (block size) and the rock discontinuity surface conditions (roughness
and alteration). It is also recommended to use a range of GSI values rather than single
number or value (Hoek, 1998a). The GSI has been modified to cover more complex
geological conditions, such as shear zones or heterogeneous rock masses, and the GSI
chart are updated to incorporate these categories (Hoek et al., 1998; Hoek and Marinos,
2000). In addition, the GSI system has been interpreted in a more quantitative manner
by many authors (Cai et al., 2004; Hoek et al., 2013; Hoek et al., 1998; Marinos et al.,
2005).

In terms of the application, the GSI system has been used to estimate the rock
mass properties in rock engineering (Hoek et al., 2002; Marinos and Hoek, 2000). It
also serves as a tool to estimate the parameters in the Hoek-Brown criterion of rock

masses (Hoek and Brown, 1997; Hoek et al., 2002).

212 6RXUFHV RI XQFHUWDLQW\ LQ URFN PDVV FODVVLILFEL

Uncertainty can be categorized as aleatory or epistemic uncertainty (Baecher
and Christian, 2003). Aleatory uncertainty relates with the natural, intrinsic randomness
which may be dealt with probabilistic or statistical analysis. In contrast, the epistemic
uncertainty results from incomplete knowledge and can be reduced when additional

information is available. Einstein and Baecher (1983) also divided the sources of



uncertainty in geotechnical engineering as: (1) inherent spatial and temporal variability;
(2) measurement errors; (3) model uncertainty; (4) load uncertainty; and (5) omissions.

Rock mass classification systems are based on experience and thus have similar
inherent uncertainties (Stille and Palmstrom, 2003). Input parameters in the rock mass
classification have inherent uncertainties due to the spatial variability and heterogeneity
of rock mass itself. The determination of the ratings for input parameters in the rock
mass classification systems also involves uncertainty. For example, RQD can often lead
to a sampling bias due to a preferential distribution of joints (Grenon and Hadjigeorgiou,
2003). In addition, uncertainties also take place in observing and recording joint
characteristics. The mapping results for the joint location for different observers along
the same scanline are very different (Ewan et al., 1983). Some input parameters relating
to joint features in the rock mass classifications are prone to mischaracterization
(Palmstrom and Broch, 2006).

Hadjigeorgiou and Harrison (2011) also noted that rock mass classification
systems have uncertainties and not considering them may lead to statistical errors. Two
groups of errors can be generated in the use of rock mass classifications. The first group
relates with the intrinsic errors in the rock mass classifications, such as the errors of
omission, errors of superfluousness, and errors of taxonomy. The omission means the
failure to consider pertinent characteristics in rock mass classifications, such as the
absence of UCS in the Q-system and the in-situ stress condition in the RMR system.
The consideration of rock mass anisotropy is also omitted in both RMR and the Q-
system. With regard to the superfluousness, the RQD and discontinuity spacing are a
good example since these two parameters are not mutually independent, indicating that
either can be estimated from the other. The errors of taxonomy are due to the
requirement to pick a number or rating value for a geomechanical property. For
example, for the joint water reduction factarid the Q-system, it is not clear how to
FODVVLI\ 3PHGLXP LQIORZ ZLWK VLJQLILFDQW RXWZDVK F
first group of error types, the second group is associated with implementation, such as

the errors of human error and errors of ignoring variability or uncertainty. The
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assignment of only one value, instead of a range of distribution, ignores the
heterogeneous and random nature of rock mass properties. The risk analysis for a
certain rock engineering project also depends on the level of confidence in known
relevant parameters, which is dependent on the amount of available information, the
variation of input parameters in rock mass classifications and its impact on the probable
rock mass quality index and the required minimum rock mass quality for compatibility

with proposed excavation requirements (Carter, 1992).

213 'HDOLQJ ZLWK XQFHUWDLQW\ LQ URFN PDVV FODVVLII

Empirical assessment methods, including those based on rock mass
classification systems, are essentially deterministic approaches (Carter, 1992)
However, the use of only one subjectively assigned value cannot consider the wide
range of actual rock mass characteristics that are often encountered in engineering
practice. It is appropriate to provide a range of values, instead of a single value, to each
input parameter in rock mass classification systems and to assess the significance of the
final result (Hoek, 2007). The obtained mean value can be used in choosing the basic
rock support while the range can provide an indication of the possible adjustments that
may be required to meet different conditions encountered during tunnel excavation. It
is also recommended by Hoek (1998a) that a range of values of GSI should be used in
preference to a deterministic value. Barton et al. (1994) have used the Q-histogram
logging approach to collect the histogram of input parameters in the Q-system, and
statistics (min, max, mean, and mode) of the Q value can be obtained using the interval
analysis. However, Panthi (2006) pointed out that the mean and range values have poor
statistical properties and are sensitive to extreme values. Similarly, Bedi (2013) also
stated that the possible wide range of Q value intervals lacks sufficient information and
may cause difficulty in decision-making. Carter (1992) suggested that it is
advantageous to replace the subjectivity associatedaveithecting single value with
the use of probabilistic sampling approaches accounting for the uncertain and variable
nature of rock masses. These probabilistic approaches can provide some insights into
the degree of uncertainty in the input parameters in the rock mass classifications. Carter
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(1992) also stated that geological-geomechanical factors, such as rock strength and rock
structure, are particularly amenable to the probabilistic treatment and that it is
advocated to evaluate the collected geotechnical site investigation data for rock
engineering projects fror probabilistic point of view. The probabilistic approach in
evaluating rock mass classifications, rather than straightforward use of deterministic
assessment, can provide the designer not only with a better understanding on the
sensitivity of the output to variations in the input parameters, it also reflect the basic
uncertainties inherent in the rock mass parameter data on which the design is predicated
(Carter, 1992). If the uncertainty and variability in the rock mass classifications are not
sufficiently characterized, they might propagate through the analysis and design
process and adversely impact the ground response and support performance (Langford,
2013).

Fortunately, probabilistic evaluation on the rock mass classification, which
enables the description of the complete probability distribution function (PDF) of rock
mass parameters, is capable of quantifying the uncertainty and its effect on the design
performance. Cai (2011) presented that both the intrinsic and subjective uncertainties
in rock mass classifications can be captured in the probabilistic evaluation and the
probabilistic design can be accordingly conducted. Bedi (2013) derived the probability
density function of the Q value in the Gjovik cavern using the Monte Carlo simulation
(MCS) method based on the assumed triangular distributions of Q-parameters. Carter
(1992) also performed similar simulations to derive the distribution of the Q value and
suggested that simple triangular distributions often provide sufficient accuracy. Panthi
(2006) assumed the normal or lognormal distributions for RQBnd 4 parameters
while the triangular distributions fon,JJy and SRF parameters in the Q-system, and
the PDF of the Q value was obtained using the MCS technique for the Himalayan
mountainous tunnels. Analogously, the distribution of GSI was also estimated from the
statistical distributions of joint characteristics in field mapping, which was then used as
the input in the numerical model for probabilistically evaluating the excavation

response and stability of underground construction (Cai, 2011; Idris et al., 2015; Tiwari
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et al., 2017). The probability distributions of RMR and GSI were derived based on the
probabilistic descriptions of discontinuities and intact rock properties using the MCS

technique, and the strength and deformability properties of rock mass were also
probabilistically estimated based on some empirical relationships (Sari, 2009; Sari et
al., 2010).

However, few researchers have investigated the contributions of input
parameters in the rock mass classification systems within a probabilistic framework. In
addition, the majority of studies fail to consider the interdependency between uncertain
input parameters and its impact in rock mass classifications. Further, although rock
mass parameters are amenable to probabilistic treatment, few studies have examined
the effects of distribution types of input parameters in rock mass classifications on the

overall rock mass quality and associated rock mass characterization and response.

2.2 Reliability-based assessment in underground construction
221 )DFWRU RI VDIHW\ DQG UHOLDELOLW\ FRQFHSW

Traditionally, the deterministic factor of safetyS) is applied to deal with the
uncertainties in the geotechnical engineering. The factor of safety is calculated as the
ratio of characteristic resistance over the characteristic load. The characteristic
resistance and load are conservative estimates of resistance and load in the system
(Fenton and Griffiths, 2008). When the characteristic values are equal to the means,
then the factor of safety can be defined in terms of the mean resistance and mean load:

s & (2.2)
B

whereFSis the factor of safety/? is the mean resistancé is the mean load.

Griffiths and Fenton (2007) stated that all uncertainty is lumped into the single
factor of safety, and the factor of safety does not provide information on the level of
safety in the design. The same factor of safety can generate two designs that have
different levels of safety. This may be due to factors of safety agreed on in design codes

or standards not being calibrated to each other. It is also common to apply the same
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factor of safety for a given type of geo-structures, such as long-term slope stability,
without considering the uncertainties involved in the calculation (Duncan, 2000).
Fenton and Griffiths (2008) stated an example of three geotechnical designs, having the
same mean factor of safety, can have considerably different probabilities of failure. The
actual design safety is not adequately reflected in the mean factor of safety. Bapia et
(2007) also showed an example of slope design A and B, in whidbSh€l..35) is
smaller than th&Ss (1.50). However, the greater uncertainty in design B, indicated by
larger spread, results in higher probability of failure despite the I&§eralue in

design B in comparison to design A. This is an example for the slope design, however,
it can be equally applicable to underground construction.

The factor of safety in the conventional geotechnical engineering is generally
determined heuristically, based on experiences of similar projects. However, as
guestiord by Griffiths and Fenton (2007), what if we do not have experience, such as
using new construction materials or in a new environment? What if the experience that
we have is not positive? The traditional factor of safety approach cannot answer the
above questions. Griffiths and Fenton (2007) also suggested that it is difficult to pick
an optimum factor of safety since the FS has no real meaning in terms of reliability.

The ambiguous nature of the factor of safety has also been reported by Low and
Einstein (2013), and two different definitions on the factor of safety against the wedge
falling were discussed. Each definition has its rationale while the val&&cah differ
by an order of magnitude. Lilly and Li (2000) also stated that the factor of safety, by
definition, is a binary criterion. Either the excavation is stab®»{) or fails FS<1)
due to the fact that excavations at limit equilibriurs£1) are very rare in practice.
Zhang and Goh (2012) also pointed out that failure in underground excavation may
occur even when theSis larger than 1.0.

To overcome these issues, reliability-based approaches have been developed to
provide a more consistent and complete measure of the safety level considering the
uncertainties involved. The subsection below will briefly introduce the reliability

theory.
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222 2YHUYLHZ RI UHOLDELOLW\ WKHRU\

(1) The general case

The performance functiorG(X) is used to describe the performance of
geotechnical structures, which also defines the acceptance criterion for the system in
terms of the limit state function (wheXeis the collection of all relevant input random
variables).The resistané®X) and the load acting on the syst€(X) can be used to

construct the performance function, and the relationship can be expressed as follows:

G(X) RX QX (2.3)

The critical limit state, indicated b@(X) = 0, defines the boundary between
safe and unsafe regiorg(X) > 0 means stable conditions are expected v} <0
indicates the system has failed to meet the acceptance criterion.

Note that in underground construction, the resistance and load can rarely be
separated since the ground response depends on the support type and installation
sequence. The performance function can therefore be expressed with respect to a
limiting value for the ground response parameter (e.g. displacement, strain, plastic
radius) (Langford, 2013).

The probability of failure, or the probability of unsatisfactory performance, can

be defined as:

pooAANY A .3 A (YO 24

where f,(X) is the joint probability density function of the collection of random

variablesX. This integral is generally non-tractable or impolesib solve analytically

when many random variables are involved. Thus, approximate methods, including First
Order Second Method (FOSM), First Order Reliability Method (FORM), Point
Estimate Method (PEM) and Monte Carlo SimulatiorOQ®), are used to evaluate the
integral.

(2) Reliability index
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In geotechnical engineering, the safety mandinis defined as the difference

between the resistan&eand the load) (Baecher and Christian, 2003).

M R Q (2.5)
The mean value of the safety mariins
R £ d (2.6)
where R, P, R are the mean value of safety mariinthe resistanc®, and the

load Q, respectively.

The variance of the safety mardyhis
K ¥ 2k (2.7)
where I, , 1, i are the standard deviation (SD) of the safety mahginthe
resistancdr and the load, respectively; lF(Q is the correlation coefficient betweén

andQ.

The reliability index £ is defined as:

zQ

R < Py P
K \/V; 2 IRZ

The probability of failurgx can be given according to the following equation

E (2.8)

based on the assumption that the safety mavigsnnormally distributed.

pp P(MdO) [)( ) 1)E) (2.9)
whereps is the probability of failure, ) )is the cumulative distribution function of the

standard normal variable £is the reliability index.

Unlike the factor of safety, the reliability approach enables the consideration of
uncertainties in the input parameters and the level of safety and reliability can be
quantified. Based on this, consistent levels of reliability can be achieved among
different designs. In addition, differeti the experience-based factor of safety, the
reliability-based approach can provide the ability to develop new designs which achieve
a specified reliability target. Moreover, by quantifying the reliability, the besiefit
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analysis can also be carried out to balance the construction costs against the risk of
failure (Griffiths and Fenton, 2007).

However, despite the advantages of the reliability approach over the traditional
factor of safety, reliability approaches have not yet gained widespread application in
geotechnical practice. There are two main reasons (Duncan, 2000): first, reliability
theory contains some statistical terms that may not be very familiar to geotechnical
engineers; second, there is misconception that the application of the reliability approach
requires more data, time and effort than the traditional geotechnical analysis. Duncan
(2000) stated that simple reliability analyses, which require neither complex theory nor
unfamiliar statistical terms, require minimal additional effort compared to the
conventional analyses and should be used in geotechnical practice. Several example
applications were used to illustrate the simplicity and practicality of the reliability
approach. It has also been advocated that the reliability approach should complement,
instead of replacing, the factor of safety analyses in providing measures of acceptable

geotechnical design (Duncan, 2000).

223 5HOLDELOLW\ EDVHG PHWKRGYV

The following subsections describe the reliability methods that are commonly
used in reliability analysis and reliability-based design in underground structures. These
reliability methods can account for the effects of the variability of input parameters on
the resulting output variable, including the First Order Second Moment (FOSM), the
First Order Reliability Method (FORM), the Point Estimate Method (PEM) and the
Monte Carlo simulation (MCS).

FOSM

The FOSM method uses the first terms of a Taylor series expansion of the
performance function to evaluate the mean value and variance of the performance
function (Baecher and Christian, 2003). The Taylor expansion is truncated after the
linear term, and this is called the first order. The first two moments of the output
variable are to be estimated, in which the variance is a form of the second moment and
the highest order statistics in the analysis, and this is termed as second moment (Fenton
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and Griffiths, 2008). If the number of the random variable is N, this method needs either
estimating N partial derivatives of the performance function or performing a numerical
approximation with evaluations at 2N+1 points (Baecher and Christian, 2003).

The FOSM method is relatively simple and widely used since it requires the
evaluation of a minimal number of terms and only the first statistic moments are needed.
The evaluation points in the FOSM method are similar to those that are used in
parametric sensitivity analysis, thus the contributions of each input parameter can also
be revealed (Langford, 2013). However, it should be noted that the accuracy of the
FOSM method deteriorates caused by the truncation of the Taylor expansion series after
the linear terms if the second and higher derivatives of the performance function are
significant, e.g. in situations where the performance functions are highly non-linear
(Fenton and Griffiths, 2008). In addition, the probability distribution functions are not
taken into account for input parameters, and only the mean and standard deviation are
used, which may also result in the approximation errors. Moreover, different values for
the probability of failure are obtained using different performance functions for the
same problem, indicating the non-uniqueness and inconsistency of reliability evaluation
using FOSM (Baecher and Christian, 2003).

FORM

To overcome the problems in the FOSM method, the FORM method was
developed by Hasofer and Lind (1974) based on a geometric interpretation of the
reliability index as a measure of the distance in dimensionless space between the mean
point of the multivariate distribution of input parameters to the boundary of limit state
surface. The point where the reliability index ellipsoid touches the limit state surface is
termed the design point. A spreadsheet method using the SOLVER add-in with the
optimization routine for the Excel can be efficiently used to determine the reliability
index in the reliability analysis (Low and Tang, 1997). The distribution types for the
input random variables can be defined, and the correlation structure between variables

can be captured by the correlation coefficient matrix. The probability of failure can also
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be approximated based on the assumption that the performance function is normally
distributed.

The design point in the FORM spreadsheet, i.extivalue, indicates the most
likely failure point on the limit state surface. The distance between the design point and
the mean value point of each input parameter reflects the sensitivity of the performance
function to that input variable. The ratio of the mean value to the design pointxlue (
is also similar to the partial factor in limit state design in Eurocode 7. However, the
partial factors are specified in Eurocode 7 while the design point values are determined
automatically in the FORM spreadsheet. The design point values can reflect
sensitivities, correlation structures, standard deviations, and probability distributions in
a fashion that the prescribed partial factors cannot reflect (Low, 2008b).

PEM

The PEM method was proposed by Rosenblueth (1975) to approximate the
mean and standard deviation of the performance function. It is used to obtain the
statistical moments of the performance function by evaluating at a set of selected points.
The PEM method is a weighted average method, and solutions at different evaluation
points are combined with proper weights to get an approximation of the statistic
moments of the output variable. The two-point estimate method for the first two
moments of uncorrelated random variables is commonly used, and sampling points are
selected at one standard deviation above and below the mean value of each random
variable. If the performance function has N random variables, then there will be 2
sampling points considering all combinations of evaluation points (Fenton and Griffiths,
2008). If all random variables are uncorrelated, then the weight value is simpfprl/2
each random variable (Langford, 2013).

The PEM method is preferable to other methods for cases with five or fewer
random variables in terms of computation efficiency. However, the numbel of 2
evaluations can be a very large number if many random variables are involved. In
addition, as with FOSM method, it does not account for the probability distribution off

the performance function. Generally the normal distribution is assumed both for the
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input and output variable. Further, little information is known about the low probability
conditions since the performance function is only evaluated at one standard deviation
above and below the mean value. In other words, values beyond the bounds are not
considered and these low probability events outside of the bounds may lead to high
consequences, thus posing a great risk to the design (Langford, 2013). It is also noted
that the PEM method does not perform well in capturing mixed behavior or mode
switchessince the abrupt change in behavior will not be detected in the PEM (Valley
et al., 2010).

MCS

In situations where the performance function is complicated and difficult to
assess, the probability of failure can be evaluated directly using the MCS simulation
technique. The distributions of the input parameters should be assigned first, and then
single values of the input variables are randomly sampled in one iteration according to
their respective distributions. This set of sampled input values are then used to calculate
a value of the output parameter. With a number of iterations, more input values are
sampled and accordingly a number of output values are generated. The statistical
moments of the output can be estimated and an appropriate distribution function can be
determined for the output variable. Based on the obtained distribution of the
performance function, the probability of failure can be calculated as the probability that
the performance function is less than or equal to zero.

The MCS technique is straightforward and has the advantage of conceptual
simplicity. The distributions for the input parameters can be specified based on the
collected information, and the correlation structure between input variables can also be
captured. The major disadvantage is that it is computationally expensive and time
consuming. The computation efforts are extremely high if adequate accuracy of
calculation is to be satisfied especially when the estimated probability of failure is very
low (Baecher and Christian, 2003). The considerable computational effort can be
reduced using variance reduction technigueshich the accuracy level is sustained

while the required number of computations is reduced. The MCS simulation can be
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used as a complement to discrete sampling methods to ensure an accurate evaluation of

the system performance especially for complex problems (Langford, 2013).

224 5HOLDELOLW\ HYDOXDWLRQ LQ XQGHUJURXQG FRQVW

8QFHUWDLQWLHY DUH XQDYRLGDEOH LQ JHRWHFK
XQGHUJURXQG FRQVWUXFWLRQ DQG WKH\ VWHP IURP
PHDVXUHPHQW HUURUV FDOFXODWLRQ PRGHOV HWF
&KULVWLDQ 7KH OLPLWDWLRQV RI WKH )6 EDVHG G
WUDGLWLRQDOO\ XVHG LQ WKH JHRWHFKQLFDO SUDFWLF
LQFOXGLQJ WKH SDUWLDO IDFWRU GHVLJQ LQ (XURFRGH
GHVLJQ /5)' DSSURDFK LQ 8QLWHG 6WDWHV ZKLFK LV |
/6" LQ &DQDGD KDYH EHHQ GHYHORSHG $QJ DQG 7DQJ

JHQWRQ DQG *ULIILWKV 7KH /5)' /6/VD@G SDUWL
SKLORVRSKLFDOO\ VLPLODU DQG WKH IRFXV LV WKH UH
VHSDUDWH ORDG DQG UHVLVWDQFH IDFWRUV RU SDUWLD
DO

7KH /5)' DSSURDFK VXEMHFWLYHO\ LQFRUSRUDWHYV
UHVLVWDQFH LQWR WKH GHVLJQ SURFHVV E\ DVVLJQLQJ
DSSURDFK KDV EHHQ XVHG H[WHQVLYHO\ LQ 1RUWK $PHL
ZKLFK WKH SUHVFULEHG OLPLW VWDWH LQ /5)' VKRXOG \
WDUJHW UHOLDELOLW\ RU DQ DFFHSWDEOH SUREDELOLW
7KH /5)' LV XVHG UHODWLYHO\ VWUDLJKWIRUZDUG LQ JUI
IRXQGDWLRQ DQG UHWDLQLQJ ZDOO GHVLJQ DV WKH OR
VHSDUDWHO\ LQ WKH GHVLJQ /DQJIRUG +RZHYHU
FRPSOLFDWHG LQ XQGHUJURXQG VWUXFWXUHV 7KH V\V
UHODWLRQVKLS EHWZHHQ GHIRUPDWLRQV ORDGV WKDW
DQG WKH FDSDFLW\ Rl VXSSRUW HOHPHQWY WKXV OLPLW
ZRUNV /DQJIRUG JRUWXQDWHO\ UHOLDELOLW\ PHW
XQFHUWDLQW\ LQ URFN PDVV SDUDPHWHUV SURSDJDWH\
REWDLQ D PHDVXUH Rl XQFHUWDLQW\ LQ WKH V\VWHP
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DSSURDFK SURYLGHV D PRUH FRQVLVWHQW DQG FRPSOH
GHILQHV WKH H[SHFWHG FDVH DV ZLWK D GHWHUPLQLYV
PHDVXUH RI GHVLJQ SHUIRUPDQFH EDVHG RQ WKH SUREL
7KH UHOLDELOLW\ EDVHG DSSURDFK XVLQJ WKH )250 V
HOOLSVRLG KDV WKH DELOLW\ WR VHHN WKH PRVW SUREI
SDUWLDO IDFWRUVY DQG WR DXWRPDWLFDOO\ UHIOHFW VH
7KH VXSHULRULW\ RI UHOLDELOLW\ EDVHG PHWKRGV WR
IDFWRU RI VDIHW\ /5)' DQG WKH SDUWLDO IDFWRU DSSUF

'"HVSLWH LWV EHQHILWY WKH UHOLDELOLW\ DQDO\VL
EHHQ IRFXVHG RQ VXUIDFH JHRWHFKQLFDO SURMHFWYV D
WKH GHVLJQ RI XQGHUJURXQG FRQVWUXFWLRQ /DQJIRL
UHVHDUFK KDV EHHQ GRQH RQ WKH UHOLDELOLW\ DQC
%MXUHODQG HW DO IDQJIRUG DQG 'LHGHULFKYV
(LQVWHLQ OROORQ HW DO D E PRUH DWW
LVVXHV LQ WKLV DUHD 7R VWDUW ZLWK WKH UHOLDELC
PRRWO\ EDVHG RQ DQDO\WLFDO VROXWLRQV RU QXPHUI
DQDO\WLFDO VROXWLRQV WKH JURXQG VXSSRUW LQWH
SHUIRUPDQFH IXQFWLRQ DQG WKLV LV DOZD\V EDVHG RQ

UDUHO\ PHW LQ SUDFWLFH /L DQG /RZ 6X HW DC
FRQYHUJHQFH FRQILQHPHQW PHWKRG &DUUDQ]D 7RUUH\
*XHQRW ZDV DGRSWHG E\ /L DQG /RZ WR FRQVWL

RI WXQQHO UHVSRQVH IRU UHOLDELOLW\ DQDO\VLYV LQ ZI
VXEMBWWR K\GURVWDWLF VWUHVVHV ZLWK XQLIRUP LQWHE
SHULPHWHU 'XH WR WKH LPSOLFLW FKDUDFWHULVWLF
XQGHUJURXQG FRQVWUXFWLRQ QXPHULFDO SURFHGXUHV
PRGHOV XVLQJ GLITHUHQW DOJRULWKPV KDYH EHHQ XVHG
LQFOXGLQJ WKH UHVSRQVH VXUIDFH PHWKRG +DPURXQL
HW DO UHJUHVVLRQ PHWKRGV %DVDULU =KDQJ
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DUWLILFLDO QHXUDO QHWZRUNV $GRNR HW DO [+ H

VXSSRUW YHFWRU PDFKLQHV 7DQ HW DO =KDR
UDGLDO EDVLV IXQFWLRQV %DL HW DO )DQJ HW DO
WKH QXPHULFDO SURFHGXUHV DUH JHQHUDOO\ FRPSXWD
JUHDW GHDO RDOARREXWDWLRGGLWLRQ WR WKH DQDO\
SURFHGXUHV VRPH HPSLULFDO UHODWLRQVKLSVY RU HYL
HJ GLVSODFHPHQW VWUDLQ DQG SODVWLF UDGLXV KI
H[FDYDWLRQ VWDELOLW\ %DUWRQ %DUWRQ HW DO
6DNXUDL +RZHYHU QR FXUUHQW UHVHDUFK KDV DG
LQ UHOLDELOLW\ HYDOXDWLRQ WR SUHOLPLQDULO\ DVVH
,Q DGGLWLRQ WKH IRFXV Rl WKH PDMRULW\ RI WKH UHV
SURSRVHG UHOLDELOLW)\ DQDO\VLY DSSURDFKHY RU DOJI
JHQHUDOO\ XVHG ZLWK DVVXPHG VWDWLVWLFDO GDWD R
FDVH VWXGLHV ZLWK UHDO URFN PDVV SDUDPHWHU GDWD
DSSURDFKHV RU DOJRULWKPV ORUHRYHU SUHYLRXV Z
GHWHUPLQLVWLF FULWLFDO VWUDLQ XVLQJ WKH VWUDLQ
DVVHVVPHQW RQ XQGHUJURXQG FRQVWUXFWLRQ ,Q RWK
FRQVLGHU WKH XQFHUWDLQW)\ LQ WKH FULWLFDO VWUDLQ
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CHAPTER 3

A STUDY OF A PROBABILISTIC Q-SYSTEM USING A MARKOV CHAIN
MODEL TO PREDICT ROCK MASS QUALITY IN TUNNELING

3.1 Abstract

Uncertainties in rock mass conditions are mainly caused by the inherently
inhomogeneous nature of rock massAssessment of rock mass quality without
accounting for inherent uncertainty often leads to excessive conservatism in design and
construction, resulting in a negative effect on overall design and construction processes;
thus, accurate prediction of rock mass quality is critical to save project cost and time.
In this study, to advance rock mass quality assessment, a Q-based prediction model to
assess probabilistic rock mass quality has been proposed using the Markov chain
technique with quantitatively characterized uncertainties. Based on the Markovian
prediction model, the statistical distribution of the Q value has been derived from
arbitrary locations along a tunnel alignment using Monte Carlo simulations. The
predicted results derived using the proposed probabilistic prediction model have also
been compared to those obtained using the deterministic prediction approach. In
addition, an analytical approximation approach to deriving the statistics (mean,
standard deviation, and coefficient of variation) of the Q value given statistics of Q-
parameters has also been developed. In this study, the proposed prediction model and
analytical calculation approach were applied to a case study of a water tunnel and have
been validated by the actual Q valuecorded during construction. The proposed Q-
based prediction model is capable of assessing the rock mass quality of unexcavated
tunnel sections using a probabilistic approach, thus serving as a supplement to geologic
exploration and prospecting in planning and preliminary design stage. The proposed Q-
based model is also useful in evaluating excavation support strategies as well as
construction time and cost, providing decision support for the optimization of tunnel

design and construction.
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3.2 Introduction

Accurate prediction of rock mass conditions is a main focus in the underground
construction and tunneling industry (Haas and Einstein, 2002). However, most
subsurface rock mass conditions are not sufficiently known before construction. In
general, rock mass conditions have been mostly evaluated for the worst-case scenario
in traditional deterministic analyses, leading to biased conclusions since the inherent
uncertainty of the rock mass conditions is not considered, resulting in serious
construction delays and cost overruns of projects (Langford, 2013; Sousa and Einstein,
2012). In contrast, if this uncertainty is well modeled and analyzed before construction
start, it can help significantly reduce risks as well as project costs, providing proper
decision support for excavation-support strategies (Spackova, 2012).

Many geologic prediction techniques, such as geostatistical approaches and
Markov models, have been developed to assess geological uncertainty in tunneling and
underground construction (Chan, 1981; Chen et al., 2017; Ferrari et al., 2014; loannou,
1987; You and Lee, 2006). The Markov process approach is of particular interest
because geological processes can be well addressed by the Markov process (Chan, 1981;
Guan et al., 2012; loannou, 1987). Chan (1981) has shown that geological parameters
can be probabilistically predicted using the Markov Chain technique. In addition, the
Markov process approach has some advantages over semivariogram and
autocovariance-based geostatistical methods because a Markov chain model can be
implemented with limited data (less than ten boreholes) to simulate geological
uncertainty, whereas variograms or autovariance functions require a great amount of
data, e.g. more than tens of boreholes (Qi et al., 2016). Additionally, the transitional
probability used in the Markov process approach can be geologically interpreted more
easily than the variogram or autocovariance function, contributing to the popularity of
the Markov model (Carle, 2000; Elfeki and Dekking, 2001; Elfeki and Dekking, 2005;
Guan et al., 2012; Park et al., 2005; Ye and Khaleel, 2008). For these reasons, the

Markov process has been widely used for geologic predictions in diverse fields in
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geotechnical engineering (Bi et al., 2015; Elfeki and Dekking, 2001; Felletti and Beretta,
2009; Haas and Einstein, 2002; Min et al., 2008; Ruwanpura et al., 2004).

In the field of underground construction, the ground is often described behaviorally
and allocated a ground class based on the field observations (Stille and Palmstrém,
2003). However, as a descriptive and behavioral system, the documentation of ground
conditions in some ground classifications based on field observatieaa@eseem to
be very clear since the ground classifications rely largely on subjective observations
(Palmstrom and Stille, 2007). The rock mass is subjectively classified without a
numerical quality rating; in other words, the ground conditions are described
gualitatively (Bieniawski, 1989). In addition, a limited number of geologic parameters
and parameter states are generally used to characterize the ground conditions, which
may lead to inadequate evaluation of the overall rock mass conditions. For instance,
only two parameters (the N value in the standard penetration test and the percentage of
clay content) were used to describe geologic classes (Leu and Adi, 2011), and only two
fuzzy states (severe and not severe) were adopted to characterize weathering grades
(loannou, 1987). Thus, the importance of some geological input parameters in ground
classification seems to be ignored in current research and practice. Additionally,
interdependency or correlation among geological input parameters in ground
classifications is disregarded (Leu and Adi, 2011). Often, a ground classification is
determined by several case-dependent geologic parameters based on a specific
individual project. However, most of the aforementioned limitations of ground
classification can be overcome using a probabilistic Q-system.

The Q-systen? proposed by (Barton et al., 1974)the Norwegian Geotechnical
Institute (NGI) for the design of support in underground excava#iorsa quantitative
rock mass classification system. As an empirical method, the Q-system has been
developed based and updated on a large number of case histories and updates of global
tunneling projects and contains six parameters that are critical during underground
construction (Hoek, 2007). Each input parameter of the Q-system has several states

with different numerical values, which provides relatively complete descriptions of
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ground conditions (Hoek, 20Q7)hus, the Q-system as a quantitative rock mass
classification system has an advantage relative to the qualitative ground classifications.
In the Q-system, the numerical Q value can be calculated with individual ratings
assigned to each input parameter within its range according to the Q-equation (Barton
et al., 1974). Consequently, sensitivity analyses can be performed by investigating the
effect of each Q-parameter on the overall Q value by changing one parameter while
keeping the other parameters constant. The correlation among the Q-parameters can be
guantitatively characterized in the Q-equation. Furthermore, in the Q-based support
chart, several rock classes and possible support patterns have been defined with
extensive case histories and updates (Barton, 2002; Barton et al., 1974; Grimstad, 1993),
and a support pattern can be determined from the obtained Q value. Empirical rock
mass classification systems, including the rock mass rating (RMR), the Q-system and
the geological strength index (GSI), have inherent uncertainties (Palmstrom and Stille,
2007; Palmstrom and Stille, 2010). However, it is possible to probabilistically
characterize the uncertainties in the Q-system and to sphbeifgxcavation support
strategies using the Q-based rock classes in a probabilistic way.

The Q-system is advantageous over the ground classification in quantitatively
characterizing the rock mass conditions, which accounts for the inherent uncertainty
involved. Thus, in this chapter, a Q-based prediction model for rock mass quality is
proposed with the Markov process prediction approach by considering the uncertainties
in the Q-system. We have demonstrated that the proposed Q-based prediction model is
capable of the quantitative prediction of rock mass quality before tunnel excavations
with a probabilistic method, providing useful information not only for assessing
excavation support strategies but also for saving project time and cost in underground

construction and tunneling.
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3.3 Methodology
331 7KH ODUNRYLDQ SUHGLFWLRQ DSSURDEK

Markov process and Markov chain

The Markov process refers to a stochastic process that has a Markov property, and
the Markov chain is a special case of the Markov process with discresgB&at@amin
and Cornell, 2014). The Markov property, also named memoryless or single-step
memory, denotes that the probability of the future states of the process depends only on
the present state but not the past sequence of states (Benjamin and Cornell, 2014).
Tunnel geology can be viewed as a random process, and each geological parameter
follows a continuous-space and discrete-state Markov process (Chan, 1981; loannou,
1987). To be more specific, the spatial variability of geological parameters can be
characterized by transitions in and out of their parameter states, each of which has an
extent of persistence. Each particular geologic parameter is considered a scalar random
processX(t) whose state probability is a function of the distané®m an arbitrary
point, such as the tunnel portal (Chan, 1981; loannou, 1987). Thus, the Markov property,

or the single-step memory, can be expressed in mathematical terms as follows:
PIX(E D) X XD % Xit) Xl RXt) x| X3 % (3.1)
where X , X, X ,,... are the outcomes of the random variablgs,), X(t), X(t ,),... at
locationst ,t.t ,,.. (t,!t !t,!..) along the tunnel axis from the arbitrary origin,

respectively.

Elements of the Markov process

The Markov process is defined by three elements: the transition probability, the
transition intensity coefficient, and the interval transition probability of geological
parameters, all of which can be estimated with general geologic information of the
tunnel area (Chan, 1981; loannou, 1987). The transition intensity matortains the
transition intensity coefficienti@and the transition probability;jPand is useful in

predicting the state probability of geological parameters.
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ij

The parameteiP; denotes the probability that the next state of a geological
parameter ig given that the present stateiidt can be estimated as the ratio of the
number of transitions from the stat® the stat¢ to the total number of transitions out
of the state. The transition intensity coefficient bas a physical meaning of the
reciprocal of the extent of a geological parameter state, which indicates at what length
the parameter state will persist before a transition to other states takes place.

Both P;j andci can be estimated by statistical procedures if sufficient information
is availablan the tunnel area, including the geologic profile or the geologic map. If the
amount of available data is limited in practice, subjective judgments are required from
experienced experts who are familiar with the geology of the tunnel area. The Markov
process is assumed to be homogeneous within some areas that have the same geologic
history, in which the parametef andc are considered constant independent of
location (Chan, 1981; loannou, 1987).

The interval transition probability matri, the matrix of the interval transition
probabilityvi, is used to characterize the probabilistic behavior of the Markov process

X(t) over several transition intervals. It can be expressed as follows:
V) MO, v vt ) AX I X() i (3.3)
whereV(t,t) is the interval transition probability matrix, andt,t) is the interval

transition probability, denoting that the probability of the Markov proégswill be
in statg at locationt given that the current stateiiat locatiorto.
The interval transition probability(u) of a Markov process satisfies the forward

Kolmogorov differential equation, and the solution can be written as follows:
Vi ¢ | uA @/20dA .. /bR . (3.4)

wherel is the unit matrix and the distange t {,.
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State probability interpolation of a geologic parameter between boreholes

When imperfect observations are made at location-specific boreholes, the states of
the geological parameters can be described probabilistically. The state probability of a
geologic parameteX at a location between two boreholes can be calculated as shown
in Figure 3.1. The equation can be expressed as follows (Chan, 1981):

VXjk(ti t)Vij{t f1)
Vka(ti tll 1)

PIX() 1 AXt) B PX) K 35)

wherem and k are known states of the geologic paraméteast two observation
locations (e.g. boreholed), andt (t !t ), respectively. The location is an

arbitrary unknown point between these two observation locatigrend{, whose

state of the paramet&risj.

:> Excavated eee Unexcavated| eee Excavated

Tunneling direction

Location: li.1 { l;
State of parameter X: m(known) Jj(unknown) k(known)

Figure 3.1 Interpolation of the parameter state probability at an unknown location

As seen in Figure 3.1, the state probability of geologic paramfes¢idocationt
canbe interpolated given the state probabilities at two observation locétioasd,

according to Eqg. (3.5). The calculation procedure can also be similarly applied to the
interpolation of cells between other adjacent boreholes. Thus, the probabilistic state
profile of this geologic parameter could be calculated at any cells along the tunnel
alignment. Analogously, the probabilistic profile of other parameters can also be
obtained. By integrating these probabilistic profiles of all the parameters, the
probabilistic profile of rock mass classification can be derived accordingly. More
detailed explanations about the Markovian geological prediction approach are available
in reference papers (Chan, 1981; loannou, 1987).
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332 3UREDELOLVWLF URFN PDVV FODVVLILFDWLRQ EDVHG

In the Markovian geological prediction approach in Section 3.3.1, location-specific
information (e.g., exploratory borehole data) can be incorporated to predict the state
probability of geological parameters. The observation results of the geological
parameter states can be nondeterministic, e.g. because of imperfect exploration. In the
Q-system, the likelihood matrix of Q-parameters using a particular exploration method

(e.g., subsurface borehole and face logging) at a certain location can be defined as:
Lic(t) [l 1) PIY(E) K[ X(E) (3.6)
whereY (&) is the observation result of a Q-parameter state at lodafiX(t,) is the

true state of a Q-parameter at locattgin, ,) is the likelihood (or reliability) of the

observation resuk given that the true state of a Q-parametgrds locationt,, and

L, (t,) is the likelihood matrix of a Q-parameter at location

The likelihood matrix of each Q-parameter is estimated by on-site engineering
geologists ZKLFK UHOLHV RQ WKH UHOLDELOLW\ RI WKH HJ[
judgment. In practice, the likelihood matrix can vary due to the particular combination
of exploration methods and geologic parameters. The likelihood matrix is also a
function of location; however, for the purpose of simplicity, it is often assumed to be

constant.

333 ,PSOHPHQWDWLRQ SURFHGXUHV RI WKH SURSRVHG PI

The implementation procedures of the proposed model can be described as follows:

(1) Adapt state definitions, descriptions and ratings of Q-parameters to an individual
project.

The state definitions, descriptions and ratings of the Q-parameters have been
modified from Barton (2002) to individual project characteristics to establish transition
matrices of input parameters, as shown in Appendix A. For example, in cases where
squeezing and swelling are not expected to occur, SRF states characterizing these two
categorical features might not be included in the transition matrix for the parameter
SRF.
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(2) Estimate the transition probabili®f and transition intensity coefficient

The transition probability?; and transition intensity coefficied of each Q-
parameter state are used to construct the transition matrix, which was the input for the
Markovian prediction model. These parameters could be determined by the statistical
frequency calculation if sufficient geologic dataavailable in the project area, by
subjective judgment from on-site engineering geologists based on limited available data
or by a combination of both.

(3) Evaluate observation results and the likelihood of Q-parameters at particular
locations.

The observed state of Q-parameters can be evaluated by experienced experts at
particular locations. The likelihood of @DUDPHWHU VWDWHY ZKLFK UHIO
confidence level, can also be assessed by on-site engineering geologists.

(4) Interpolate the state probability of Q-parameters between particular observation
locations.

Based on Eq. (3.5), the state probability of Q-parameters can be interpolated
between two adjacent observation locations given the probabilistic descriptions
obtained from Step (3) at these known observation locations. If we repeat this procedure
to interpolate the state probability of the Q-parameters at all adjacent observation
locations, then the probabilistic profile for Q-parameter states can be derived along the
entire tunnel alignment.

(5) Integrate probabilities of Q-parameters to obtain the probability distribution of
the Q value.

Based on the Q-equation in Eq. (2.1), if we integrate the state probabilities of all
Q-parameters using the MCS technique at arbitrary locations, the probability
distribution of the Q value can be obtained. If we repeat this procedure at other locations
along the alignment, the probability distribution of the Q value can be generated along

the tunnel axis.
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334 $SSOLFDWLRQ WR D FDVH VWXG\

A water tunnel in western Canada, was selected for application of the proposed Q-
based prediction model. The tunnel7.2 km in length and located predominantly
within quartz diorite and granodiorite, with overburden varying from 185 m to 650 m.

It was excavated by an open-type hard rock tunneling boring machine with the diameter
of 3.8 m. The geological profile map is shown in Figure 3.2. In this case study, a tunnel
section with relatively homogeneous ground condition in quartz diorite formation with
1000 m length (from Chainage +1610 to +2610 m) was selected. The layout of the
tunnel section is illustrated in Figure 3.3. Actually, the entire tunnel section in Figure
3.3 has been excavated and the tunnel mapping data has been recorded. Due to the
limited availability of site investigation borehole data in this section, mapping data
collected during tunnel construction have been used for implementation and validation
of the proposed model. In this study, as can be seen in Figure 3.3, this section was
divided into two subsections: Subsection 1 with 400 m in length from Chainage +1610
to +2010 m and Subsection 2 with about 600 m length from Chainage +2010 to + 2610
m. Subsection 1 has been excavated and known exactly while Subsection 2 was

assumed to be unknown except for 13 observation cells (OCs).

Bedrock

River

185 m

Sediments

Steel Lining

eep Rock Tunnels
Steel Lining

a

v

<

7.2km

Figure 3.2 Geological profile of the tunnel project

Due to the stationarity of rock mass conditions in the etimnel section, the

transition intensity matrices of Q-parameters can be treated as constant. Thus, the
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actually recorded data set of the Q-system in Subsection 1 with 400 m in length was
used as input for establishing the transition matrix of the prediction model, while
Subsection 2 was used for testing the prediction performance by comparing the
predicted Q-results with the actually recorded ones in Subsection 2. In practice, the Q-
log mapping was performed every 5 m during construction in this tunnel sectiam, and
single numerical value was assigned to each Q-parameter and the overall Q value. For
the convenience of comparison between predicted and actually rec@roesiilts,
Subsection 2 was subdivided into cells with 5 m length for each cell. The total length
of Subsection 2 is 605 m and #lP1 cells are obtained with 13 OCs. TDE 1 is at
Chainage +2010~2015 m, which is the starting cell in Subsection 2. This cell was
considered as the reference starting point for the subsequent prediction. In other words,
OC 1 is the starting Cell 1 whifeC 13is Cell 61 in Subsection 2.

To investigate the effects of the input data, i.e. Q data in Subsection 1, on the
prediction performance, two additional scenarios, including the Subsection 1 with 200
m (Chainage +1610~1810 m) and 300 m (Chainage +1610~1910 m), have also been
conducted. The Subsection 2 with 600 m (Chainage +2010~2610) is used as the test
subsection to verify the prediction performance with input data obtained from
Subsection 1 with different length (200 m, 300 m and 400 m). The following section in
this chapter focuses on the results derived from the scenario with Subsection 1 of 400
m. The main results for the other two scenarios with Subsection 1 of 200 m and 300 m

are listed in Appendix D.

Subsection 1 Subsection 2
(400 m as model input) (600 m for test)
::> Known Assumed Assumed Assumed Assumed
<=+ |OC11 OCl13
Tunnel advance| (excavated) oct unknown 0c2 unknown 0c3 unknown 012 yunknown
(Not to scale)
Chainage (m) +1610 +2010 +2060 +2110 .- +2510 +2560 +2610
Distance (m) 0 50 100 e 500 550 600

Note: The tunnel section is in homogeneous quartz diorite, and has been excavated and known;
Subsection 1 for constructing prediction model, Subsection 2 for testing prediction performance;
OC1-13 are observation cells with actually mapped data, and each cell is 5 m in length.

Figure 3.3 Layout of observation cells in this tunnel section
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3.4 Results and discussion
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Probabilistic Profile of States of Q-parameters

The state definitions, descriptions and ratings for Q-parameters are shown in
Appendix A. Note that SRF states for squeezing and swelling rocks are not included in
Appendix A since these scenarios are not expected to be eneountére case study.

The transition intensity matrices of Q-parameters were calculated based on state
transition frequency calculations of Q-parameters in Subsection 1, as shown in
Appendix B. The observed states for Q-parameters at observation cells are shown in

Table 3.1. The likelihood matrices for Q-parameters are demonstrated in Appendix C.

Table 3.1 Observation cell locations and observed states

No. of | Chainage| Distance Observed states

cell (m) (m) RQD b x| =] W SRF
1 2010 0 4 5 4] 3 1 5
2 2060 50 3 5|14 3 1 5
3 2110 100 3 5 14| 3 1 5
4 2160 150 3 5|14 3 1 5
5 2210 200 3 5 14| 3 1 5
6 2260 250 4 3 4] 3 1 5
7 2310 300 4 5|14]| 3 1 5
8 2360 350 4 3 |14 3 1 5
9 2410 400 4 5| 5] 3 1 5
10 2460 450 4 4 | 4| 2 1 5
11 2510 500 4 3 |14 3 1 5
12 2560 550 4 3 |14 3 1 5
13 2610 600 4 3 14| 3 1 5

Combining the observed states at observation cells and the likelihood of Q-
parameter states, the imperfect observation results are described probabilistically at
these observation cells. Since the states for Q-parameters are discrete, the occurrence
probabilities of states for Q-parameters are, in fact, in form of probability mass
functions (PMFs). Based on the obtained transition intensity matrices of Q-parameters

and the probabilistic descriptions of Q-parameter states at these observation cells, the
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A Predicted RQD probability profile
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Figure 3.4 Predicted probabilistic state profiles of Q-parameters in Subsection 2: (A)
RQD; (B) &; (C) 4

35



(D) Predicted J, probability profile
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Figure 3.5 Predicted probabilistic state profiles of Q-parameters in Subsedi®n 2
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probabilistic state profile for each Q-parameter was predicted along the tunnel axis.
This calculation process was coded and performed using MATLAB sotfware based on
Eqg. (3.5). The obtained probabilistic state profiles of Q-parameters (RQR,H Jv

and SRF) are shown in Figure 3.5, respectively. As can be seen in Figure 3&ghere
greater variations in the predicted probability profiles of Q-parameteaad RQD

while the predicted probability profiles for other Q-parametersi(JJv and SRF) in
Subsection 2 are more stable, especialy for Q-parameteyao0tl SRF.

Probabilistic distribution of Q value

As the PMF of Q-parameter states has been obtained, the resultant PDF of the
overall Q value can be calculated using the MCS technique according to Eq. (2.1). In
this case study, the MCS simulation was carried out with 10,000 iterations using the
@RISK software. Figw3.6 illustrates an example of the obtained PDF and cumulative
distribution function (CDF) of the Q value at OC 3 (distance 100-105 m). The estimated
mean value is about 7.73 and the SD value is about 3.57 at the OC 3. Results also shows
that lognormal distribution is the best fit for the simulated distribution based on the
Bayesian Information Criterion (BIC). The BIC is calculated from the log-likelihood
function and takes into account the number of parameters of the fitted distribution, and
it is recommended for the distribution fit (Palisade Corporation, 2016). The comparison
of estimated statistics for the Q value between the MCS-simulated distribution and
fitted lognormal distribution is also shown in Fig8.6. Analogously, the statistical
distribution of the Q value can also be derived at other cells, and thereby the
probabilistic distribution of Q value can be obtained at any locations along the tunnel

alignment.

Probabilistic Profile of Q-based rock class

Given the statistical distribution of Q value, as shown in E88, the relative
percentage of Q-based rock class (RC) can be obtained at that cell. According to the Q-
based rock mass classification (Barton et al. 1974), B&Chgrein represenyood”
rock, ¥air " rock and oor” rock with Q values in the ranges of #0, 440, 14,

respectively. The probability profile of Q-based rock classes has been obtained along
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the tunnel section, as illustrated in Figure 3.7. At the beginning of Subsection 2, the
leading rock class is RC1 witlgyood” rock for about 20 m before its transition to RC2
with ¥air “rock. The RC2 dominates for about 200 m before its transition to RC1 at the
distance about 220 m, consistent with the changes of RQD, éam&é&tter quality rock
mass. After that, RC1 is mostly likely again for the remaining 380 m except locally

where RC2 is most likely at the distance of 400 m.

0.20
g
s Il Input
g i Mean  7.732
.5 ' Mode  =x6.819
= Median  7.418
= Std Dev  3.569
2 0.10
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;; Mean 7.722
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g Median  7.190
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0.00
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Q value

Figure 3.6 An example of the statistical distribution of MCS-simulated Q value at OC
3 (distance 100-105 m)
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Figure 3.7 Predicted probability profile of Q class in Subsection 2
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The Q-log mapping data has been actually collected during construction, and this
type of data set was used to compare with predicted results of the Q value for the
validation of the proposed prediction model. Since the ratings for each Q-parameter and
the overall Q value were recordadeach cell during tunnel mapping, the validation
can be performed by comparing predicted Q-parameter states, Q values and Q-based
rock classes with those actually collected during tunnel construction.

Comparison criterion of Q-parameter states

To test predicted results of Q-parameter states, the accuracy plot has been used
In the accuracy plot for predicted Q-parameter states, the horizontal axis indicates the
probability interval of predicted mostly likely outcome for each Q-parameter, which
can be obtained in Figure 3.5. The vertical axis means the proportion of the actually
recorded results in this interval in all cells of the Subsection 2. A perfect prediction
corresponds to the 1:1 line in the accuracy plot. Figure 3.8 and Figure 3.9 illustrate the
accuracy plots for the predicted RQD andid Subsection 2, respectively. The
probability interval is in unit of 10% in this case. Take the accuracy plot of RQD as an
example, in the interval of 0.8~0.9, the middle value of 0.85 is used. The number of
cells in which the predicted modal probabilities are in this interval of 0.8509 in
Subsection, as obtained in the predicted probability profile of RQD in Figure 3.5. Based
on the actually recorded RQD states in Subsection 2, there are 66 out of 79 cells where
the predicted modal outcomes correspond to the actually mapped states, giving the
proportion of true states about 84% in this interval of 0.8~0.9. The calculated proportion
value in certain probability interval reflects the actual prediction correctness in this
probability interval. Similarly, the proportion values in other probability intervals for
the predicted RQD and for other Q-parameters were also derived and the accuracy plots
have been obtained for Q-parameters.

The measures of prediction accuracy, including the RMSE (Root Mean Square
Error) and R (coefficient of determination), have also been derived in the accuracy

plots. It can be seen in Figure 3.8 and Figure 3.9 thaaRes for both predicted RQD
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Figure 3.8 Accuracy plot for predicted RQD
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Figure 3.9 Accuracy plot for predicteq J

and J are above 0.8 and RMSE values are around 0.1, indicating the relatively good
prediction performance. As can be seen in Figure 3.5, there are greater variations in the
predicted probability profiles for RQD and While a certain state is dominant in the
majority of Subsection 2 for other Q-parametgrsk, Jv and SRF). Actually recorded
results also reveal that the mapped state results for RQD, anel thore variable than

other Q-parameters in Subsection 2. The dominance of a certain state for other Q-
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parameters (JJ, Jv and SRF) is also observed in the recorded data during tunnel
mapping, indicating relatively high prediction accuracy for these parameters. Thus, the
prediction accuracy of the proposed probabilistic prediction model using the Markov
Chain techniqués relatively high based on the comparison criterion of Q-parameters.

Comparison criterion of the Q value

Different to the Q-parameters that are categorical variables, the Q-value is a
continuous variable, and the accuracy plot has been made using the symmetric intervals
centered on the cumulative distribution function median (Goovaerts, 2001). A series of
symmetricp-probability intervals (percentiles 0.1 to 1.0 in increments of 0.1) bounded
by the (1p)/2 and (19)/2 are used to construct the accuracy plot (Goovaerts, 2001).
An indicator function is used to assign a value of 1 if the true value falls within the
probability interval in a test location and O if the true values falls outside of the
probability interval. For example, if the-probability is 0.5, the corresponding
probability interval is 0.25~0.75. The number of t@ealues falling within the 0.5-
probability interval of the Q value, i.e. 0.25~0.75, can be calculated at each cell in
Subsection 2, and the proportion of true Q values in this probability interval can
accordingly derived. For a prediction model with high prediction accuracy, the
proportion in the probability interval should be close togle the accuracy plot. The

accuracy plot for the predicted Q value is shown in E§ut0.
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Figure 3.10 Accuracy plot for predicted Q value
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As can be seen in FigaB.10, the derived accuracy plot is very close the 1:1
line. The obtained Hs at a very high value of 0.99 and the calculated RMSE is as low
as 0.04. This indicates that the prediction accuracy is very high for the proposed
probabilistic prediction model based on the comparison criterion of the Q value.

Comparison criterion of Q-based rock class

As with Q-parameters, the accuracy plot for the Q-based rock class has also
been obtained by comparing the predicted probability interval for modal outcome with
the proportion of true states in that interval, as shiowfigure 3.11. The obtainedR
value is 0.92 and RMSE value is 0.07, indicating relatively high prediction accuracy of

the proposed prediction model based on the comparison criterion of Q-based rock class.
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Figure 3.11 Accuracy plot for predicted Q-based rock class

In addition, the accuracy plots for individual rock class have also been made.
As can be seen in Figure 3.7*& ZLWK 3JRRG™ URFN DQG *& ZLWK 3]
dominant in Subsection 2, and the accuracy plots have been generated for these two
dominant rock classes. Figure 3.12 illustrates the accuracy plots for GC1 and GC2,
respectively. Both plots reveal the relatively high prediction accuracy for individual
rock class, which agrees well with that derived from the accuracy plot for the predicted

overall Q-based rock class shown in Figure 3.11.
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Discussion on the validation of the proposed prediction model

7KH SURSRVHG 4 EDVHG SUHGLFWLRQ PRGHO KDV EHHQ Y
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ZDV FDUULHG RXW E\ FRPSDULQJ WKH SUHGLFWHG JUR:
SUREDELOLW\ ZLWK WKH UHDHDER Q VXW/@DIWRXMHX FODVV *
D Q4 JRU FRPPRQO\ XVHG URFN PDVV FODVVLILFDW

EHWZHHQ WKH SUHGLFWHG DQG DFWXDO URFN FODVV EL
XVHG WR WHVW WKH DFFXUDF\ RI WKH URFN PDVV FODVV
1LOVHQ SDYQMDN HW DO +RZHYHU WKHVH YDO
FRPSDULVRQV RI RYHUDOO URFN PDVV TXDOLW\ GHVFULE

[a—

(A)

=

Z 0.8

2

R=

o 0.6 A

=

R=

o 04 4

.S

5 02 | R2 0.96

S RMSE: 0.09

St

p-‘ 0 T T T T
0 0.2 0.4 0.6 0.8 1

Probability interval

B) 1

=
08 -
3
R=
@ 0.6
=
=
o 0.4 n
S
= R2: 0.98
%0-2 7 RMSE: 0.10
St
[a T

0 T T T T

0 0.2 04 0.6 0.8 1

Probability interval

Figure 3.12 Accuracy plot for predicted ground classes: (A) GC1,; (B) GC2
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EDVHG URFN FODVV $V WKH 4 VA\VWHP LV D TXDQWLWD)
QXPHULFDO UDWLQJV IRU HDFK LQSXW SDUDPHWHU WKH
E\ FRPSDULQJ LWV LQSXW SDUDPHWHU VWDWHY DQG WKH
DQRG DFWXDO UHFRUGHG UHVXOWY LQ DGGLWLRQ WR WK
SURSRVHG 4 EDVHG SUHGLFWLRQ PRGHO LQ WKLV VWX
FRPSUHKHQVLYH ZD\ WR FRPSDUH WKH SUHGLFWHG DQG I

,Q DGGLWLRQ WKH SUREDELOLVWLF SUHGLFWLRQ |
SUREDELOLVWLF IUDPHZRUN XVLQJ WKH DFFXUDF\ SORW
PRGHO HMDQ * XD QMWD O H/XD (b&E. WKH SUREDELOLV
SUHGLFWLRQV RI JURXQG FODVV RU JHRORJ\ FODVV ZHU
JURXQG WUXWK GDWD ,I| WKH SUHGLFWHG GRPLQDQW JUF
ORFDWLRQ WKHQ WKH SUHGLFWLRQ LV FRQVLGHUHG DFF
SUREDELOLVWLF SUHGLFWLRQV ZHUH HYDOXDWHG LQ D G
WKH SUHGLFWHG SUREDELOLVWLF PRGHO DUH QRW H[SOlI
LQ WKLV VWXG\ FDQ DGGUHVV WKLV LVVXH DQG FKDUDF
DFFXUDF\ RI WKH SURSRVHG SUREDELOLVWLF SUHGLFWLF
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Different sensitivity analysis techniques can be used to determine the sensitivity of
the output parameter to its input parameters, including one at a time sensitivity analysis,
differential sensitivity analysis, factorial design, importance factors and the sensitivity
index (Hamby 1994). Probabilistic sensitivity analysis can be performed in the MCS
process to determine the relative importance of input parameters in the Q-system using
the @RISK software. The tornado graphs generated from the MCS process show the
ranking of relative importance of the input distributions. Input parameters that have the
longest bars in the graph indicate that input distribution has greatest impact on the
output distribution.

Sensitivity analysis at one cell

Figure 3.13 illustrates the relative importance for Q-parameters in OC 3 in
tornado graphs ranked by 4 different criteria: i.e. the effect on output mean, the
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regression coefficient, the Spearman correlation coefficient and the contribution to
output variance, respectively. As seen in Figure 3.13, the rank of relative importance
for Q-parameters is different based on different ranking techniques. However, all the
tornado graphs indicate, in general, 3 and RQD are the most influential input
parameters whilenJ SRF and WJ are less significant. This is related to the state

probability assigned for each Q-parameter in OC 3.
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Figure 3.13 Rank of relative importance of Q-parameters at OC 3: (A) ranked by
effect on output mean; (B) ranked by regression coefficient; (C) ranked by Spearman
correlation coefficient; (D) ranked by contribution to variance

Sensitivity analysis in Subsection 2

The Q-parameter logging data has been collected during tunnel construction, and
the relative frequency histograms for these Q-parameters can be obtained in Subsection
2, as shown in Figure 3.17. The distribution of the Q value can also be derived using
the MCS technique based on statistical distributions of actually recorded Q-parameter
data based on the Q-equation Eq. (2.1). Figur® shows the obtained distribution of
Monte Carlo-simulated Q value and its best fit in Subsection 2. The distribution of
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simulated Q value is also well describedalbggnormal distribution. On the other hand,

the statistical distribution of the actually recorded Q value data during construction is
also obtained in Subsection 2, as shown in Figure 3.16. By comparing Figure 3.15 and
Figure 3.16, it is seen that statistics of MCS-derived Q value (mean of 12.96, standard
deviation of 6.78are close to those of the actually recorded Q values (mean of 13.34,
standard deviation of 7.10), indicating the effectiveness of the MCS technique in
characterizing uncertainty propagation from input parameters to the output. In addition,
the relative percentage of Q-based rock class was also compared for simulated and
actually recordd results, as illustratesh Figure 3.17. In general, the simulated and
actually recorded Q-based rock class results agree well with each other. It is also found
that good” and ¥air " rocks are dominant, covering more th&%@in total, for both
simulated and actually recorded Q-based rock classes. Thus, the MCS-derived rock
class percentage can also provide preliminary estimation of the overall rock mass

quality in the tunnel section before excavation.

Sensitivity analysis has also been carried out on the statistical distribution of Monte
Carlo simulated Q value in Subsection 2. Figure 3.18 depicts the tornado graphs
displaying the rank of relative importance for Q-parameters in Subsection 2. The
sensitivity analysis results show that RQD and J are more significant than other
input parameters in this case study. Parameteend RQD are most influential,
indicating greater uncertainties in distributions of these two input parameters, and this
also corresponds to the observed greater variations in the predicted probabilistic profile
of these two parameters in Figure 3.5. As can be seen in Figure 3.14, the histograms for

RQD and dare more dispersed than other Q-parameters, indicating greater variabilities.

Note that the more importance of the RQD anthXhe sensitivity results is
valid in this case study of the water tunnel project. The rank of relative importance for
Q-parameters can be different based on individual characteristics for different projects.
However, the sensitivity analysis in the MCS process provides a feasible method to
examine the impact of uncertainties in input distributions on the output Q value based

on different ranking criteria in a probabilistic way.
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Figure 3.15 Statistical distribution of MCS-derived Q value in Subsection 2
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Figure 3.16 Statistical distribution of actually recorded Q value in Subsection 2
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Figure 3.17 Comparison of rock class distribution between simulated and actual
results in Subsection 2
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Analytical approximation on statistics of Q value

The statistics of a product of several input parameters, including the mean,

standard deviation and coefficient of variation (COV), can be approximated using

Taylor expansions given those statistics of input parameters (Elandt-Johnson and
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Johnson, 1980). Since the Q value is the product of three quotients as shown in the Q-
equation in Eq. (2.1), statistics of the Q value can be accordingly calculated given
statistics of Q-parameters. In this section, an analytical approximate calculation
approach to deriving statistics of the Q value is proposed accounting for the
uncertainties in Q-parameters, and the derivation procedures are shown in Appendix E
in detail. It should be noted that for the derivation COV of Q value, it can either be
calculated as the ratio of SD to the mean of obtained Q value by definition, or derived
through the COV of Q-parameters. For the simplicity of calculation, all the Q-

parameters are assumed to be independent in this derivation process.
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Figure 3.18 Rank of relative importance of Q-parameters in Subsection 2: (A) ranked
by effect on output mean; (B) ranked by regression coefficient; (C) ranked by
Spearman correlation efficient; (D) ranked by contribution to variance

Comparison between analytical and simulated Q value

The relative frequency histogram for each Q-parameter has been obtained at
each cell in the tunnel section, and statistics for each Q-parameter has also been
obtained using the @RISK software. Given statistics of Q-parameters, statistics of the

Q value can be approximated using the developed analytical calculation approach. The
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Table 3.2 Comparison of Q statistics among analytical, simulated and actual results

Statistics of the Q value
Ccov
Calculated
Area Solutions Mea sSD Calculate| through
n d by COV of
definition Q-
parameters
Q'eq”a“‘;]” 1071 N/A N/A
Analytica approac
| solution Propos'ed
calculation | 13.21| 6.64 0.50 0.51
approach
2,000 145 93] 571 0.52
iterations
Subsectio _5’0(.)0 12.94| 6.74 0.52
n2 iterations ' ' '
MCS 10,000 145 95| .77 0.52
solution iterations
120,000 1 45951 678 0.52
iterations
130,000 14599 .84 053
iterations
Actually recorded Q valu( 13.34| 7.10 0.53
Q-equation | - o/ | N/ N/A
Analytica approach
| solution Propos_ed
calculation | 8.20 3.96 0.48 0.55
approach
3,000 | 525 357 0.46
ocC 3 iterations
(distance .5’090 7.74 | 3.59 0.46
100~105 iterations
m) MCS 10,000 1 52,1 360 0.46
solution iterations
120,000 ) 5241 361 0.47
iterations
30,000 | 500l 365 0.47
iterations
Actually recorded Q valu( 8.75 | N/A N/A

obtained statistics of the Q value amamglytical, Monte Carlo-simulated and actually
recorded results iI@C 3 and Subsection 2 are compared in Table 3.2, respectively. The
Q-equation approach in the analytical solution is also included, in which the mean of Q

value was calculated directly based on the Q-equation in Eg. (2.1) with the mean of
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each Q-parameter as the only input. In this Q-equation approach, only the mean value
rather than the standard deviation and COV of the Q value is calculated since the
dispersion (e.gSD and COV) of Q-parameters is not considered. In contrast, in the
proposed calculation approach, 8i@and COV of Q-parameters are taken into account,
and statistics (meagD and COV) of the& value have also been derived accordingly.

Note that onlya single value was given for the rating of the Q value during
tunnel mapping at OC 3, thus the standard deviation and COV are not applicable for
actually recorded results at OC 3. As can be seen in Table 3.2, the analytical, MCS-
simulated and actually recorded results in terms of the mean, standard deviation and
COV of the Q value are, in general, close in both OC 3 and Subsection 2. The generated
statistics in analytical and simulated solutions are smaller than that in actually recorded
results, but the differences are insignificant. With regard to the analytical solution, the
obtained mean valum the proposed calculation approach (13.21) is closer to the
recorded value (13.34) than that derived from the Q-equation approach (10.71) in
Subsection 2. In addition, the measure of variations (SD and COV) for the estimated Q
value can also be obtained in the proposed calculation approach, as shown in Table 3.2.
In terms of the MCS solution, it is seen that greater mean and dispersion of the Q value
are obtained with increased iterations. However, the differences are also limited,
meaning the effect of iteration runs on simulated results is insignificant in this case.

As mentioned above, the results derived from the proposed calculation approach
were close to MCS-simulated and actually recorded resul®Cir3. This analytical
approximation procedures can also be performed at other cells in Subsection 2. The
analytical approximation process has been carried out at all cells in Subsection 2.

Figure 3.19 shows the comparison of derived mean and standard deviation of Q
values between analytical and simulated results (3,000 iterations) in Subsection 2. The
comparison of COV for Q values is illustrated in Figure 3.20. It is shown that the
analytical means of Q values are very close to those of simulated ones along the section.
Compared to the mean values, the standard deviation and COV have greater variations

between analytical and simulated results. The analytical calculation results reveal less
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Figure 3.19 Comparison of the mean and standard deviation of Q values between
analytical and simulated results along Subsection 2
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Figure 3.20 Comparison of COV of Q values between analytical and simulated results
along Subsection 2

dispersion in the Q value than the MCS-derived results. The relative difference of
statistics of the Q value between analytical and simulated results along Subsection 2 is

demonstrated in Figure 3.21. The relative difference is calculated as the absolute
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difference between the analytical and simulated Q statistics divided by the analytical
values. It is seen that the relative difference of the mean is low between the analytical
and simulated results along Subsection 2 with the maximum value around 5%. In
contrast, the relative difference values for SD and COV are higher with the majority of
values below 10% and the maximum values around 20% locally. Overall, the
differences of standard deviation and COV results derived from the analytical
approximation and the MCS solutions are insignificant. Thus, the Q statistics estimated

along Subsection 2 using these two approaches agree well with each other.
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Figure 3.21 Relative difference of Q statistics between analytical and simulated
results along Subsection 2

Discussion on the comparison between analytical and simulated Q value

5HVXOWV VKRZ WKDW WKH SURSRVHG DQDO\WLFDO

SURYLGHV D KLJKHU DFFXUDF\ WKDQ WKDW RI WKH 4 HT
VROXWLRQ 7KLV LV EHFDXY® &2KH RSILY SHOUNLFRHOVHUV LV
FRQVLGHUDWLRQ LQ DGGLWLRQ WR WKH PHDQ YDOXH LQ
VKRZQ LQ WKH GHULYDWLRQ RI WKH VWDWLVWLFV RI WK
XQFHUWDLQW\ H[SUHVVHG E\ WKH VWDQGDUG GHYLDWLRG
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WKH PHDQ YDOXH DOVR KDV HIIHFWV RQ WKH VWDWLYV
SDUDPHWHUV RI WKH 4 YDOXH GHULYHG IURP WKH SURS
XVHIXO LQ SUREDELOLVWLF DQDO\VLY DQG UHOLDELOLW
JHQWRQ DQG *ULIILWKV +RHN 7KXV WKH SUR
UHIOHFWV WKH DFWXDO XQFHUWDLQW\ RU YDULDELOLW\ |
RU XQFHUWDLQW)\ RI WKH 4 YDOXH

7TKH VWDWLVWLFV RI WKH 4 YDOXH GHULYHG IURP WKH
VLPXODWLRQ DUH VPDOOHU WKDQ WKH DFWXDO UHFRUGH
WR WKH DSSUR[LPDWLRQ SURFHVV FDXVHG E\ 7TD\ORU HI[S
DQG WKH ORQWH &DUOR VDPSOLQJ IURP LQSXW GLVWUL
+RZHYHU LQ JHQHUDO WKH GLIIHUHQFHY DPRQJ WKH D
UHVXOWY DUH L QhéladoQrady df he&aatimatédXxasult$\using the proposed
analytical calculation approach and the MCS technique has been validated by actually
recorded Q value. The MCS technique is capable of providing a complete probability
distribution of the estimated Q value and associated statistics, and its advantage in
describing the uncertainty propagation in rock mass classifications has also been
reported in literature (Bedi, 2013; Cai, 2011; Panthi, 2006; Sari, 2009; Sari et al., 2010).
Thus, the MCS technique can be helpful in providing good estimates of the actual rock

mass quality and associated uncertainties in tunnel sections before construction.

345 (IITHFWV RI WKH FRUUHODWLRQ EHWZHHQ 4 SDUDPHW!

Correlation between ROD and J

A correlation betweeRQD and volumetric joint frequenc{ was reported by

Palmstrom (2005), and can be described as:
RQD 110 2.5 4 & 44) (3.7)

The volumetric joint frequency® can be expressed as (Palmstrom and Stille, 2010):

1Ly N
o 10 3 (3.8)

il
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wheres is the mean joint set spacing in meters ofi#tjeint set;N is the total number
of joint sets; andN; is the number of random joints.

It is seen thaRQDis negatively correlated to the volumetric joint frequeidty
from Eqg. (3.7) and that® is positively correlated to the total number of joint $¢ts
from Eq. (3.8). Combining these two equations, it is obtainedRdR is negatively
correlated to the number of joint sétswhich is consistent with the rating ofid Q-
system. Therefore, it is concluded tREDis negatively correlated t@.J

Effects of correlation between RQD andd O value

The effects of correlation coefficients between RQD amahXhe Q value i©C
3 and Subsection 2 are shown in Table 3.3. It is shown that the stronger the negative
correlation between RQD angl the largethe statistics (mean, standard deviation and
COV) of the Q value. This reveals that the variation in the Q value may be under-

estimated if the correlation is not modeled.

Table 3.3 Effect of correlation between RQD andrstatistics of Q value

I ; Statistics of Q value
Correlation coefficient iCi
Area between RQD and Jn| Mean Staf‘df"“d C(\)/ezgligt(ieg; o
Deviation (COV)
-1 13.62 8.29 0.61
-0.75 13.43 7.85 0.58
Subsection -0.5 13.26 7.45 0.56
2 -0.25 13.10 7.15 0.55
0 12.95 6.77 0.52
Recorded Q value 13.34 7.10 0.53
-1 7.87 4.08 0.52
oc3 -0.75 7.83 3.94 0.50
(distance -0.5 7.81 3.81 0.49
100~105 -0.25 7.76 3.71 0.48
m) 0 7.75 3.62 0.47
Recorded Q value 8.75 N/A N/A

The statistics of actually recorded Q value in Subsection 2 are also listed in Table
3.3 for comparison. It is found that the statistics of actually recorded Q value (mean of
13.34,SD of 7.10, COV of 0.53) are within the range of Q statistics derived from
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simulated results with different correlation coefficients (from 0 to -1). In contrast, the
scenario inOC 3 is different. The recorded Q value is larger than any simulated mean
of Q values considering different correlation coefficients. This may be due to the

smaller variations in parameters RQD anthJOC 3, as can be shown in Figure 3.4.

346 (IIHFWV RI GLVWULEXWLRQ W\SHV RI 4 SDUDPHWHUV

Distribution pattern of Q-parameters

Based on collected data of Q-parameters, statistical distributions of Q-parameters
can be obtained and fitted with probability distribution models. Table 3.4 summarizes
probability distributions of Q-parametens literature. In this case study, the RQD
parameter is relatively important based on the sensitivity analysis results and can be
well fitted bya continuous probability distribution. Thus, the parameter RQD is taken
as an example, and th#ect of RQD distribution on the Q value has been investigated
As seen in Table 3.4, RQD can be characterized in forma redrmal, lognormal,

exponential, or triangular distribution in the MCS process.

Table 3.4 Summary of distribution of Q-parameters

Q-parametel Distribution patterns Literature
Exponential uUHQ DQG .D]L 7TDYDNRO
P Onsel et al. 2011;Esfahani and Asghari 2013
Normal 3DQWKL uHQ
RQD Wines and Lilly 2001; Panthi 2006; Onsel et
Lognormal
2011
Triangular Bedi 2013
Jn Triangular Panthi 2006; Panthi and Nilsen 2010
Normal Beer et al. 2002; Panthi 2006; Andrade and
] Saraiva 2008; Panthi and Nilsen 2010; Cai 2
' Lognormal Panthi 2006
Triangular Bedi 2013
Normal Panthi 2006; Panthi and Nilsen 2010; Cai 20
J Lognormal Panthi 2006
Triangular Bedi 2013
Jw Triangular Panthi 2006
SRF Triangular Panthi 2006
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The recorded RQD data from tunnel mapping, and the statistical distribution can
be described in form @thistogram with statistics estimated using the @RISK software.
These statistics, including min, mode, mean, max and standard deviation, derived from
the histogram can be used to define probability distribution models under different
assumptions. To investigate the effect of distribution pattern of RQD on statistics of Q
value, the normal, lognormal, exponential and triangular distributions, were adopted
based on summarized RQD distribution types in Table 3.4 in comparison to the actual
relative frequency histogram. Meanwhile, histograms for other Q-parameters are also
used in the MCS process. To be more specific, in the scenario of Subsection 2, the
relative frequency histograms based on actually collected data are adopted for other Q-
parameters in the MCS simulation. In OC 3, predicted PMFs for other Q-parameters
using the proposed prediction model were used in the MCS simulation. The MCS
simulations were performed with 10, 000 iterations using the @RISK software.

Effects of distribution types of ROD on Q value

Table 3.5 compares statistics of simulated Q value with different assumptions of
RQD distribution patterns in both OC 3 and Subsection 2. The actually red@rded
value during tunnel mapping is also included for comparison. It is found that the
simulated results with RQD histogram are closest to actual results in Subsection 2,
followed by those with normal distribution and lognormal distribution. This is because
the RQD histogram was derived from the actually recorded RQD data in the tunnel
section. The distribution fitting results also show that normal and lognormal
distributions are good fits for the RQD histogram, and this is why simulated scenarios
with these two distribution assumptions also generated close results to the actual results.
The RQD histogram based on the actually recorded RQD data is shown in Figure 3.22
with the normal distribution fit. By contrast, greater deviations were observed between
actually recorded results and simulated ones with triangular and exponential
distributions of RQD, indicating these distribution types are not good fits in this case.

In the scenario of OC 3, as shown in Table 3.5, similar results can be observed in

scenarios with the normal, lognormal and triangular distributions compared to the
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scenario with the relative frequency histogram of RQD. This may be related with the
characteristics of RQD histogram at OC 3. As can be seen in Figure 3.5, the estimated
probability for state 3 (RQD: 50~75) of RQD parameter is 90%, and the probabilities
for state 2 (RQD: 25~50) and state 4 (75~100) are both 5% at the OC 3. Due to the
single peak characteristic of state 2 in the relative frequency histogram of RQD at OC
3, the differences of the goodnedsfit for normal, lognormal and triangular
distributions are limited and thus similar results have been generated using these

distributions in this case study.

Table 3.5 Comparison of Q value between simulated and actual results with different
RQD distributions

Statistics of Q value
Distribution pattern Coefficient of
Area of RQD Mean gé%?;?gg Variation
(Cov)
Histogram 12.96 6.78 0.52
Normal distribution | 12.76 6.54 0.51
g.oghgr;ha' 12.68 6.49 0.51
Subsection IStrbu |Ion
2 Triangular 10.33 6.29 0.61
distribution
Exponential 10.59 5.94 0.56
distribution ' ' '
Actually recorded
value 13.34 7.1 0.53
Histogram 7.74 3.64 0.47
Normal distribution 7.76 3.63 0.47
oc3 Lognormal 7.72 3.55 0.46
(distance distribution
100~105 Triangular 7.12 3.86 0.54
m) distribution
Exponential
distribution 6.81 3.94 0.58
Actually recorded
value 8.75 N/A N/A
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Figure 3.22 Statistical distribution of actually recorded RQD data in Subsection 2 and
normal distribution fit
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The proposed Q-based prediction model provides a framework for predicting rock
mass quality using the Markov Chain technique in the planning and preliminary design
stage of underground construction. The probability distributions of rock mass quality
can be predicted along the tunnel alignment before tunnel excavation based on site
investigation data, including the rock mass quality data in the regamal and
location-specific exploration boreholes. Note that the availability of Q data in the tunnel
area and boreholes are limited in this case study. In view of this, the Q data collected in
Subsection 1 of the excavated tunnel section was used as the input for the prediction
model, and Subsection 2 of the excavated tunnel section has been used as the test section,
considering the ground stationarity of the selected tunnel section. The proposed
probabilistic prediction model should also be applied to tunnel cases with Q data
available from the tunnel area and boreholes in the site investigation stage to test
prediction robustness. In addition, as reported by some researchers (Bieniawski, 1989;
Palmstrom and Stille, 2010), it is recommended to use more than one rock mass

classification (e.g. RMR, Q-system, GSI) in tunnel design for comparison. Thus, the

59



extension of the probabilistic Q-based prediction model to other rock mass
classification systems such as RMR and GSI should be incorporated into future work
Further, the proposed prediction model should be updated based on new rock mass
quality data available during tunnel construction, and Bayesian updating technique or
equivalent can be used. It should also be noted that the selected tunnel section from the
water tunnel case study is in relatively stationary ground conditions. In a tunnel with
heterogeneous and complex geologic conditions, the tunnel section can be divided into
several relatively stationary subsections, and the Markov Chain-based prediction model
can be implemented in relatively stationary subsections. The proposed prediction model
should be applied to tunnel cases with more variable geologic conditions to test its
prediction performance for further study. Nevertheless, the proposed prediction model
enables the prediction of probabilistic distributions of rock mass quality along the
tunnel alignment before construction with a relative high prediction accuracy in this
case study, thus providing a supplement to the geology exploration and prospecting in

the planning and preliminary design stage of underground excavations.

3.5 Conclusions

The probabilistic distribution of rock mass quality Q index in the unexcavated
tunnel sections has been predicted before excavation by a Q-based prediction model
using the Markov chain technique. The proposed prediction model has been applied to
selected sections of a water tunnel for the purpose of validation. The predicted
probabilistic results of Q-parameter states, Q values and Q-based rock classes were
compared with those recorded during tunnel construction. The average prediction
accuracy for the predicted reswitss relatively high based on the accuracy plots in
comparison to the actually recorded Q data, indicating the effectiveness of the proposed
prediction model.

In addition to Monte Carlo-simulated results, an analytical calculation approach
for approximating the statistics of the Q value has also been developed given the

statistics of Q-parameters. The statistics of Q values estimated from the analytical
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calculation approach were also compared to the MCS-derived and actually recorded Q
results, and the comparability among these results was cedfirm

Probabilistic sensitivity analysis was also carried out in the MCS process and the
relative importance of Q-parameters was ranked in tornado graphs based on four
different ranking criteria. All the ranking criteria show similar sensitivity results with
J» and RQD being most influential, in consistent with the greater variations in the
predicted probabilistic profile of,&nd RQD compared to other Q-parameters.

Moreover, the negative correlation between RQD arths been presented, and
the estimated mean and dispersion of the Q value would be underestimated if the
correlation was neglected. The effects of distribution for RQD on the Q value have also
been examined. The normal distribution was a good fit for the actually recorded RQD
data in this case study, and the generated Q value under this normal assumption of RQD
agreed well with the actually recorded Q results during tunnel construction.

The proposed Q-based prediction model is capable of quantitatively predicting
rock mass quality in the unexcavated tunnel section using a probabilistic approach and
can be used to complement geology exploration in the planning and preliminary design
stages of tunnel projects. It can also be helpful in probabilistically evaluating excavation
support strategies as well as the construction time and cost, thus contributing greatly to

decision support for the tunnel design and construction.
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CHAPTER 4

MONTE CARLO SIMULATION (MCS)-BASED UNCERTAINTY ANALYSIS OF ROCK
MASS QUALITY Q IN UNDERGROUND CONSTRUCTION
Modified from a paper published dournal of Tunneling and Underground Space Technology

Hui Lu, Eunhye Kim, Marte Gutierrez

4.1 Abstract

Uncertainty in rock mass quality as it pertains to tunnel design is due largely to the inherently
heterogeneous nature of rock masses. Traditional deterministic methods for the assessment of rock
mass quality are based on a limited understanding of this inherent uncertainty, which results in
adverse effects on the overall design and possibly on the performance of the structure. To address
this problem, a Monte Carlo simulation (MCS)-based uncertainty analysis framework is proposed
to probabilistically quantify uncertainties in the rock mass quality assessment by the rock mass
classification Q-system. The proposed framework has been successfully implemented in a
highway tunnel case study. The probabilistic distribution of the Q wa#seobtained using the
MCS technique with the relative frequency histograms of Q-parameters, wésdhen used to
assess rock mass properties and responses with appropriate empirical correlations. The
probabilistic estimates of rock mass properties were also adopted as the inputs for a finite element
model for the probabilistic evaluation of excavation-induced tunnel displacement. In addition, the
probabilistic sensitivity analysisas conducted in the MCS process to rank the relative importance
of Q-parameters based on criteria OfIHJUHVVLRQ FRHIILFL FOQ& sorredafichD UP D Q
coefficients, contributions to variance and effects on output mean. The negative correlation
between Rock Quality Designation (RQD) arevas also presented, and its effects on the Q value
and associated rock mass parameters have been investigated. Moreover, the effects of the
distribution types of uncertain input parameters in the Q-system have also been examined. The
proposed framework is capable of systematically assessing the uncertainty in the rock mass quality
measure before tunnel construction as well as providing insightful information for the probabilistic

evaluation of the ground response and support performance of underground structures.
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4.2 Introduction

Rock mass classification systems have been widely used to provide a quantitative assessment
of rock mass quality and guidelines for engineering design (Palmstrom and Stille, 2010). Empirical
rock mass classification systems, including the rock mass rating (RMR), rock mass quality Q-
system, and geological strength index (GSI), have inherent uncertainties (Palmstrom and Stille,
2007; Stille and Palmstrom, 2003). For example, in the Q-system, the joint characterjskics, J
and especiallyn) in addition to the RQD, are prone to mischaracterization (Palmstrom and Broch,
2006). The traditional deterministic analysis methods, which are based on ground characterization
and rock mass classification, disregard the inherent uncertainties in the rock mass itself and thus
may cause conservative estimates to be used in the design and construction phases that inflate the
costs of underground construction (Guan et al., 2014; loannou, 1987).

The Q-log chart is commonly used to record the statistics of all the input parameters in the Q-
system for the field mapping of surface exposures, core logging or underground excavation
logging (Barton, 2002). The mean, mode and the range interval of each input parameter are
estimated based on the collected Q-log data, and these statistics for the overall Q value could be
calculated using an interval analysis. However, Panthi (2006) reported that the mean and range
values have poor statistical properties and are sensitive to extreme values. A Q-log example from
a case study showed that the typical Q value ravegpe0.008400 with a mean value of 4.44
(Morelli, 2015). This cautious estimate of the range covers several rock classes, from exceptionally
Yoor” to Extremely good, and the mean value indicates that the rock ma3aiis on average.

Bedi (2013) also reported that the lack of information on intervals could cause difficulty in
decision-making, as exemplified by the wide range of the calculated Q interval. In addition, if the
uncertainties and variabilities in the rock mass classifications are insufficiently characterized, they
may propagate through the design process and have an adverse impact on the groundmedsponse a
tunnel support performance (Baecher and Christian, 2003; Langford, 2013).

However, probabilistic analysis, which encompasses the complete probability distribution of
the rock mass parameters, is capable of adequately characterizing the uncertainties in rock mass
conditions. The probabilistic rock mass quality can capture the intrinsic and subjective variability
of the rock mass conditions and has a significant influence on the probabilistic design in
underground construction (Cai, 2011). Once uncertainties in the Q-system are quantified

probabilistically, probabilistic estimates of the rock mass properties can be made through a forward
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uncertainty analysis based on the empirical relationships. The derived probabilistic rock mass
properties can be used as the inputs for a probabilistic analyses using numerical modeling, in which
the rock mass response and design performance can also be evaluated probabilistically. Sari (2009)
developed the probability distributions of the RMR and GSI based on probabilistic descriptions of
the discontinuities and intact rock properties using Monte Carlo simulation (MCS) and derived a
probabilistic estimate of the rock mass strength and deformability properties. Cai (2011) analyzed
GSI from probabilistic evaluations of the joint characteristics in field mapping and performed a
probabilistic analysis of tunnel and cavern stability which considered the variability of the rock
mass parameters and in situ stress.

Similarly, Tiwari et al. (2017) estimated the rock mass parameters from the GSl in tunnel case
studies and used them to assess the uncertainty in the yield zone and tunnel displacement. Idris et
al. (2015) quantified the deformation modulus of a rock mass at the Laisvall mine based on the
probabilistic distribution of GSI and adopted it to evaluate the pillar stability using numerical
simulations. Bedi (2013) developed the probability density distribution (PDF) of the Q value in
the Gjovik cavern using the MCS technique based on triangular PDFs of Q-parameters.

However, no attempts in the past research have been made to consider the relative importance
of the input parameters in the probabilistic Q-system. Additionally, the majority of studies fail to
take into account the interdependencies between uncertain Q-parameters and the effects of the
distribution types of the Q-parameters. In this chapd®@ MCS-based uncertainty analysis
framework for the Q-system has been proposed. By conducting the MCS, the probabilistic
sensitivity analysis has been used to investigate the impact of the input parameters on the Q-system
and associated rock mass parameters. The effects of the correlations between input parameters and
the effects of the input parameter distribution types on the Q value and associated rock mass
properties and responses have also been examined. The proposed MCS-based uncertainty analysis
framework for the Q-system is described in detail in Section 4.3, in which the MCS-based
stochastic model of the rock mass quality Q and the uncertainty analysis of the probabilistic Q-
system are introduced. The framework has been implemented in a case study of the Shimizu
highway tunnel in Japan for illustrative purposes. The results and discussion on the case study are

in Section 4.4, followed by the major conclusions in Section 4.5.
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4.3 Methodology
431 6WRFKDVWLF PRGHOLQJ RI WKH URFN PDVV TXDOLW\

ProbabilisticQ value from Monte Carlo simulation

The MCS is a stochastic simulation method where the distribution of possible outcomes is
produced from different randomly sampled sets of values from the probability distributions of the
input parameters. The probability distribution is specified for each input parameter, and the
randomly selected input values are used to simulate a wide range of possible output values
(Palisade Corporation, 2016). The disadvantages of MCS are that it requires substantial
computational resources, along with explicit probability distribution functions for the input
variables (Cai, 2011). For a more comprehensive description of MCS, the reader can refer to the
literature (Gentle, 2013; Law et al., 1991; Vose, 2008).

The Excel add-in program @RISK is an advanced statistical risk analysis system that
implements MCS in a standard spreadsheet package, in which the uncertainty in the input
parameters can be explicitly characterized to produce outputs that describe all the possible
outcomes (Palisade Corporation, 2016). It allows the definition of different types of continuous
and discrete probability distributions for the input parameters in the spreadsheet, and it is capable
of making a best-fit for the available data as well as generating statistics for the data and the fit
curve. The @RISK program enables stochastic simulation using both Monte Carlo and Latin
hypercube sampling techniques for any number of iterations per simulation and any number of
simulations in a single analysis (Palisade Corporation, 2016). For the Monte Carlo sampling,
samples are more likely to be drawn from the areas of the distribution that have a higher probability
of occurrence due to its entirely random feature. Clustering becomes an issue when a distribution
includes low probability outcomes, which could have a major impact on the results, especially
when a small number of iterations are carried out.

In contrast, the Latin Hypercube sampling requires fewer iterations due to the use of stratified
sampling from the input probability distributions. Stratification divides the cumulative density
function (CDF) of the input parameter into equal intervals, and a sample is then randomly selected
from each interval or stratification of the input probability distribution. Sampling thus draws
representative samples from each interval, which then recreates and more accuratelyheeflects
input probability distribution. Compared with traditional Monte Carlo sampling, Latin hypercube

sampling provides increased sampling efficiency and faster runtimes due to fewer iterations. The
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Latin hypercube sampling also aids the analysis in situations where low probability outcomes are
represented in the input probability distributions (Palisade Corporation, 2016).

In the Q-system, all the input parameters can be regarded as random variables. The
variability of the input parameters can be described hy thkative frequency histograms, which
can be accessed from the Q-histogram logging data by drilled core logging, exposed outcrop
mapping, and tunnel mapping. When the statistical distributions are developed for the six input
parameters, the distribution of the Q value can be calculated according to Eq. (2.1) using MCS
with Latin hypercube sampling in the @RISK program. The Q-input parameter values are
randomly sampled from their distributions, and the probability distribution of the Q imlue
generated from the simulation runs. A statistical analysis can be performed on the probability
distribution of the Q value that is produced, and the statistics for rock mass quality can be derived.
Probabilistic evaluation of the rock mass properties and responses

Once the probability distributions of the Q value and other input parameters have been
determined, the rock mass properties and responses can be similarly characterized probabilistically
according to empirical equations using the MCS with the @RISK program. Table 4.1 and Table
4.2 list the empirical correlations between the Q value and the rock mass properties and responses
respectively. The parameters that must be calculated for the rock mass responses include the
displacement and plastic zone radius of the underground opening; based on Hoek and Marinos
(2000), the Duncan Fama (1993), and the Barton (2002) approach, are introduced. Note that the
Q-based empirical correlations for evaluating the rock mass responses only serve as a preliminary
estimation. These empirical correlations were either derived using several simplified theoretical
assumptions or obtained from the databases of different case histories. For a more reliable and
accurate assessment of the rock mass responses of underground excavations, a numerical analysis
should be conducted.

Probabilistic analysis of the rock mass response with numerical modeling

Once the probability distributions of the rock mass properties have been determined, they
can be used as the inputs for a numerical model to evaluate the rock mass responses. To achieve
this, a finite element method (FEM) or a finite difference method stress analysis may be performed,
taking the variability of the input parameters into account and including the rock mass properties
and the in situ stress (Cai, 2011). To calculate the probability distributions of the tunnel response

parameters (e.g., the tunnel wall displacement or the radius of the plastic zone), either an MCS or
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the point estimate method (PEM) (Rosenblueth, 1981) can be used for numerical analysis. The
RS2 FEM program is capable of performing probabilistic analysis using MCS with both Monte

Carlo, Latin Hypercube sampling and PEM techniques. The MCS and PEM techniques can be
used to probabilistically characterize the uncertainties in input parameters of the numerical model.

Table 4.1 Empirical correlations based on the Q value for estimating rock mass properties

Equati . .
Parameters q;a on Empirical equations Source
0.
4.1 =25log Q(Q 21) Grimstad and Barton 1993
4.2 =10(Q ﬁ)z Barton 1996
Deformation modulus a0 070
43 E, =100t Barton 2002
44 | E,=Eexp08625log0-2.875)  Ramamurthy 2004
Rock 45 | o,- 7V£QE(Q >10) _
mass Singh et al. 1997
. 4.6 7 3 10
properties Compressive strength = VQ (Q = )
4.7 Barton 2000
100
48 | o, =0,exp(0.6log0-2) Ramamurthy 2004
) ROD, 1 o,
Cohesion 4.9 €, =( -
Jn__SRE_100 Barton 2002
Friction angle 4.10 4, =t (L")

Table 4.2 Empirical correlations based on the Q value for estimating rock mass responses

Equati .. ,
Parameters q;a on Empirical equations Source
0.
Hoek and Mari 248y ]
O AT V0N 411 | 0=5,00.002-00025 2 %) " # T THoek and Marinos 2000
approach 1 )/ )
4.12 ,e:—’O(E“)(po—p_.)
GRC approach (1+ ) . Duncan Fama 1993
Displacement 413 ju,=———[20-)p,-p, )( ) -2y~ )
Rock
mass 414 v =f1(;‘(’)1N .
Barton approach Q Yo, Barton 2002
responses 415 o HEIGHT o,
' " T1000 Yo,
; Z-057)
, Hock and Marinos| - (| %o _ 1 550,625 Zaxy» | Hock and Marinos 2000
Plastic zone approach A " D
i 2p,(k-D+ao -
radius GRC approach 4.17 = (pok=Dto, G Duncan Fama 1993
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The PEM is capable of combining probabilistic input parameters and evaluating the
probability distribution of the output variables. In the PEM, several estimation points are sampled
to calculate the possible values of the outcome, and proper weights should be assigned to obtain
an approximation of the probability distribution for the output variable (Baecher and Christian,
2003). The two-point estimate is commonly used, and the evaluation points of an input variable
are located at one standard deviation above and below its mean. The probabilistic input parameters
are often assumed to be uncorrelated and to follow a normal distribution for the sake of simplicity.
Compared to an MCS, which requires a large number of simulations and thus is computationally
expensive, the PEM needs much less computational effort,"iso|Wions, to find the mean and
standard deviation of the output variable, where n is the number of input variables. The main
limitation of the PEM is that it is only suitable when the variables follow a normal distribution
(mean and standard deviation). If either the input or output variables differ from a normal
distribution, the approximation obtained by using the PEM will lead to inaccuracies.

For PEM-based probabilistic modeling in RS2, the normal distribution is assumed for all the
uncertain input and output parameters, and the mean and standard deviation from the estimated
distributions of the rock mass properties are used as the inputs for numerical modeling. For the
MCS model, the distribution types of the rock mass parameters are derived from the best fit
distribution for each parameter, while the statistical values, such as the mean, standard deviation,
min, and max, are estimated from the actual relative frequency histograms which are used for the
Q-parameters. After performing the numerical calculations and interpretations, the statistics (mean,
standard deviation) of the rock mass response parameters can be obtained at arbitrary points in the

model based on a certain number of iterations.
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Probabilistic sensitivity analysis in the Q-system

The sensitivity analysis of the Q value to its input parameters can be conducted in the @RISK
program. The sensitivity analysis results are shown using tornado graphs that display the rank of
the input distributions relative to the impact on the output distribution. Inputs with the largest
impact on the output distribution have the longest (and topmost) bars in the graph (Palisade
Corporation, 2016). Four tornado graphs in @RISK are commonly used for ranking the relative
importance of input parameters: the regression coefficients, the Spearman correlation coefficients,

the contribution to output variance, and the effect on output mean. For the tornado graphs showing
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regression coefficients or Spearman correlation coefficients, the length of the bar shown for each
input distribution is based on the coefficient value calculated between the output and the input
parameter. It should be noted that the regression coefficient describes the size of the effect each
input has on the output. In contrast, the correlation coefficient indicates whether increasing the
input generally increases or decreases the output and how consistent that trend is, but it tells
nothing about the strength of the influence. In the @RISK program, the regression coefficient for
an input variable shown on a tornado graph is the scaled value normalized by its standard deviation
and the standard deviation of the output, which also reflects the impact of the input parameters on
the output. For tornado graphs showing the contribution to variance, the length of the bar is the
amount of change in the output attributable to each input. These values are calculated during the
regression analysis. Unlike a regression coefficient, this measurement is unaffected by the
magnitude of the input. In the tornado graph, to visualize the effect on the output mean, the double-
sided tornado has one bar for each selected input. The output means are calculated for the output
values in each iteration as the input varies over its range.

In the tornado graphs, the numbers shown at the two ends of a bar graph describe the calculated
values for the different ranking techniques used during the simulation process. Note that the
numbers at the two ends of the double-sided tornado, showing the effect on the output mean, are
the means of the output variable from the iterations with the lowest and highest 10% of input
values, respectively. The rank of the input parameters is based on the range between the highest
and the lowest mean value caused by that input parameter, i.e., the length of the bar. The regression
coefficient and the percentage contribution to variance are obtained based on a stepwise multiple
regression, an iterative process where input variables are entered into the regression sequentially.
6SHDUPDQYY FRUUHODWLRQ FRHIILFLHQW toxeF @fakiod,D WHG
which works well for linear or nonlinear correlations. In addition to the tornado graphs, @RISK
also provides a spider graph of input parameters which show how the output mean value varies
with an increase in the input parameter across its range. The steeper the gradient of the trend line
is, the greater the effect this input parameter has on the output. A spider graph shows more
information than a tornado graph, when used to describe the effect on an output mean, since the
spider graph shows the rate of change for the input parameters while only the overall range of the

output is shown in the tornado graph.
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Correlation between input parameters in the Q-system
As mentioned in Section 3.4.5 in Chapter 3, the correlation between RQP leaslhken

previously documented, and the effect of the correlation on the Q value can be studied. The
Spearman rank-order correlation coefficients between RQD awdnlbe specified at values
between -1 and 1 in different scenarios using the correlation matrix function in the @RISK
program. The probability distributions of the Q values and the statistics generated under the
different simulation scenarios can then be compared. Since the rock mass properties and responses
are associated with the Q value, the effect of the negative correlation between RQDratieSe

output variables can also be investigated.

Distribution types for input parameters in the Q-system

In rock engineering, the uncertainty components include the aleatory variability, caused by
randomness, and the epistemic uncertainty, caused by the lack of knowledge (Baecher and
Christian, 2003). The best way to quantitatively measure these uncertainties is to use probability
distribution models that are expressed in the form of a mathematical distribution (Panthi, 2006)
Because of the variable nature of rock masses, it is difficult, or sometimes even impossible, to give
a single representative value of Q (Barton and Grimstad, 2014).

To better represent and record the locally variable properties, the Q-histogram logging
chart is introduced and has been widely used to register the Q-parameter data. Based on the Q-
histogram logging chart, the relative frequency of these Q-parameters can be intuitively observed,
and statistics (e.g., mean, mode, min, max) can also be obtained. Using the @RISK program, the
best-fit PDF for each Q-parameter can be determined by the distribution fitting function that can
meet the fit test. However, the geotechnical data collected from the project site are often limited
and incomplete in terms of rock engineering data. In such cases, an alternative method is to assume
appropriate PDF models for the geotechnical parameters with perceived uncertainty on the basis
of limited experimental or field measured results and logical engineering judgment (Hoek, 1998a;
Sari, 2009). Sen and Kazi (1984) stated that the distribution function of the RQD is unique since
it is a random variable that is a function of discontinuous spacings and numbers. The most
commonly used probability distribution models for rock mass quality evaluation have been
summarized in Table 3.4 in Section 3.4.6 in Chapter 3 based on various research and case studies.

The various distribution types can be assumed for the input parameters in the Q-system and then
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compared to the collected Q-histogram logging data to investigate their effects on the §aalue
the associated rock mass parameters.

The proposed framework is illustrated in Figure 4.1. The uncertainty in the rock mass is
characterized by probability distributions of input parameters in the Q-system. Using the MCS
technique, the probability distribution of the Q value, rock mass properties and responses (e.g.
displacement, plastic radius) can be obtained based on Q-derived empirical relationships. In this
process, the uncertainty is propagated from the Q-parameters to the Q value and to the Q-based
rock mass parameters. To quantitatively characterize the process, the sensitivity analysis, the
effects of the correlation, and the effects of distribution types among the input parameters in the

Q-system can be performed. The empirically derived probabilistic rock mass properties can be
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used to evaluate rock mass responses empirically using the MCS technique;. These probabilistic
rock mass properties can also serve as the input in numerical models to estimate the probabilistic
distribution of rock mass responses. The empirically and numerically derived probabilistic

distribution of rock mass responses can be compared with each other and should be validated in

comparison to field measured or monitored rock mass response data.

433 $SSOLFDWLRQ WR D FDVH VWXG\ RI WKH 6KLPL]X WXQQHC

The Shimizu tunnel No. 3, located in the city of Shimizu in Japan, is an important section
R1 -D S D Q fMeighiHEMdressway project. It is a research tunnel with a length of 1.12 km
(height 12 m, width 18 m). The depth varies from 30 m to 190 m with an average of approximately
83 m. The average in-situ stresses are 2 MPa and 1.73 MPa in the vertical and horizontal directions,
respectively, giving a stress ratio of 0.83 (Vardakos, 2003). Figure 4.2 shows the longitudinal
geologic section along the western and central sector tunnel. Field investigations showed that the
ground was composed of soft sedimentary rock formations, including weathered soft sandstone
(Ws9 and interbedded mudstone-sandstone (Walt 1 and Walt 2). The tunnel was excavated mainly
through the Ws sandstone formation with a density of 2.5 gicifhree major joint sets were
recognized in the weathered soft sandstone. The geotechnical data are collected by thi@MNorwe
Geotechnical Institute by inspecting drilled cores, field mapping, geophysical investigations and
laboratory tests on intact rock samples, and a detailed Q logging was made (Barton et al., 1995)
Core logging was carried out for a total of four selected drill cores in the western andsesdaral
from the Shimizu tunnel site. Two horizontal borings were drilled in the western portals with about
100 m in length for each, and one vertical and one inclined borings were drilled in the central
sector. Extensive core photo analysis was also conducted to determine the parameter values in the
Q-system. As a result, a complete Q-classification based on about 400 Q-logging data, was
obtained for the western and central sector of the Shimizu tunnel. Extensive rock mechanics tests
were also performed on the collected drilled cores. The lab test results on the core samples
collected in the western and central sector showed that the uniaxial compressive strength (UCS)
for the intact rock samples is in the range of 20-78 MPa, and the intact rock elastic moduli are in
the range of 5.4-15 GPa. The friction angles of the rock samples are in the range of 37-53 degrees,
and the cohesion of the intact rock is in the range of 1.9-6.8 MPa (Vardakos, 2003).

At the Shimizu tunnel No. 3, the tunneling boring machine (TBM) pilot tunneling and

enlargement method was utilized. The TBM tunnel was first bored within the top heading cross-
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section using a 5 m diameter triple shield TBM. After the advance of the TBM pilot tunnel, the
gradual enlargement of the tunnel was performed by drilling and blasting top heading, a bench and
finally an invert. Since the Shimizu tunnel No. 3 is a research tunnel, extensive instrumentation
was installed to monitor the tunnel response during tunnel construction. Total stations with reflex
targets and 12 m long multipoint extensometers were used to monitor the tunnel deformation
(Vardakos, 2003). However, the measured data that is available is mainly for the top heading
excavation, which can be used to compare the estimated and measured displacement for validation.
Thus, the analysis below is focused on the top heading stage of the tunnel excavation. For more

details about the Shimizu tunnel No. 3, the reader may refer to the literature (Vardakos, 2003)
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Figure 4.2 The longitudinal geologic section in the western and central sector tunnel. BH1 and
BV2-2 are locations of two boreholes (Vardakos et al., 2007)

4.4 Results and Discussion

441 3UREDELOLVWLF DQDO\VLV LQ WKH 4 VA\VWHP

Distribution of the Q value

According to Barton et al. (1995), the Q-histogram logging data (about 400 data in total)
was collected in the western-central sector of the Shimizu tunnel, and Figure 4.3 shows the relative
frequency histograms of the Q-parameters. It is obvious that the RQD is taken as a continuous
random variable expressed in the form of a histogram, while the other input parameters are
expressed as discrete random variables in the form of probability mass functions. The RQD is
bimodal and approximately negatively skewed towards low values on the left. For the other input
parameters, the relative frequency on the vertical axis represents the percentage of each discrete

value for each parameter. The qualitative statistics of all the input parameters in the Q-system have
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been conducted using the @RISK program and are depicted in Table 4.3. The statistical
distribution of the Q value was obtained using MCS in the @RISK program according to Eqg. (2.1)
and based on the relative frequency histograms of the Q-parameters. The Latin hypercube
sampling technique was used, and a simulation was performed with 10,000 iterations.

The distribution of the Monte Carlo simulation Q values and the best fit PDF are shown in
Figure 4.4. The mean and standard deviation of the MCS-simulated Q value are 6.63 and 7.52,
respectively, and the lognormal distribution is the best fit distribution. In the same western-central
sector of the Shimizu tunnel, Tiwari et al. (2017) derived the probability distribution of GSI based
on statistical intact rock and joint properties, and the obtained mean of GSl is 47 and the standard
deviation is 2.25. The obtained GSI distribution is consistent with the derived distribution of the
Q value, with both indicatid WKH EHVW HVWLPDWH RI 3IDLU” URFN PDVV T
distribution of the logarithm (base of 10) of the Q value is also shown in Figure 4.4 with the normal
distribution fit. The mode, median and mean values of the simulated Q value are increasing,
corresponding to approximately 1.08, 3.82 and 6.63, respectively, which is consistent with the
characteristics of a lognormal distribution. Similarly, the lognormal distribution was found to be a
good fit of the statistical distribution of the predicted or mapped Q values for the rock tunnels
(Daraei and Zare, 2018; Lu et al., 2018). The logarithms of the actual mapped Q values in the
Northern Link project in Stockholm, Sweden, were also found to conform to a normal distribution,

which also supports the lognormality of the Q value distribution (Benhalima, 2016).

Traditionally, an interval analysis based on the statistics obtained from the Q-histogram
logging in the site investigation stage is used to estimate the Q value. Table 4.3 compares the
statistics of the Q value calculated from different methods. The interval analysis results show that
the Q value is in the range of 0.004-200, frémceptionally poofto ¥xceptionally good based
on the rock mass classification. The arithmetic mean and mode (most frequent value® of the
value is also calculated directly by substituting the mean and mode of all the Q-parameters into
Eg. (2.1), giving mean and mode values of 2.01 and 15.83, respectively. For the derivation of the
typical min and max of the output Q value, the extreme values are selected for input parameters,
and it is based on the assumption that the numerators for all the input parameters are achieved at
the maximum (or minimum) values while at the same time the denominators are achieved at the
minimum (or maximum) values. In other words, all the numerators (or denominators) are assumed

perfectly positively correlated while perfectly negative correlations are assumed between
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numerators and denominators. Similarly, for the derivation of mode and mean of the Q value, the
respective mode and mean values for each input Q-parameter are used. This is assumed that the
mode and mean values for all the Q-parameters take place simultaneously. These idealized
assumptions are not logical and rarely met in practice. Clearly, these derivation procegses usin
the interval analysis do not realistically reflect the relationship among the input parameters in the

Q-system and the derived range is relatively large.
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Table 4.3 Comparison of thi@ statistics calculated by different methods

Monte-Carlo
RQD| / | I O ) S VA | ¥\ (Jw |/ |SRF)|= .
(RQ n) (r ?) (w ) Q simulated Q

Typical min 15 |/]| 15 | * /10 [ *¥1033] /| 7.5 |=0.004 0.013

Interval Typical max 100/ 4 |*| 3 |/|075]|*] 1 |/]| 05 |=| 200 74.03
analysis Mode 950/ | 9 | *| 15|/ I |*| 1 | /] 1 |=]|15.83 1.08
Arithmeticmean |764 |/ |89 |* |16 | /| 23 |*|082|/]| 24 |=| 2.01 6.63

Weighted average
885 |/ |81 |*|19|/| 1.8 [*] 09 |/| 15 |=| 7.08
(Barton, 1993)
Geometric mean * 0.5 0.5
= ‘ =(0.004*200 = 0.94
(Sing and Goel, 1999) (©uia * O ( )
Monte | Standard Deviation | 26.6 2.7 0.5 2.6 02 2.1 7.52
Carlo -
Coefficient Of
i i .. 35% 30% 32% 113% 24% 88% 113%
Simulation Variation (COV) () () () 0 0 o o
Note: A weighted average for Q-input parameter=10% * poorest value + 60% * most frequent value + 30% *
best value; The arithmetic mean, standard deviation are estimated in the @RISK program.

By contrast, the Monte Carlo simulated Q value has a much narrower range (0.013-74.03)
with a mean and mode of 6.63 and 1.08, respectively, as shown in Figure 4.4. The standard
deviation and the arithmetic mean were obtained for each Q-parameter and the overall Q value in
the @RISK program. The coefficient of variation (COV), a dimensionless measure of uncertainty
and defined as the quotient between the standard deviation and the mean, was also obtained for
the Q-parameters and the Q valud@able 4.3. To ensure the selection of representative values for
the Q-parameters, Barton (1993) proposed a method to calculate the weighted average value for
each Q-parameter. First, the weighted average value, calculated by adding the 10% poorest, 60%
most typical and 30% best values, is obtained for each Q-parameter. Then, the weighted average
Q value is obtained by substituting the weighted average values of all the Q-parameters into Eq.
(2.1). The calculated weighted average Q value is 7.08, which is close to the mean (6.63) of the
Monte Carlo simulation Q value. Singh and Goel (1999) also suggested that a geometric mean
obtained from the minimum and maximum values can be considered as a representative Q value,
which would reduce the bias and generate confidence among users. The geometric me@n of the
value, briefly calculated as the square root of the product between the minimum and m&imum
values, Qin and Ghax, can be assumed in the design calculations (Singh and Goel, 1999). In this
case study, the minimum (0.004) and maximum (200) values, calculated from the interval analysis
results, are taken asnQand Ghax respectively. The calculated geometric mean of the Q value is

0.94, which is smaller than the mean values calculated by other methods.
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Results also show that the Monte Carlo simulation is superior to the interval analysis in

estimating the Q statistics. The MCS technique can more realistically account for the correlations,

e.g. RQD andn)Jamong input parameters and provides the full probability distribution and a much
narrower range for the Q value compared with the interval analysis method. The probability that

the Q value would be less than a certain value or in a certain interval could be determined from

the PDF or CDF of the Monte Carlo-simulated Q value. By contrast, the interval analysis only

produces an interval that provides little information with which to make an engineering design

decision, and the uncertainty is too large to make a subjective judgment (Bedi, 2013).
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Figure 4.4 Statistical distribution of Monte Carlo simulated Q value and distribution fit. (A) the
Q value; (B) the logarithm of Q value on the base of 10
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In addition, the statistics of the Q value calculated using the MCS are more reliable than
those from the interval analysis. The statistics (min, max, arithmetic mean, standard deviation,
mode, and median) of the Monte Carlo simulation Q value were obtained based on a larger number
(10,000 in this case) of generated samples during the MCS process. In contrast, in the interval
analysis the mean and mode of the Q value are directly calculated from the mean and mode of all
the input parameters. In the calculation of the mean Q value during the MCS process, the effect of
the standard deviations of the Q-parameters has been taken into account. By contrast, this effect is
neglected in the interval analysis and may lead to some inaccuracies. Table 4.3 also shows that the
calculated mode (15.83) is much larger than the arithmetic mean (2.01) in the interval analysis,
while the mode (1.08) is smaller than the mean (6.63) in the Monte Carlo simulation results.
According to the lognormality of the Q value distribution, the mode should be smaller than the
arithmetic mean. In this sense, the Monte Carlo simulation results reflect the characteristics of a
lognormal distribution for the Q value. Furthermore, the standard deviation, a measure of spread,
can be obtained for each input parameter and the generated Q value in the MCS process.
Consequently, the COV can be calculated for each input parameter and enables the quantitative
characterization of uncertainty in the input parameters and the effects on the overall Q value.

In addition to the interval analysis, both the geometric mean and the weighted average
calculations are deterministic approaches to obtaining a representative value of the Q index. By
definition, the geometric mean is calculated as gheat of the product of n (nonnegative) random
variables (Fenton and Griffiths, 2008). However, in the geometric mean calculation method used
by Barton (1993), only the extreme values, i.e., the minimum and maximum, are included in the
calculation for the geometric mean of the Q value. The result is highly sensitive to the extreme
values, and the role that other Q values in the Q value range play in the geometric mean value has
been overlooked. A geometric mean Q value of 0.94 was generated, which greatly underestimated
the actual rock mass quality. In comparison to the geometric mean, the weighted average method
(Barton, 1993) accounts for the effect of the mode in addition to the extreme values in the input
parameters. As a result, the weighted average (7.08) is closer to the mean (6.63) of the Monte Carlo
simulation Q value. However, both the geometric mean and weighted average methods do not
provide the full probability distribution of the Q value and do not reflect the uncertainties involved.

Thus, it is also inferior to the MCS method in probabilistically estimating the Q value.
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Probability distributions of estimated rock mass properties and responses

Table 4.4 lists the Q-based empirical relationships for estimating the rock mass properties
and responses for the Shimizu tunnel case study. There are two approaches for estimating the rock
mass properties from the Q value, i.e., the independent and normalized estimation approaches
(Vasarhelyi and Kovacs, 2017; Zhang, 2017). In the independent approach the rock mass
properties can be calculated independently of the intact rock properties, and thus Egs. (2-4) and (7)
belong to this approach. By contrast, the normalized estimation approach indicates the dependence
of the rock mass properties on the intact rock properties, and Eqgs. (5) and (9) are examples of this
approach. The intact rock properties are also included in Table 4.4 for comparison. The UCS and
the elastic modulus of the intact rock samples are assumed to follow a normal and a lognormal
distribution, respectively, which is based on published data from the literature (Hoek, 1998a; Li
and Low, 2010; Sari, 2009; Tiwari et al., 2017). The means and standard deviations of the
distributions for the intact rock parameters are estimated using the three sigma rule. The
independent estimating approach does not work well in this case study since the estimated elastic
modulus values of the rock mass are even larger than those of the intact rock as seen by comparing
the mean (10.2) of the intact rock with the mean values calculated by Egs. (2-4). This is not
reasonable and should be discarded. Additionally, the rock mass elastic modulus calculated from
Eq. (4.1) shows the minimum value as negative, which is not physically possible. This is because
there is approximately an 18% probability that the Q value is smaller than 1, as can be estimated
from Figure 4.4, and the logarithms of values less than 1 yield negative results. Recall that Eq.
(4.1 in Table 4.1 applies to cases where the Q value is greater than 1 and is generally for hard
rock masses. Thus, great care should be taken to select the appropriate empirical correlations for
estimating the rock mass properties.

Additionally, the UCS of the rock mass estimated from Eq. (4.8) using the normalized
estimating approach is more reliable than that calculated from Eq. (4.6) using the independent
approach, which accounts for the actdalr “to Joor” quality in the jointed rock mass in this
case study. Similarly, Hoek (2007) proposed that estimated rock mass property results are usually
more reliable taking into account the intact rock strength. Vasarhelyi and Kovéacs (2017) also
showed that the normalized rock mass properties calculated using the intact rock data usually
provide a better regression coefficient. The probabilistic distributions of the rock mass properties

estimated by the normalized estimation approach (Vasarhelyi and Kovéacs, 2017), including the
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UCS, deformation modulus, cohesion, and friction angle of the rock mass, are sikogure 4.5.

These probabilistic rock mass properties are then used as inputs to empirically estimate tunnel
displacement without support,i€®), according to the empirical correlations shown in Table 4.4

For the Hoek and Marinos (2000) approach in Eq. (4.11) and the Duncan Fama (1993) approach
in Eq. (4.12), it is assumed that the tunnel is circular and that the in situ stress is hydrostatic. The
equivalent radius is approximately 4.83 m for a circular opening based on the same area criterion
as the actual area of the top heading. The hydrostatic stress is calculated as the product of the unit
weight and the overburden in this case study. For the Barton (2002) approach, the actual span of
18 m for the top heading was used. The tunnel displacements (without support) estimated using
these three approaches are compared in Table 4.4. The actual measured displacement obtained
from total stations and extensometers in the top heading excavation was on the order of 10 mm.
This displacement value indicates the tunnel displacement after the support was installed and
effective, and the pre-convergence before the support installation was not considered. Thus, the

measured displacement cannot be directly used to validate the empirically estimated displacement.

Table 4.4 Comparison of the estimated rock mass properties and displacement values using
different empirical correlations

Equati
Parameters q;a o Empirical equations Mean| SD  |Min|Max|Distribution
0.
Intact rock Ei 10.2 1.6 54| 15| Normal
E =251 -
Elastic 4.1 ogQ 1 133] 141 |-52] 50
modulus 4.2 E, =10(Q 2=y 129 522 |17 38
Rock mass Em 100 Lognormal
(GPa) 43 E, = 1 (UsloeQ+40)/40 176 | 786 |1.6| 50
44 E, =FE exp(0.8625log0-2875) | 1.01| 048 |0.1|35
Intact rock oci 49 9.66 |20 | 78 | Normal
ucCs 4.6 5. =770 (0 <10) 31 | 1233 |42 83
(MPa) Rock mass cem Lognormal
4.8 o, =0,¢exp(0.6log0-2) 9.62| 3.62 |14]|25
Hoek and p o @i
: 411 |5=r(0002-00025P )%=y = 1072 087 | 0 | 15
Marinos approach Py P
Displacement| - Duncan Fama |, | u, =2 0y 164| 104 |28 118| Lognormal
(mm) approach ’ t E b ’ ’ ’
Bart h| 414 A, = STAN 1O, 289| 791 |04]389
arton approac . = 1000 Vo . . .

Fortunately, the simulation results using the UDEC software and the convergence-
confinement method by Vardakos et al. (2007) were validated by the measured displacement, and
the established UDEC model was considered valid and reliable. The ground characteristic curves
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generated from the UDEC model showed that the displacement without support is in the range of
30~40 mm. Figure 4.6 shows the probability distribution of tunnel displacement estimated using
the tunnel squeezing problems. In the Duncan Fama model, it is assumed that the surrounding
weak rock mass behaves as an elastic-perfectly plastic material with no plastic volume change
during failure. According to the derived Q value and rock mass properties, this approach does not
fit the case of the Shimizu tunnel. Thus, the Hoek and Marinos approach and the Duncan Fama
approach, which work best for weak and very weak rock masses with assumptions of a circular
tunnel and hydrostatic stress, are not suitable for estimating tunnel displacement in the current case
study. In contrast, the Barton approach, empirically derived from hundreds of case records, uses
the actual tunnel span and does not restrict the stress conditions, thus providing a more reliable
estimate of tunnel displacement. Therefore, for this case study, the Barton approach performs
better for empirically deriving the preliminary estimate of the tunnel displacement, which can be
compared with the displacement generated from the detailed analysis using the FEM numerical

modeling program.
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Figure 4.5 Statistical distributions of estimated rock mass properties: (A) UCS; (B) deformation
modulus; (C) cohesion; (D) friction angle
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Figure 4.6 Probability distribution of tunnel displacement estimated using the Barton approach

Distribution comparison of rock properties between intact rock and rock mass

The distributions of rock properties, including the UCS, elastic modulus and cohesion, are
compared between intact rock and rock mass, as shown in Figure 4.7. Due to the weakehing effec
of joints, the rock mass properties are smaller than those of intact rock, and the distributions of
rock mass are accordingly the left of the distributions of intact rock.

Due to the limited availability of in-situ rock mass property data in the Shimizu tunnel case,
alternatively, the predicted rock mass properties can be compared to back-calculated values from
measured or instrumented data in the numerical models for verification. The rock mass modulus
value of 1 GPa, which was used in the numerical models in the discrete element modeling by
Barton and Chrysanthakis (1996) agrees very well with the mean value (1.01 GPa) of the predicted
distribution of rock mass modulus, as marked in Figure 4.7(b). Similarly, as seen in Figure 4.7(c),
the cohesion value of 2 MPa for the rock mass, used in UDEC models by Vardakos (2003), is
between the mode (1.64 MPa) and median value (2.67 MPa) of the predicted distribution. The
cohesion value of 2 MPa is also within the range of one standard deviation of the mean value
(0.68~6.16 MPa) and has a high probability of occurrence in the predicted distribution of rock
mass cohesion. Thus, the probabilistic estimates of rock mass properties have, to some extent, been

verified by the back-calculated values used in the numerical models.
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The Shimizu tunnel No. 3 is a research tunnel, and instrumentation and measurement were
performed accordingly. The displacement data during the heading construction at the section STA
913+65 in the western sector of the tunnel, as can be seen in Figure 4.2, is available, thus the top
heading construction at this section will be modeled in the following numerical studies using the
FEM RS2 software.

It should be noted that the data for actual Q value is not available at the section STA 913+65.
However, the rock mass quality data obtained from core logging at the end of the BH1, which is
close to the STA 913+65, is available. The Q index is in the range of 1-10 and the independent
RMR logging reveals the range of 55- 7KLV LQGLFDWHYV WKH 3IDLU” URFN PD
based on RMR and Q classifications.

Unsupported tunnel case

The FEM program RS2 was used to conduct the numerical analysis for this case study. Recall
that the mode, median and mean for the estimated distribution of the Q value are 1.08, 3.82 and
6.63, respectively. According to the Q-based rock class, the rock mass quality at the western-
central sector iPDLQO\ 2IDLU” DQG 3*IDLU" WR 3SRRUé inveatigatonDOVR U
results that three major joint sets existed in this tunnel area. As seen in Figure 4.5, the estimated
rock mass properties using the normalized estimation approach also indicate the fair to poor quality
of the jointed rock mass in this tunnel area. Based on these rock mass properties and characteristics,
according to the descriptions and guidelines on post-failure behavior or rock mass given by Hoek
and Brown (1997), it is reasonable to assume that the surrounding rock mass followed the Mohr-
Coulomb failure criterion and that the material behaved in an elastic perfectly-plastic way. The
tensile strength of the intact rock was not available in this case study; thus, the following equation
was used to estimate the tensile strength (Hoek and Brown, 2018):

% 0.8Im 7 (4.18)

K

where 1/ is the UCS of the rock massl/ is the tensile strength of the intact roak) is

the material constant for the intact rock and related to the rock type and texture.
The UCS of the rock mass has been estimated using Eq. (4.8), and its distribution is shown in

Figure 4.5. The Shimizu tunnel was mainly excavated through weathered soft sandstone, and the
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m value was assumed to follow a normal distribution with a mean of 17 and a standard deviation
of 4 (Tiwari et al., 2017). Therefore, the probability distribution of the intact rock tensile strength
can be characterized according to Eq. (4.18). The tensile strength of rock mass can be calculated
as follows (Hoek et al., 2002):

I, (4.19)

where I/ is the tensile strength of rock masss the material constant of rock mass;is the

reduced (rock mass) value of the material constant

According to Tiwari et al. (2017), mean values for s mpare 0.0029 and 2.57, respectively
in the Shimizu tunnel case. Thus, the calculated tensile strength of rock mass is about 0,055 MPa
which is used as the input in the FEM RS2 model. In the RS2 model, the rock mass properties,
including the deformation modulus, cohesion and friction angle, can be treated as random variables.
The statistical values of the probabilistic rock mass parameters were estimated from the Monte
Carlo simulation based on Q-based empirical correlations. For deterministic rock mass properties,
the means were taken as the representative input values. In this Shimizu tunnel case, the
deformation modulus, cohesion and friction angle of the rock mass were taken as the probabilistic
inputs whle GHWHUPLQLVWLF WHQVL O HveraNiseH iQ theVRS2hdI.3RLVVRQ Y

In addition, the stress variability was also considered in this model. Stresses have been
assumed to be normally distributed, and the COV of 25% was used by researchers based on the
published literature (Cai, 2011; Hadjigeorgio®@& +DUULVRQ [« HW DO
Sadagah, 2002). In this Shimizu tunnel case, taking the near surface excavation into account, the
gravity field stress was used in the RS2 model, which changes linearly with depth as measured
from the actual ground surface. Due to the limited information of the in-situ stress in the Shimizu
tunnel case, the horizonted-vertical stress ratio was assumed to follow a normal distribution with
a mean of 0.83 and a COV of 25% in the model. The inputs for the RS2 amedeimmarized in
Table 4.5. The FEM mesh used in the model is displayed in Figure 4.8. No joint pattern was
explicitty modeled in the mesh, despite the existence of three joint sets. This is because the
deteriorating effect of the joints had already been taken into account in the estimation of the Q-
based rock mass properties. Singh and Goel (1999) also suggested that double-counting the effect
of the joints should be avoided. The joints should not be considered in the analysis if these have

been accounted for in the classification and estimation of the rock mass properties.
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The interpreted crown displacement of the unsupported tunnel in the PEM-based probabilistic
analysis from the RS2 program is depicted in Figure 4.8, in which uncertainties in both rock mass
properties and in-situ stress are considered The maximum displacement at the crown occurs at the
point labeled* & URZQ & DQG KDV rim Whidh @grBds well with the displacement
predicted by the previously published UDEC model (Vardakos et al., 2007) and the empirically
derived displacement of 28.9 mm estimated using the Barton approach. The yield zone,
represented by sheared or tensioned elements in Figure 4.8, were developed mainly in the corner
of the unsupported heading, and no yielded element was observed in the crown.

To investigate the effects of uncertainty in the rock mass properties and in situ stress in the
crown displacement, deterministic and probabilistic analyses were performed in RS2 using PEM
and MCS modeling. For the deterministic scenarios, only single mean values of the rock mass
properties and in situ stress were used. For the probabilistic scenarios, uncertain input parameters,
such as the rock mass properties and in situ stress, were defined based on prescribed distributions.
In the PEM model, the mean and standard deviation of the probabilistic parameters were used as
model inputs. In the MCS model in RS2, the best-fit distribution type, mean, standard deviation,
and min and max of the probabilistic parameters were required as model inputs. Note that for a
normally distributed parameter, the max and min can be estimated at 3 standard deviations above
and below the mean value according to the three-sigma rule (Duncan, 2000H 3RLVVRQfV U]
and the horizontaie-vertical stress ratio, in this Shimizu tunnel case, were assumed normally
distributed, and the max and min values were estimated using the three-sigma rule. For the MCS

model in RS2, the Latin hypercube sampling was applied, and 1,000 iterations were performed.

Table 4.5 Input in the FEM RS2 model for probabilistic analysis

Deterministic/Probabilistiq Input parameters Mean| SD | COV

Deformation

0,
modulus/GPa 1.01 0.47 | 47%

Probabilistic ROCK | Cohesion/MPa | 3.42 | 2.74 | 80%
.| Friction angle/degre¢ 38.4 18 | 47%
properties

Tensile strength/MP{ 0.055 0 0%
Poisson's ratio 0.3 0 0%
In-situ

Probabilistic Stress ratio 0.83 0.21 | 25%
stress

Deterministic

86



A

(B) =

Displacement
min (stage): 0.00e+00 Mean, m
0.00e+400

2.30e-03

4.60e-03

6.90e-03 Eage
9.20e-03 gl Crown C
1.15e-02
1.38e-02
1.6le-02
1.84e-02
2.07¢-02
2.30e-02
2.53e-02
2.76e-02
2.9%-02
3.22e-02
3.45e-02
3.68e-02
3.91e-02
4.14e-02
4.37e-02

4.60e-02
max (stage): 4.54e-02 Mean, m

~~ Crown D

Shear
©  Tension

Figure 4.8 FEM mesh and total displacement contour (without support) in RS2: (A) FEM mesh;
(B) displacement contour after top heading excavation

Table 4.6 compares the displacements at different crown points using both the deterministic
and probabilistic modeling methods in RS2. The advantage of the probabilistic analysis over the
deterministic analysis is clearly shown in Table 4.6. The standard deviation and COV can be
obtained in the probabilistic analysis scenarios, while in the deterministic analysis of Scenario 1,
only a single displacement value was obtained at certain crown points. The results also show that
the uncertainty in the rock mass properties has a greater influence on the statistical displacements
than the in-situ stress does. This indicates that the tunnel displacement is more sensitive to the
uncertainties in the rock mass properties than those in the in-situ stress in this case study. If the in
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situ stress is deterministic, the probabilistic rock mass properties generate larger mean
displacements (38.7 mm for the PEM method in Scenario 4 and 40.5 mm for the MCS in Scenario
5) than the displacement (29.0 mm) obtained in the deterministic case in Scenario 1. Similar results
can be obtained by comparing the generated mean displacements in Scenarios 2 and 6, Scenarios
3 and 7 when the in situ stress is probabilistic. In contrast, the statistical displacement is not
sensitive to the uncertainty in the in situ stress. This can be shown when Scenariosateand 2
compared in the case of deterministic rock mass properties and when Scenarios 4 and 6 are
contrasted in the case of probabilistic rock mass properties.

It is also revealed in Table 4.6 that the crown displacement derived from the MCS model
has greater variation, described by the generated COV, than that calculated by the PEM model.
This may be attributed to the differences in the distribution types and sampling mechanisms used
in these two probabilistic modeling methods. In the PEM model in Scenario 6, three input
parameters, the rock ma8&SHIRUPDWLRQ PRGXOXV 3RLVVRQYV UDWLR D¢
be normally distributed, and only 8 (i.e%) 2alues were sampled at one standard deviation above
and below the mean for each input parameter. In contrast, in the MCS model, the actual lognormal
distribution for the rock mass deformation modulus was used. A total of 1000 values have been
sampled across the parameter range, and the distribution tails are well represented during the MCS
process. The importance of distribution types and distribution tails has been reported by Jimenez
and Sitar (2009). The use of the actual distribution form and the sampled values from the tail
distribution may contribute to the greater variation of tunnel displacement generated by the MCS
model. However, the computation effort required by the MCS model is much greater than that
required by the PEM model in this case study. The results from Table 4.6 also show that the
displacements at Crown points D and H are the same, which may be due to the similar stress
conditions at these two symmetrical points on the tunnel crown. Recall that the joint sets were not
explicitly modeled in the study, and this may also contribute to the same displacements which are
shown at Crown points D and H.

Supported tunnel case

In practice, during the construction of the tunnel section STA 913+65, the standard support,
including steel beams, shotcrete and rock bolts, was used as the primary support. The standard

support was selected for ClI class (corresponding to Q=4~10) based on the Japanese highway rock
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mass classification systems. The standard support system used in the tunnel section of the western-

central sector is summarized in Table 4.7.

According to Vardakos (2003), the rock bolts were assumed to beedstaithe 50%
relaxation in order to consider the elastic displacement occurred before the support, while beam
and shotcrete supports were installed at the 65% relaxation. The PEM sampling was used in the
RS2 model to perform the probabilistic deformation analysis with the prescribed support,
designated as Scenario 10 in Table 4.6. Figure 4.9 illustrates the prescribed tunnel support pattern
and tunnel displacement contour with support. As summarized in Table 4.6, the displacement at
Crown C has a mean of 19.1 mm and an SD value of 9.1 mm while the displacement at Crown D
and H are similar, with a mean of 15.7 mm and an SD value of 7.4 mm. The actually measured
displacement value at these crown points are also included. The predicted and actually measured
displacement at tunnel crown points are compared in Table 4.6.

The deterministic and PEM-based probabilistic predicted tunnel displacement before
support are also included for comparison. The Crown C and D points are symmetrical, and the
predicted and actually measured displacement values at these two points are almost the same, so
only the Crown C case is demonstrated. The predicted tunnel displacement is lognormally
distributed, consistent with the results obtained by (Hoek, 1998a). It is clearly that the tunnel
displacement values, both mean and SD values, reduce significantly with the tunnel support
installed. The actually measured displacements are single values at tunnel crown points, as marked
in Figure 4.10. At the Crown C point, the deterministic measured value (11.5 mm) is close to the
mode (14 mm) and within the range of one standard deviation of the mean (10~28.2 mm) in the
PDF of the predicted tunnel displacement after support using RS2. The measured displacemen
value (11.5 mm) at the Crown C point is also between the mode (7 mm) and median (18 mm) and
has a high probability of occurrence in the PDF of tunnel displacement estimated using the Barton
approach. Similar case is also observed at the Crown D. This indicates that the actual measurement
values generally agree well with the mean or mode of the predicted displacement distribution.
Thus, the predicted displacement distributions obtained using the PEM sampling in the RS2 model
and the Barton approach are reasonably accurate and can provide possible range and dispersion in

addition to the best estimate of tunnel displacement.
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Table 4.6 Summary of tunnel crown displacement in different scenarios

Support Displacement (mm)
Input parameters , : :
scheme . Point C Point D Point H
Modeling .
Method Scenario
Rock mass In-situ stress Mean| SD | Mean| SD | Mean| SD
properties
Deterministic | Deterministic 1 29 0 25.1 0 25.1 0
Deterministic o PEM 2 29 098 | 25.2 | 0.1 252 | 0.1
Numerical Probabilistic
) MCS 3 29 0.689| 25.2 | 0.11 | 25.2 | 0.11
calculation PEM 4 387 | 196 | 339 | 174 | 339 | 174
without Deterministic ' : : : ' '
support o MCS 5 405 | 25.1 | 354 | 219 | 354 | 22.0
Probabilistic
o PEM 6 38.8 19 341 | 169 | 34.1 | 16.9
Probabilistic
MCS 7 405 | 248 | 356 | 219 | 356 | 219
UDEC calculation results by Vardakos et al., N
(2007) 8 30~40 N/A
Empirical results from the Barton approach (Eq. 4.14) 9 289 | 36.9 N/A
With Probabilistic Probabilistic PEM 10 19.1 | 9.08 | 15.7 | 7.44 | 15.7 | 7.44
support Actually measured value 11 115 | N/A 13 N/A 12 N/A
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Table 4.7 Standard support system used in the section STA 913+65

Sprayed concrete linin Steel arch Rock bolts
UcCs Thickness : Tensile capacity | Length | Circumferential
(MPa) | (cm) | 1YPe| Spacing (m) (MN) m) | spacing (m)
17.6 20 H200 1.5 0.176 6 1.2

Total
Displacement
min (stage): 0.00e+00 m

0.002+00
1.25e-03
2.50e-03
3.75e-03
5.00e-03
€.25e-03
7.50e-03
8.752-03
1.00e-02
1.13e-02
1.25e-02
1.3%e-02
1.50e-02
1.63e-02
1.75e-02
1.88e-02
2.00e-02
2.13e-02
2.25e-02
2.38e-02
2.50e-02
max (stage): 2.4le-02 m

X Shear
@ Tension

Figure 4.9 The support scheme and PEM-based displacement contour of the supported tunnel
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Figure 4.10 Distribution of displacements at the tunnel crown: (A) at Crown C point
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Figure 4.10 Distribution of displacements at the tunnel crown: (B) at Crown D point
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Sensitivity analysis has also been carried out during the MCS of the Q value in the @RISK
program to examine the impact of the Q-parameters. Figure 4.11 depicts the tornado graphs for
the different ranking techniques used in the Shimizu tunnel case study. In general, the results show
that the SRF,aland RQD parameters have the most impact on the Q value, whilg dhard J,
parameters are less important. The regression coefficient and the contribution to variance tornado
graphs in Figure 4.11(a) and (c) share the same rankings because both graphs are detived fro
regression analysis. Figure 4.12 illustrates the spider graph generated in the @RISK program. The
changes in the mean of the Q value relative to the changes in the values of the input parameters
are shown. The mean Q value increases as RQdahdlJ, increase but declines with increases in
J, &k and SRF. The spider graph provides similar sensitivity analysis results compared with the
tornado graph by displaying the effect on the output mean. The input param&&s,.and RQD
have a greater impact on the Q value, and this is also obviously reflected in the spider graph

because the rates of change for these parameters are larger compared to other Q-parameters.
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Figure 4.11 Rank of the relative importance of Q-parameters based on different ranking criteria:
(A) ranked by regression coefficient; (B)J@gNHG E\ 6SHDUPDQYY FRUUHODWLR(
ranked by contribution to variance; (D) ranked by effect on output mean

Traditionally, one-way sensitivity analysis is used to investigate the impact of the input
parameters on the output by changing one input parameter while keeping the other parameters
constant. The sensitivity index (Sl) is a measure of the impact that the input parameters have on
the output variable in the one-way sensitivity analysis, and is calculated as the percentage
difference in the output when an input parameter varies across its entire range (Hamby, 1994). The

S| can be obtained as follows:

S| @*100% (4.20)

max
where Dhin and Dhaxare the minimum and maximum output values, respectively, which result
from varying the input over its entire range.

In this case study, thenfa and Dhax are taken as the minimum and maximum Q \&lue
calculated, according to Eq. (2.1), by inputting the minimum and maximum values of the specified
input parameter while keeping the other five input parameters constant at their mean values. The
Sl was obtained by substituting the calculateg &nd Dnaxin Eq. (4.20) for each input parameter.
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The greater the Sl is for an input parameter, the greater the influence of the input parameter on the
output parameter is. Table 4.8 compares the sensitivity analysis results obtained by different

ranking techniques. The COV of each Q-parameter is also included since a larger COV value
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Figure 4.12 Spider graph of the mean of the Q value across the range of the input parameters
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Table 4.8 Sensitivity analysis results using different ranking methods

Relative importance ranked by different methods
Q-parameter CoV Sensitivity Regression %??521?33 Effect on
index coefficient coefficient | utput mean

RQD 34.8% (3) 90% (3) 0.31 (3) 0.31 (3) 7.41 (3)

Jn 30.7% (5) | 73.3% (4) | -0.285 (4) -0.23 (4) 7.28 (4)

N 31.3% (4) | 66.7% (5) -0.281 (5) 0.226 (5) 6.28 (5)

J 113% (1) | 925% (2) | -0.32(2) -0.51 (2) 9.36 (1)

Ju 24.4% (6) | 67% (6) 0.23 (6) 0.220 (6) 4.83 (6)

SRF 87.5% (2) | 93.3% (1) | -0.42(1) -0.59 (1) 7.59 (2)
Note: The number in the parentheses is the ranking
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indicates more variability in the input parameter which may contribute more to the variation in the
output Q value. Regarding the rank of relative importance, the smaller the rank number for an
input parameter, the more important the parameter. Despite minor differences in the ranking results
obtained by different ranking techniques, in general, the results show that the; 8R#RDQD

are more important than the J, and J.

The aforementioned Sl-based sensitivity analysis, which is a one-way sensitivity analysis,
fails to account for the distribution form and the probability function of the input parameter and
their effects on the sensitivity analysis. In contrast, the sensitivity analysis for the MCS in the
@RISK program is capable of performing a multi factor sensitivity analysis, in which the effect
of changes in several input parameters can be investigated by simultaneously varying different
parameters. In this way, the compounded effect of a given variable can be evaluated. It is thus a
probabilistic sensitivity analysis in which probabilistic distributions are utilized to consider the
variations of input parameters rather than assigning certain values to input parameters. The
calculation of the regression coefficients can reflect the simultaneous random sampling from the
input distributions by displaying the sampled input values versus the output values calculated.
Additionally, Fatemi et al. (2018) used spider graphs to analyze the sensitivity of the input
parameters for measuring TBM performance on the output mean using @Risk software. A
sensitivity analysis of the GSI, estimated from different quantitative methods, has also been
conducted and used to rank the inputs relative to their contribution to the variance of the output
(Morelli, 2015). In a rock tunnel case study, the probabilistic input parameters in the Q-system
were also ranked by their effect on the output mean, regression coefficient, Spearman correlation
coefficient and contribution to variance using the @RISK program (Lu et al., 2018).

A sensitivity analysis is a useful tool to characterize the relationship between the input
parameters and the output parameters as well as identify the most influential input parameters.
However, in ground characterization and rock mass classification, sensitivity analyses of
geological parameters are not adequately conducted. Instead, it is often assumed that all the
geological parameters are equally important, which obviously fails to realistically assess the
different impact that input parameters have on output parameters. Thus, it is essential to perform
sensitivity analyses on ground parameters in the site investigation stage, especially for complex
and challenging ground conditions. It is also beneficial to know which input parameter is the most

influential overall to the rock mass quality, so that precautionary measures (e.g., dewatering,
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grouting, freezing, pre-blasting) can be taken in advance to improve the rock mass quality before
excavation. The different ranking techniques in the sensitivity analysis can be used for comparative

and checking purposes.

444 (II1HFWV RI WKH FRUUHODWLRQ EHWZHHQ WKH 54' DQG -
The effect of the negative correlation between the RQD aad the Q value, rock mass
properties and the displacement estimated by the Barton approach is shown in Table 4.9. In general,

the stronger the negative correlation is between the RQD narnldeJgreater the mean and the
variation are, as described by the calculated COV of the output parameters. Wang and Akeju (2016)
also reported that the output would be affected to a greater degree by the combination of correlated
input parameters. The mean and range of the Q value, rock mass properties and displacement may
be underestimated if the negative correlation is not taken into account. The Sl was also calculated
according to Eq. (4.20) to investigate the sensitivity of the mean and COV of the output parameters
to the correlation coefficient, as displayed in the last row in Table 4.9. Regarding the sensitivity
indices for all the output parameters, the Sl for the displacement is the largest, followed by the Sl
for cohesion and the Q value, with the smallest Sl being that for the deformation modulus and the
UCS. This demonstrates that the negative correlation between the RQhasa reater impact

on the displacement, cohesion and the Q value than on the deformation modulus and the UCS.
This is related to the empirical correlations on which the output parameters are calculated, as
shown in Table 4.1. For example, the displacement estimated by the Barton approach is associated
with the reciprocal of the Q value, while the deformation modulus and UCS are calculated based
on the logarithm of the Q value as shown in Table 4.1. Results also show that Sl for COV is
generally greater than that for the mean, and this is because the Sl values are greater (not shown
here) for SD than for the mean values. This indicate the dispersion parameter (SD and COV) is

more sensitive to the correlation compared to the meansvalue

Lanaro and Backstrom (2007) plotted the RQD values againsaskd on field data
collected from two boreholes and obtained the negative relation between the RQaatitkJ
Simpevarp site in Sweden. Interdependencies among input parameters were also observed and
reported in other rock mass or ground classifications, such as the RQD and discontinuity spacing
(Bieniawski, 1989; Priest and Hudson, 1976; Sen and Kazi, 1984); the UCS and discontinuity
spacing observed by Hamidi et al. (2010); and the degree of jointing or faulting and the ayailabilit
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of groundwater (Chan, 1981) in a ground classification. Similarly, correlations were also
encountered among geological parameters in the field of underground construction, including the
cohesion and friction angle of rocks and soils (Baecher and Christian, 2003; Fenton and Griffiths,
2008; Li and Low, 2010; Lumb, 1970; Palmstrom and Stille, 2010), or the UCS and elastic
modulus of rocks (Arslan et al., 2008; Deere, 1968; Palchik, 1999) Sari (2009) suggested that
distributions in a probabilistic model will often have to be correlated to ensure that only meaningful
VFHQDULRY DUH JHQHUDWHG GXULQJ WKH PRGHOfV LWHUDWL
have a wider opening, while a strong rock is expected to have a narrower aperture (Sari, 2009)

Leu and Adi (2011) also proposed that it is more realistic to correlate geological parameters in

ground classification because one parameter may depend on the status of the other parameters.

Table 4.9 Effect of the correlation between the RQD armhihe Q value, rock mass properties
and displacement

Correlation Rock mass properties Displacement by
coefficient Q-value UCS Deformation Cohesion | Barton approach
between RQD (MPa) modulus (GPa) (MPa) (mm)
and Jn Mean | COV | Mean | COV | Mean | COV |Mean| COV | Mean | COV
-1 7.09 | 1.20 | 969 | 0.39 | 1.03 0.50 | 3.68 | 0.85 | 36.75 3.79
-0.9 7.08 | 1.20 | 9.69 | 0.39 | 1.02 0.50 | 3.67 | 0.86 | 36.39 3.39
-0.8 7.07 | 1.19 | 968 | 0.39 | 1.02 0.50 | 3.63 | 0.85 | 3447 3.24
-0.7 7.01 | 1.18 | 9.67 | 0.39 | 1.02 049 | 3.61 | 0.85 | 3424 3.29
-0.6 7.00 | 1.18 | 967 | 0.39 | 1.02 049 | 3.59 | 0.85 | 33.38 3.04
-0.5 697 | 1.18 | 9.67 | 0.39 | 1.02 049 | 3.57 | 0.84 | 33.59 3.30
-0.4 690 | 1.18 | 9.66 | 0.39 | 1.02 049 | 3.52 | 0.83 | 33.53 3.50
-0.3 6.86 | 1.17 | 9.65 | 0.38 | 1.02 049 | 3.50 | 0.82 | 31.97 2.73
-0.2 6.77 | 1.16 | 964 | 038 | 1.01 048 | 347 | 0.81 | 31.97 3.23
-0.1 6.66 | 1.15 | 962 | 0.38 | 1.01 048 | 3.44 | 0.81 | 29.77 2.84
0 663 | 1.14 | 962 | 037 | 1.01 047 | 3.40 | 0.80 | 30.17 2.93
Sensitivity Index | 6.4% | 5.2% | 0.8% | 4.9% | 1.5% | 5.0% | 7.6% | 7.1% | 19.0% | 27.9%

Unfortunately, few studies have focused on the correlation among input parameters in rock
mass or ground classification. The interdependencies among ground parameters are mostly
overlooked, and it is assumed that all the input parameters are independent. However,
dependencies among ground parameters can be critical to obtaining proper numerical results in

engineering practice, particularly in probabilistic assessments and reliability analyses of
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geotechnical structures (Baecher and Christian, 2003; Wang and Akeju, 2016; Wang and Aladejare,
2016). The significant effect of correlations between ground parameters on a reliability analysis
and probabilistic design in underground construction has been highlighted (Li and Low, 2010; LU
and Low, 2011; LU et al., 2011). If the correlation between input parameters in a probabilistic
analysis is neglected, the estimated probability of failure may be severely underestimated or
overestimated and might differ by orders of magnitude (LU et al., 2012; Wang and Aladejare, 2016).
Therefore, it is advisable to account for and appropriately quantify the negative correlation
between the RQD and ih estimating the probability distribution of the Q value.

445 (IITHFWV RI GLVWULEXWLRQ W\SHV Rl 4 SDUDPHWHUYV

To investigate the effect of the Q-parameters distribution types on the Q value and
associated output parameters, different commonly used distribution types have been assigned,
based on the relative frequency histogram in Scenario 1, to each Q-parameter. The uniform
GLVWULEXWLRQ LQ 6FHQDULR D O VdistripmionQisidemwidaiM ud€IR QL Q I R
when the available information is vague and only the bounds of the parameter are given. This
distribution was also used to model all the input parameters in this case. The truncated triangular
distribution, for which the typical range definition is adopted from Barton et al. (1974), is used in
Scenario 15 and was also used to model each Q-parameter. The minimum and maximum values
of the actual histogram data were used as the truncated values. Panthi (2006) used the truncated
triangular distribution for the Q-parameters to simulate the rock mass quality Q in tunnels in
regions of the Himalayas.

As can be seen in Table 4.10, in Scenario 16, the best fitting distributions relative to the
histogram data for all the Q-parameters were obtained using the distribution fit function in the
@RISK program, the Kumaraswamy distribution for the RQD, triangular distribution,for J
exponential distribution for,Jinverse Gaussian distribution fay &riangular distribution forw
and Pareto distribution for the SRF (Palisade Corporation, 2016). The simulation scenarios are
shown in Table 4.10 with combinations of different distribution types for the Q-parameters. The
statistics for all the assumed distributions, including the minimum, maximum, mean, mode, and
standard deviation, are taken from those estimated in the histograms for each Q-parameter, as
summarized in Table 4.4. All the scenarios were performed simultaneously using the MCS
functions in the @RISK program. Latin hypercube sampling was used with a total of 10,000

iterations.
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Table 4.1CEffect of the distribution types of the Q-parameters on the Q value, rock mass
properties and displacement

Distribution patterns of Q-parameters Rock mass properties Displacement by
Scenario Other in Q-value ucs Deformation Cohesion | Barton approach
RQD Jr.Ja put (MPa) modulus (GPa) (MPa) (mm)
PArameters | yroan | COV | Mean |COV| Mean | COV | Mean | COV | Mean| COV
1 Histogram 6.64 | 1.13 | 9.62 |0.38| 1.01 047 | 342 | 0.81 | 29 2.57
2 Uniform 0.68 | 1.77 | 5.19 |0.38| 0.42 0.51 1.00 | 1.01 | 224 1.49
3 Lognormal 438 | 1.60 | 853 |0.38| 085 | 049 | 1.74 | 0.77 | 43 1.72
4 Normal Normal 1.65 | 1.16 | 693 |0.32| 0.73 0.73 1.56 | 0.74 55 1.24
5 Triangular 166 | 126 | 6.87 |034] 062 | 042 | 1.73 | 0.76 | 66 1.27
6 Tognormal 426 | 1.77 | 844 10.37| 0.84 0.50 1.74 | 0.77 35 1.71
7 Lognormal | Normal 162|112 | 692 |031] 074 | 092 | 1.534 | 0.72 | 52 1.03
8 Triangular . 1.66 | 1.27 | 6.89 |0.33| 0.62 | 042 | 1.75| 0.77 | 57 1.09
Triangular
9 Lognormal 416 | 236 | 7.73 048] 0.75 0.65 1.76 | 1.36 79 1.50
10 |[Exponential | Normal 1.12 | 1.31 | 6.12 |0.35| 0.66 | 0.87 | 1.06 | 092 | 103 1.39
11 Triangular 1.70 | 1.96 | 6.31 |0.45| 0.56 0.59 1.76 | 1.34 | 124 1.39
12 Lognormal 374 | 1.66 | 817 |0.38] 0.80 | 050 | 1.53 | 0.87 | 42 1.76
13 Triangular | Normal 1.62 | 1.18 | 6.89 [0.32| 0.69 0.72 1.53 | 0.75 57 1.18
14 Triangular 146 | 1.22 | 665 |033] 059 | 042 | 1.53 | 0.74 | 68 1.17
15 Truncated Triangular 1.09 | 147 | 6.04 |036] 051 | 046 | 140 [ 084 | 105 | 122
16 Best fit distribution 485 1.05]9.12 |034] 093 | 042 | 2.76 | 0.70 | 28 2.87
Note: The best distributions for input parameters are Kumaraswamy distribution (RQD), Triangular distribution (Jn),
Exponential distribution (Jr), Inverse Gaussian distribution (Ja), Triangular distribution (Jw), and Pareto distribution (SRF).

Table 4.10 compares the generated mean and COV of the output parameters in all the scenarios
with different distribution types. The simulation results from Scenarios 12, 6 and 3 are closest to
the results from Scenario 1, which were generated by the actual relative frequency histograms.
This is because the lognormal distributions, assumed: fand) d in these three scenarios, are
approximately closer to the actual histograms than to the other distribution types assumed in other
simulation scenarios. Although the best fit foadd d is an exponential distribution and an inverse
Gaussian distribution, respectively, the lognormal distribution also captures the distribution
characteristics ofr&and d, as shown in Figure 4.3 (c) and (d). Comparing the results generated in
Scenarios 3, 6,9 and 12, in whigtadd d are assumed to be lognormally distributed, the triangular
distribution assumption for RQD in Scenario 12 performed best. This is because the distribution
of the RQD is negatively skewed, as shown in Figure 4.3 (a), and the negatively siavgediar
distribution can better capture this type of data than the normal or lognormal distribution can.
Barton and Grimstad (2014) stated that a lognormally distributed RQD with positive skewness is

commonly found indvery poor” rock masses with a Q-range of @11 while a normally distributed
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RQD is found in oor” rock masses with a @DQJH RI i DQG D QHJDWLYHO\
distribution is found in¥air “to good rock masseswitha @ DQJH R i ,Q WKH 6KLPL
study, the average rock mass qualityf@r “with a mean value of 6.63, and the negatively skewed
triangular RQD distribution in Scenario 12 matches better with the actualeefatquency
histogram in Figure 4.3(a) than does the positively skewed lognormal distribution in Scenario 6 or
the normal distribution in Scenario 3. It is also shown that in Scenario 2, in which all the input
parameters are assumed to be uniformly distributed, a much smaller mean and a larger COV is
generated than in Scenario 1. This demonstrates that Scenario 2, with a uniform distribution
assumption, provides a greatly underestimated mean value with a larger variation. The triangular
distribution without truncation in Scenario 14 achieves better results than the triangular
distribution with truncations in Scenario 15. The best fit distribution used in Scenario 16 generates
results closest to those generated from the actual relative frequency histograms of all the simulation
scenarios used in Scenario 1. Thus, it is desirable to assign an appropriate distribution (e.g., best
fit distribution) to each input parameter to generate more realistic results for the output parameters.

If a theoretical distribution is well fitted to the empirical frequency data (e.g., the relative
frequency histogram), then random samples can be drawn from the fitted distribution in the MCS
(Fenton and Griffiths, 2008). A continuous probability distribution function, which has a scientific
rationale and is mathematically or computationally tractable, is a useful tool in probabilistic risk
analysis for addressing uncertainties and making informed decisions. The advantages of a
probability distribution function over a relative frequency histogram are summarized by Fenton
and Griffiths (2008): first, the irregularities, commonly encountered in the histogram due to a finite
amount of sampled data, are smoothed by fitting a continuous distribution; second, the fitted
distribution can produce values outside the range of the finite sampled data, meaning that the
effects of extreme values can also be taken into account; third, the fitted distribution has descriptive
statistical parameters while the detailed fluctuations in a histogram will change if the interval sizes
are changed; most notably, the fitted distribution also enables making estimations of stochastic
model parameters and drawing inferences, which allows one to make probabilistic inferential
statements for an entire site where data are limited or not available.

If sufficient data are available, the distribution that best fits the histogram of the data should
be selected. However, in rock engineering the subsurface information is often scarce, and only a

limited number of samples in limited regions are used for estimating the rock mass quality in the
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site investigation stage (Fenton and Griffiths, 2008; Langford, 2013). Thus, it may be difficult or
inappropriate to obtain the best fit distribution for such insufficient and incomplete frequency data.
Fortunately, certain probability distribution models are found to be suitable for explicitly modeling
the uncertainty or variability in some geological parameters, as reported by previous studies in the
geotechnical literature (Adoko et al., 2013). For example, probabilistic models such as the normal,
lognormal and beta distributions have been successfully utilized to describe the variability in rock
and soil properties, including the UCS, elastic modulus, cohesion and friction angle based on an
extensive literature review and case studies (Ang and Tang, 2007; Baecher and Christian, 2003;
Fenton and Griffiths, 2008; Hoek, 1998a; Lacasse and Nadim, 1996; Lumb, 1970; Phoon and
Kulhawy, 1999). Therefore, it is advisable to properly assume certain probability distribution types
for the input parameters in the Q-system to realistically estimate the probability distribution of the
Q value based on published literature and empirical experience. Additionally, the selected
distributions should be as simple as possible while still reflecting the basic nature of the variability
(Fenton and Griffiths, 2008). In the Shimizu study, the best fit for the RQD is the Kumaraswamy
distribution, a Beta-like distribution, but it is not commonly used in geotechnical engineering.
Instead, a negatively skewed triangular distribution, despite not being the best fit, matches the
histogram data of the RQD well and can be used as an alternative. The triangular distfbution

the RQD also generates similar results those of the best fit distribution.

4.5 Conclusions

An MCS-based uncertainty analysis framework for the Q-system has been developed to
probabilistically assess the uncertainty in the Q-parameters and its effect on the Q value and
associated rock mass parameters. A case study of the Shimizu highway tunnel was adopted t
implement the proposed framework. Based on the analysis and discussion of the obtained results,
it is concluded that the MCS-based probabilistic analysis allows for the quantitative
characterization of uncertainty and variability in the input parameters and its impact on the output
parameters. The probabilistic distribution of the Q value was obtained with the MCS technique
based on relative frequency histograms of the input parameters. The MCS-derived Q statistics are
more reasonable than the conventional estimation results using the interval analysis. The former
can more realistically take into account the correlations in input parameters in the estimation as

well as providing the full probabilistic distribution of the Q value, while the estimation in the latter
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approach is based on assumptions of perfect correlations which are rarely met in praséde. B

on the empirical correlations between rock mass parameters and the Q value, probabilistic
estimates of the rock mass parameters can be obtained, which can also be used as inputs to
numerical models for stress analysis and stability assessment. Caution should be exercised when
selecting appropriate empirical correlations during the probabilistic calculation process. In this
case study, the empirically estimated probabilistic tunnel displacement, obtained by the Barton
approach, generally agreed well with that generated from the probabilistic analysis of the FEM
RS2 numerical model with the PEM and MCS sampling techniques.

In addition, the results of the uncertainty analysis of the probabilistic Q-system suggest that
the probabilistic sensitivity analysis provides a quantitative ranking of the impact of the input
distributions of Q-parameters on the Q vallefferent from traditional one-way sensitivity
aralysis, the probabilistic sensitivity analysis is a multi-factor analysis technique, in which the
distributions of input parameters are taken into account and simultaneous variations of all the input
parameters are allowed. Probabilistic sensitivity analysis results obtained in the MCS process
generally agreed well with those derived from other sensitivity analysis techniques iasenis c
study, the mean and variation of the Q value and the associated rock mass parameters have been
underestimated if the negative correlation is not modeled in this case study. For the probabilistic
assessment of the Q value and associated rock mass parameters, it is advisable to select appropriate
distribution types for uncertain Q-parameters when insufficient input parameter data are available.
The selection of proper distributions for input parameters is vital and should be conducted by
combining site knowledge, local experience, and professional judgment.

The proposed framework of the MCS-based uncertainty analysis in the probabilistic Q-system
provides an approach for systematically assessing the uncertainty in the rock mass quality and its
propagation to rock mass characterization and ground response evaluation by applying the MCS
technique with appropriate empirical correlations. The probabilistic sensitivity analysis in the
MCS process can also be performed to identify the most influential input parameters in conjunction
with traditional one-way sensitivity analysis techniques. The framework are helpful in providing
insightful information for the probabilistic evaluation of ground responses and rock support

performance of underground structures.
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CHAPTER 5

RELIABILITY EVALUATION OF STABILITY FOR UNDERGROUND EXCAVATIONS
USING AN EMPIRICAL APPROACH

5.1 Abstract

The critical strain concept has been widely used in analytical or numerical approaches to
evaluate the stability of underground excavations with a strain-based failure criterion. However,
analytical solutions are often based on simplistic assumptions and numerical procedures are
generally computationally expensive, in which deterministic critical strain values are often used.
To address this issue, reliability assessment using an empirical approach has been performed for
the preliminary evaluation on the excavation stability with the First Order Reliability Method
(FORM) algorithm. The probabilistic critical strain, which takes into account uncertainties in rock
mass parameters, and the tunnel strain empirically estimated based on the rock mass classification
Q index were incorporated in the limit state function for reliability evaluation. Monte Carlo
simulation was also conducted for comparing the reliability analysis results with that derived from
the FORM algorithm. A highway tunnel case study was utilized as an example to perform
reliability evaluation on the excavation stability. The probabilistic sensitivity analysis has been
carried out to identify the most influential parameter. The effects of the correlation, distribution
types and coefficient of variation in input parameters on the reliability have also been investigated.
The reliability analysis results show that the tunnel is not expected to experience instability after
excavation. The excavation stability has also been evaluated using analytical and numerical
approaches, and obtained results were consistent with that derived from the reliability assessment,
which has also verified the effectiveness of the reliability-based evaluation on excatebibty
using the empirical approach. Thus, reliability assessment using the FORM algorithm with the Q-
based empirical approach can be used as a complement to analytical and numeriadiepfona

the preliminary evaluation of the stability of underground excavations.

5.2 Introduction
Uncertainty is inevitable in engineering geology, and inherent uncertainty in geologic
conditions and geotechnical parameters plays a key role in the field of geotechnical engineering,

including the construction of underground structures. Evaluation and consideration of uncertainty
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have becoming an increasingly important part in the engineering design and ¢mms(Einstein

and Baecher, 1982hlowever, traditional deterministic design methods inadequately deal with the
inherent uncertainty and variability, and this may result in over- or under-design of underground
structures and associated risks. For example, in the traditional allowable stress design (ASD)
approach, only the expected case is discussed and an overall margin of safety is applied. The ASD
also does not consider the effects of actual variabilities in load and strength and insufficiently
provides the level of site understanding on the probability of failure (Fenton and Griffiths, 2008).
Fortunately, a more quantitative and systemic approach with the use of probability, statistics and
reliability can provide rational analysis of uncertainty and complement the traditional deteeministi
approaches (Einstein and Baecher, 1982).

Rdiability assessment represents a rational method to describe design risks by directly
guantifying uncertainties in input parameters in the design process (Langford, 2013). It is capable
of systematically quantifying safety risks aisdegarded as a useful tool in solving challenging
geotechnical engineering problems subjected to inherent uncertainty and variability (Zhang and
Goh, 2018). Reliability approaches also provide a more consistent and complete measure of the
risk level since they not only consider the expected case but also offer a measure of design
performance based on the reliability index or probability of failure (Langford, 2013). Rgltabil
based design approaches, including the load resistance factor design within a probabilistic
framework, have been widely used in evaluating the reliability and risk level in geotechnical
engineering. Despite its benefits, the reliability analysis in the geotechnical engineerimgdield
been focused on surface and gravity-driven geotechnical projects where loads and resistances can
be dealt with separately. It has not yet achieved widespread use in the design of underground
construction, and this is attributed to the complex ground-support interaction since the system
performance is dependent on interdependency among rock loads, deformation and support
resistance (Langford, 2013). The load and resistance are difficult to differentiate in underground
construction since the rock mass itself both acts both as the load and support resistance. Thus, it is
not appropriate to independently separate the loads and resistances in underground construction in
a performance function, which is often used to define the acceptance criterion for the system
performance. Instead, the limit state function that is defined with respect to a limiting value for

rock mass response is generally taken as the performance function. Accordingly, the probability
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of failure, which refers tehe violation of the limit state, can be calculated as the likelihood of
exceeding of a prescribed limit state.

The limit states with regard to the stability evaluation of underground structures can be mainly
described by the stress-based failure criteria and strain-based failure criteria. As for the stress-
based failure criteria, Li (1990) stated that the in-situ stresses are generally not directly measurable
and are converted from the displacement or strain through behavior equations. It was also pointed
out that the conversion is normally based on assumptions such as the plane stress condition and
+RRNHfV ODZ ZKLFKs &halimsny cordisdddHantl @ mass properties. In
addition, the strength parameters of rock masses in the stress-based failure criteria are often
difficult to obtain since the in-situ tests are expensive and time-consuming (Hoek, 2007). Moreover,
Sakurai (2017) presented that the stress-based yielding criteria, which are used in elasto-plastic
analysis for stability assessment of geo-structures, lead to calculated stress levels that never go
beyond the yield point. As a result, the stress keeps constant while the strain increase beyond the
yielding point till failure, which implies the failure criteria to some extent should be defined in
terms of strain. It is also stated that the apparent factor of safety, defined in terms of stress, will
always be one as the stress state in a plastic zone cannot exceed the yield stress point. In these
scenarios, however, tunnels may still be adequately stable as the plastic zone or failure region is
always surrounded by stable elastic zone (Sakurai, 2017). In contrast, the advantages of strain-
based failure criteria have been summarized over the stress-based failure criteria (@agde et
2014): the consideration of both elastic and inelastic strain, the direct and observable effects
instead of inferred effects, and the ability of modeling complete stress-strain curves. The
displacement or percent strain is also more practical and easier to measure in underground
construction. Based on these reasons, strain-based failure criteria are of particular andrests
have been widely applied in the underground design and construction (Daraei and Zare, 2018; Fuijii
et al., 1998; Hoek, 1998b; Li and Villaescusa, 2005; Li et al., 2000; Li, 1990; Sakurai, 1981; Singh
et al., 2007; Stacey, 1981).

In recent decades, numerous researchers have employed limit state functions with strain-based
failure criteria using the First Order Reliability Method (FORM) or Monte Carlo simulation (MCS)
techniques to evaluate the reliability of underground excavations, and productive results have been
achieved (Li and Low, 2010; Liu and Low, 2017; LU et al., 2012; LG and Low, 2011; LU et al.,

2011; Song et al., 2016). Among these reliability evaluations, analytical expressions based on the
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ground-support interaction in circular tunnels were used to construct the performance function (Li
and Low, 2010; Su et al., 2011). However, the analytical solution was basically derived with
assumptions of a circular tunnel in isotropic and homogeneous ground subjected to hydrostatic
stress with uniform internal support pressure. These assumed conditions in the analytical solution
are ideal and seldom met in the practice of underground excavation. Alternatively, numerical
procedures with finite element or finite difference models using different algorithms were
developed to implicitly approximate the strain-based performance function for thel tunne
reliability assessment, including the response surface method (RSM) (Hamrouni et al., 2017; LU
and Low, 2011; LU et al., 2011; Mollon et al., 2009b, 2010), Regression Method (Basarir, 2008;
Goh and Zhang, 2012; Zhang and Goh, 2015; Zhang and Goh, 2012; Zhu et al., 2008), Artificial
Neural Network (Adoko et al., 2013; Goh and Zhang, 2012; Li et al., 2012; Mahdevari and Torabi,
2012; Rafiai and Moosavi, 2012), Support Vector Machine (Tan et al., 2011; Zhao, 2008; Zhao et
al., 2014) and Augmented Radial Basis Function (Bai et al., 2012; Fang et al., 2005; Wang et al.,
2016). Reliability approaches, including the First Order Second Moment method, Point Estimate
Method, FORM and MCS techniques, have been used to perform reliability analysis based on
these implicitly constructed performance functions with satisfactory results achieved. It should be
noted, however, that the numerical procedures are generally computationally expensive, which
requires a great number of numerical experimentations or iterations. Actually, in addition to the
analytically or numerically derived performance functions, there are some empirical correlations
related to the displacement or percent strain based on collected case histories of underground
excavations (Barton, 2002; Barton et al., 1994; Chern et al., 1998a; Chern et al., 1998b; Hoek,
1999; Hoek, 2001; Sakurai, 1983) which are useful in the preliminary evaluation of excavation
stability. Nevertheless, few attempts have been made to adopt the empirically derived pegorman
function with the strain-based failure criterion to assess the reliability and risk levels of
underground excavations. In addition, in regard to reliability evaluations using both the simplistic
analytical solution and sophisticated numerical procedures, as mentioned above, the focus was
primarily the illustration of proposed analysis approaches or numerical algorithms, and
hypothetical examples with assumed statistical moments of rock mass parameters were mostly
used. In other words, few case studies with real statistical data of rock mass properties have been

utilized to verify the validity of proposed approasbr algorithms. Moreover, single deterministic
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limiting strain values were subjectively determined and used in the strain-based performance
functions, and the uncertainties involved were not accounted for.

To address these issues, in this chapter, reliability assessment using the FORM algorithm,
which incorporates probabilistic critical strain and the Q-based empirically estimated tunnel strain,
has been carried out. The reliability-based assessment allows for the consideration of inherent
uncertainties in rock masses and has been applied in the preliminary evaluation of the excavation

stability of the Shimizu highway tunnel case study.

5.3 Methodology
531 5HOLDELOLW\ LQGH]

Reliability analysis deals with the relation between the loads a system must carry and its
capacity to carry those loads (Baecher and Christian, 2003). Hasofer and Lind (1974) proposed an
approach known as geometric reliability or the FORM to analyze the reliability of a system. The
matrix formulation of the FORM for uncorrelated normal parameters can be found in the literature
(Ditlevsen, 1981; Hasofer and Lind, 1974). Low and Tang (1997) proposed a practical approach
with the optimization features using the spreadsheet to calculate the reliability index. In this
approach, an alternative interpretation of the reliability index is performed based on an expanding
ellipsoid in the original space of the basic random variables, and the reliability index can be

expressed as (Low and Tang, 1997):

wherex; is the original normal variabl® is the correlation matrix among input parametefs,
and i are the mean and standard deviation of random vari@abtespectively, an# is the

failure domain. For correlated non-normal input parameters, the equivalent normal mean and
standard deviation should be used, and the reliability index can be calculated as (Low and Tang,
2004):

N
i

where FN and M are the equivalent normal mean and standard deviation of non-normal random

variable x , respectively. The equivalent normal mean and standard deviation values for non-
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normal random variables can be computed using the Rackwitz and Flessler (1978) two-parameter
equivalent normal transformation or other transformation techniques.

In the framework of the FORM algorithm using the spreadsheet, the design point is a point
on the boundary (the limit state surface) that separates safe combinations of parametric values from
the unsafe combinations. The design point is the most probable failure combination of parametric
values (Low, 2008b). In reliability analysis using FORM, the uncertainties and correlation
structure of the parameters are represented by a one-standard deviation dispersion ellipsoid
centered at the mean-value point, as shown in Figure 5.1. The safety is expressed lmiity relia
index which is the shortest distance (measured in units of directional standard de\Ratjdresn
the meanY DOXH SRLQW WR WKH PRVW SUREDEOH IDLOXUH FRPEL
on the limit state surface (Low, 2018; Low, 2008b). For more information about the constrained
optimization approach from the ellipsoidal perspective, the literature (Low, 2018; Low and Tang,
1997, 2007; Low, 2008b; Low and Tang, 2004) can be referred to. Based on the reliability index,
the probability of failure can be evaluated by (Baecher and Christian, 2003):

p: 11 ) (8 (5.3)

where P; is probability of failure, ) is the CDF of the standard normal variable.
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Figure 5.1 Design point and equivalent ellipsoids (modified from Low and Tang, 2004)
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A new efficient spreadsheet algorithm for the FORM was proposed and expressed as
follows (Low and Tang, 2007):

E min JIN"RY 1 (5.9

n 2 V,fi” ) TFO)] (5.5)

wheren is a column vector afi; when the value afi is varied during the constrained optimization,
the corresponding value of is automatically calculatedt is the non-normal cumulative

probability distribution ak;; ) (n) is the cumulative distribution function of the standard normal

variablen.

The reliability index as expressed in Eqg. (5.4) can be calculated using the FORM algorithm
by the ((FHOTVLERXRGWLPL]DWLRQ UR Xé&tl toQtHe ééRt@ivtHhht theé/ XEMHF
performance functionG(X)=0, where thex values are calculated from Eq. (5.4), and by
automatically changing the valuesrpf

532 5HOLDELOLW\ DQDO\VLYV ZLWK FULWLFDO VWUDLQ EDVHG
The implementation procedures of the critical strain-based reliability analysis of the tunnel
using the FORM algorithm are shown as follows:
(1) Establish critical strain-based limit state function
The estimated strain is a function of the Q value using the Barton (2002) estimation

approach. Thus, the limit state function can be expressed as follows:

G(X) . HQ (5.6)

'R (5.7)
. SPAN [V -
' Tom Y (5.8)

G(X) fgg\'f / R (5.9)

whereG(X) is the performance function of the systefd,is the critical strain;', is the vertical

displacement (in units of mmM$PANis the tunnel span (in units of mmni). is the vertical stress

I is the uniaxial compressive strength of intact roakisRhe tunnel radius.
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In terms of the critical strain, it can be treated as a deterministic value or a random variable.
In the case of deterministic critical strain, the critical stimset to certain single value (e.g. 0.5%,
1%). If the critical strain is viewed as a random variable, it can be calculated, according to the
critical strain concept proposed by Sakurai (1981), as the ratio of the UCS over the elastic modulus
of rock mass, which is as follows:
4

H E_m (5.10)
G(X) SPAN \/7 /Ro V. .exp(0.6lo@d 2)  SPAN \/7 /RO (5.11)
E. 100Q \ . E exp(0.8625log)  2.875) 100Q \/,

where I/, is the UCS of rock masg,, is the elastic modulus of rock mas§/is the uniaxial

tm
compressive strength of intact rok;is the elastic modulus of intact rock.
(2) Reliability analysis using the FORM spreadsheet

Once the critical strain-based limit state function is determined, the reliability analysis can
performed using the FORM spreadsheet, and the reliability index and the probability of failure can

be obtained.

5.4 Reliability analysis with deterministic critical strain

541 7KH FRQFHSW RI FULWLFDO VWUDLQ

In underground excavations, there are mainly two failure mechanisms, i.e. stress-controlled
failure mechanism due to the excavation-induced stresses and structurally-controlled failure
mechanism caused by intersecting discontinuities (Li and Low, 2010). In this study, the stress-
induced failure mechanism is investigated. The critical sisamormally required to evaluate the
tunnel deformation before excavation. The concept of critical strain was introduced by Sakurai
(1981) andisGHILQHG DV WKH UDWLR RI VWUHQ k4K beiRedd&tHe <R X Q J
limiting strain and is interpreted as the strain value above which instability problems are likely to
occur. The critical strain is always smaller than the failure strain or the peak strain on the stress-
strain curve, thus it may be used as a warning strain level which can guarantee the strud¢yural safe
(Sakurai, 1981). This also implies that if the predicted tunnel strain is below the critical strain, then
the tunnel willbe stable during the excavation process. The concept of critical strain has been
extensively reviewed by Li (2004) based on laboratory tests on intact rock samples, and the critical

strain isre-evaluated considering three typical stress-strain relationships of rocks, i.e. elastic
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behavior, elastic-plastic behavior and plastic-elastic-plastic behavior. With regard to rtitks w

the plastic-elastic-plastic behavior, the modified tangential modulus is used using the axis
translation technique instead of the initial tangential modulus considering the initial plastic
deformation at the beginning of loading. This can greatly reduce the conservativeness caused by
the use of the initial tangential modulus and more realistically reflect the deformational behavior
of rocks (Daraei and Zare, 2018; Li, 2004).

Based on field observations and measurements, Sakurai (1983) suggested the critical strain
value of 1% since the onset of tunnel instability with support problems took place when tunnel
strain was larger than approximately 1%. Field observations by Chern et al. (1998b) and Hoek
(2001) confirmed this value. Hoek (1999) also defined the critical strain value of 2% as the
boundary between stable tunnels requiring minimal support and unstable tunnels necessitating
special support. However, it should be noted that some tunnels which have experienced strains as
high as 5% did not show stability problems (Hoek, 2001). Hoek (2001) also presented that it is
allowable for tunnels within squeezing conditions to suffer strains as much as 5% before the
activation of tunnel support. Thus, there is no universally accepted critical strain value and the
critical strain is dependent on ground characteristics and in-situ stress levels in different cases.

In this study, a critical strain-based performance function is empirically established, and
the Shimizu highway tunnel case is illustrated as an example to perform the reliability analysis
Table 5.1 summarizes the statistical moments of relevant parameters for the Shimizu tunnel. Table
5.2 compares the estimates of the mean critical strain value using different calculations
summarized from literatures. Eq. (5.10) is the definition of the critical strain. Other equations are
the extension of the critical strain concept based on results obtained from laboratory tests, physical
modeling tests, empirical correlations, and field observations or measurements. The mean values
are also given for the tunnel strain at the tunnel crown derived from the numerical calculation with
RS2 modeling and from the empirical Barton approach (Barton, 2002) in Talibe &c2nparison
purpose. The obtained critical strain values are different, varying from about 0.3% to 2%. This
may be due to the fact that these equations, based on which the critical values are calculated, are
derived from case histories or numerical studies with different ground characteristics. Thus, the
determination of single critical strain values of rock mass is not an easy task and caution should
be exercised. Site knowledge, local experience, and engineering judgement should be combined

to determine the critical strain value based on some numerical calculations or field measurements.
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Table 5.1 Summary of statistics of parameters in the Shimizu tunnel case

Parameters
SPA | HEIGH Intact | Intact | o\ ood ROCK mass
I ucs elastic elastic
Statistics N T Q UCs
(m) (m) i modulus % (MPa) modulus
(MPa) | Ei (GPa) Em (GPa)
Dlstrrllbutlo N/A N/A Lognlorma Nolrma Logr;orma Logr;orma Logr;orma
Mean 18 12 6.63 49 10.2 9.62 1.01
SD 0 0 7.52 9.66 1.6 3.62 0.47

Table 5.2 Summarized critical strain estimated using different approaches

Equation Eq;atlon (;1:[?3[ Remarks Source
0. Strain
Ec =0,/ E, 5.10 | 0.95% By definition Sakurai 1983
g, =100 0er 0510 110.29% For intact rocks Idris et al.. 2016
Curve fitting based on data
—0.318 g
=1. 5.13 0.52% . . Hoek, 1998
ec =1.0730,, ° |from 3 case studics in Taiwan
E c sir ' es 1 .
£p =502 514 Peal strain correspoing to the Ramamurthy, 2001; Singh et al., 2007
o peak stress
o = 0.67&p | 515 |1.02%| Combine Egs. 5.14 and 5.15
= — (= 516 | 113% Derived from physical modeling Singh et al., 2007
< E°S37TE?S? ' 77 |tests of jointed rock mass
o.® Combine Eq. 5.16 and Singh et
e =31.1—-~—+~ 5.17 0.15% d- > . l Si t al., 2007; Si t al.. 1997
c E Q% °lal. (1997) correlation ingh ct a ingh ct a
0.88 .
(o) Combine Eq. 6 and Barton .
Er=584—7—"——| 5.8 0.43% . S t al., 2007; Barton, 2002
€ 0" E ,.0'63 ° (2002) correlation ingh et a arton
FLAC3D code utilized to
= . 509 . .. Zhang & Goh (2015
e f (Q" B/ H) 319 0.50% estunate stram in caverns g oh ( )
Finite difference method used
g- = [(GSI. p,.1 2 S . . Cui et al., 2017
c =J( Po-11) | 520 considering softening behaviors ueta
Sakurai, 1983; Hoek, 1998; Chern et al..
1% 1998: Hoek, 2001:; British Tunneling
Society, 2004; Song et al., 2016
20 Hoek, 1999: Liietal., 2011:Lii et al.,
- 2013, 2017
Mean strain value estimated by
0.44% ]
RS2 FEM analysis
0.32% Mean .s"tram estimated by Barton. 2002
Barton's approach
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The relationships between critical strain and uniaxial compressive streng®) &5 @ell
DV <RXQJYV PRGXO X Vare subhR&iked by (S&kukaiR2007Y, as seen in Figure 5.2
Note that these relationships were established originally based on laboratory tests on rocks and
soils, however, Sakurai (1983) pointed out that the critical strain of in-situ rock mass is almost the
same order of magnitude as that of intact rocks based on in-situ tests (plate bearing tests and direct
shear tests) and back-calculations in rock masses. The critical strain for rock masses also falls
within the bounds shown in Figure 5.2 since the effects of joins are canceled out by taking the ratio
of the strength to the elastic modulus of rock mass (Sakurai, 1997). The hazard waring levels were
also proposed in the critical strain chart for preliminary evaluatidneo$tability of tunnels prior
to the start of tunnel excavation, which have three stages depending on the degree of stability. As
can be seen in Table 5.2 (A), the warning level Il is the upper bound of the strain, above which
many different types of excavation problems are likely to occur; the warning level | is the lower
bound, below which tunnels are stable without excavation problems; and the warning level Il in
between is the centerline between warning level | (lower bound) and warnindlleugbper
bound). The upper bound and lower bound are also shown in Table 5.2 (B) in terms of the
relationship between critical strain and elastic modulus.

Based on the relationships shown in Figure 5.2, the hazard warning levels were estimated
using the strength and elastic moduli of intact rocks and rock mass in the Shimizu tunnel case, as
marked in Figure 5.2. The obtained hazard warning levels of critical strain are summarized in
Table 5.3. The critical strain values for intact rocks vary from about 0.1% to 0.8% based on the
intact UCS and elastic modulus according to Figure 5.2. In contrast, the critical strain values for
the rock mass are in the range of about 0.2% to about 1.5% based on the rock mass UCS and elastic
modulus values. Thus, it reveals that the critical strain values estimated for the rock mass are about
2 times that for intact rocks in this case stud

Sakurai (1997) stated that the critical strain of the rock mass is always greater (1 to 3 times
more) than that for intact rocks. Based on this, it is also suggested that the critical strain obtained
from intact rocks can be used as the permissible strain for rock mass since a certain amount of
safety allowance can be guaranteed. However, Daraei and Zare (2019) pointed out that the use of
critical strain derived from intact rocks is too conservative due to the following reasons: first, there

is a scale effect between rock mass and intact rocks and the critical strain for rock mass is about 1
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to 3 times that for the intact rock as noted by Sakurai (1997). Thus, a sufficient safety factor (1 to
3) has already been automatically taken into account due to this scale effect. Especially for rocks
with the plastic-elastic-plastic behavior, critical strain values estimated from intact rocks can be
considerably smaller than those for rock masses. If these critical strain values for intact rocks are
used in evaluating the excavation stability in rock masses, over-conservativeness will be
encountered. In addition, the difference between the critical strain and failure strain at the peak
strength should also be considered in intact rocks. The failure strain of intact rocks will be 1 to 5

times the critical strain, indicating another safety factor is also included in the critical strain
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Figure 5.2 Relationship between critical strain and rock properties (modified from Sakurai, 1997,
2017} (A) critical strain vs. UCS; (B) critical strain vs. elastic modulus

114



criterion (Daraei and Zare, 2018). Thus, critical strains determined from intact rocks should not be

directly used for rock masses to avoid over-conservatism. Instead, to lessen the conservativeness

and more realistically capture the characteristics of rock mass, the critical strain for rock mass

should be estimated based on mechanical properties of rock massem-Sitctests for directly

estimating rock mass properties are expensive and time-consuming, empirical rock mass

classifications can be used as an alternative to provide initial estimates of rock mass properties.

Table 5.3 Comparison of critical strain estimated using intact and rock mass properties

Critical strain (%)
Rock property
index Upper bound | Mean | Lower bound
L 0.65 0.25 0.093
Lm 1.27 0.48 0.20
E 0.81 N/A 0.14
Em 1.46 N/A 0.25

543 (IIHFWV RI GHWHUPLQLVWLF FULWLFDO VWUDLQV RQ WKH

To investigate the effects of critical strain values on the tunnel reliability, performance

functions with different deterministic critical strain values were used within the FORM framework.

Figure 5.3 illustrates the FORM example watbritical strain value of 1%. The input parameters,

including the Q index, the UCS of intact raclkand the vertical stress, were treated random

variables with respective statistical moments. The UCS of intact rocks was assumed ta follow

normal distribution and the standard deviation was estimated using 3 sigma rule (Duncan, 2000;

Hoek, 1998a; Sari, 2009; Tiwari et al., 2017). The vertical stress was also assumed to be normally

distributed, and the COV was assumed 25% based on published data in literature and practice (Cai,

+DGMLIJHRUJLRX DQG +DUULVRQ

[+ H.Wh tbeQFORM

OHQ |

spreadsheet shown in Figure 5.3, the reliability index value was calculated as 2.575 and the

estimated probability of failure is 0.5%. For comparison, the MCS technique was also carried out

to directly estimate the probability of failure, which is the likelihood that the performance function

value is no greater than zero.

115



Figure 5.4 shows the effects of critical strain values on the reliability index and probability
of failure. The reliability index increases while the probability of failure decreases with the
increase of critical strain values. Note that the reliability index is negative and the probability of
failure is greater than 50% when the critical strain value is less than 0.1%. The performance
function values under these circumstances are negative at mean values of input parameters,
indicating that the mean-value points are already inside the failure region (Low, 2008b). The
resultant reliability index is negative and correspondingly the probability of failure is greater than
50%. Results in Figure 5.4 (B) also reveal that the probability of failure results calculated from the
MCS technique are in good agreement with that estimated from the FORM approach, which also
verifies the accuracy of the FORM approach. The good agreement achieved between the FORM
and MCS approaches has also been previously reported in reliability analysis results in the field of
geotechnical engineering (Jimenez-Rodriguez and Sitar, 2007; Li and Low, 2010; Low and
Einstein, 2013; Lu et al., 2012; LU and Low, 2011; Lu et al., 2011).

Span |Radius Ro| Av ev
(m) (m) (cm) | (%)
18 9 9.0 | 1.00
Design point ; :
Random| pistribution|Para1t  Para2  Para3 Parad 9 *p Correlation matrix ni
Variable Xi [R]
Q Lognormal| 6.63 7.52 0.44 1 0 0 -2.54
ac Normal 49 9.66 46.18 0 1 0 -0.29
ov Normal | 2.03 0.51 219 0 0 1 0.32
limiting strain ec Performance | Reliability index | Probability of failure
g function G(X) B Pf=0(-B)
1.0% -8.0E-07 2.575 0.50%
_ SPAN |o, B=SQRT(MMULT(TRANSPOSE
G(X) =&, — 1000 \ & R, [R,MMULT(MINVERSE [ni], [R])))

array formula:ctri+shift, then enter

Figure 5.3 FORM spreadsheet with deterministic critical strain
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In the FORM spreadsheet, the design point values are determined automatically for each input
parameter and can reflect sensitivities of the performance function to all the input parameters (Low,

2008a). Theinvalues, as calculated by Eq. (5.5), are standard normal variables, which provide a
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Figure 5.4 Effects of the critical strain values on the reliability: (A) reliability indek; (B
probability of failure

measure of relative parametric sensitivity. The greateritkialwe for an input parameter is, the
farther the design point is from the mean value point, and thus the more significant the input
parameter is. It is clearly seen in theolumn in Figure 5.3 that the value for the Q index is the

largest, followed by the vertical stress and the UCS. Using the MCS technique, the sensitivities of
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input distributions can also be obtained with tornado graphs. Figure 5.5 illustrates the rank of
relative importance of input parameters in tornado graphs derived from the regression analysis in
the MCS process. The input parameter Q index is most important, followed by the vertical stress
and the UCS, consistent with sensitivity results derived fromloes in the FORM spreadsheet.
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Figure 5.5 The rank of relative importance of input parameters: (A) ranked by regression
coefficient; (B) ranked by the contribution to variance
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The effects of distribution types of Q-parameters on the probability density function (PDF)
of the estimated strain were also studied using the MCS technique. The distribution effects of Q-
parameters RQD; dnd d are focused in this study with different distribution types assigned, while
other Q-parameters,,JJv and SRF are assumed triangularly distributed. According to the
summarized commonly used distribution types for RQRxndl d parameters, as mentioned in
Section 3.4.6 in Chapter 3, three distribution types were assigned, i.e. normal, lognormal and
triangular distributions for RQD, Jr and Ja parameters. The scenario with histograms of the relative
frequency data for all the Q-parameters was also included for comparison.

Figure 5.6 compares the estimated PDFs of tunnel strain with different distribution
assumptions. The scenario with histogram frequency data generated the smallest statistical
moments (mean of 0.32%, standard deviation of 0.41%). This indicates that the obtained strain
values are overestimated under other distribution assumptions, thus being conservative. Results
also show that the scenario with the lognormal distribution assumption generates results closest to
that derived from the histogram frequency data. This is becausegihttelsecond most important
input parameter (the SRF parameter is most significant with the assumed triangular distribution in
all scenarios), as can be seen in Section 4.4.3, and that the lognormal distribution is a better fit for
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Ja compared to other distributions (normal distribution and triangular distribution). It was also
reported by Lu et al. (2019) that scenarios with lognormally distributeshd d parameters
produced better estimates of the Q value and associated rock mass parameters in the Shimizu
tunnel case study. Thus, it is of great significance to identify the most influential input parameters
using sensitivity analysis and assign appropriate distribution types since variations in these

important input parameters contribute the most to the overall uncertainty of the output parameter.

Lognormal distribution (Mean:0.38%, Std:0.69%)
e Histogram (Mean:0.32%, Std:0.41%)

e Normal distribution (Mean:0.54%, Std:0.72%)

2 e Triangular distribution (Mean:0.57%, Std:0.76%)

Probability density (*100)

0.0 0.5 1.0 1.5 2.0 25 3.0
Strain (%)

Figure 5.6 Comparison of PDFs of estimated strain

It is also observed that the scenario with the normal distribution assignment generates PDF
of estimated strain with greater mean and standard deviation than that of the lognormal distribution
scenario. This phenomenon can be explained as follows: the lognormally distributed parameter J
one of the most influential parameters, with positive skewness, leads to a higher probability of
smaller J values being sampled in the MCS process than that in the scenario of non-skewed
normally distributed Ja. As a result, larger Q values are more likely to be calculated,gneanin
better rock mass quality, in the scenario with the lognormally distributeardmeter. This also
results in a smaller mean value of the estimated tunnel strain in the lognormal distribution scenario
than in the normal distribution scenario, indicating the conservativeness of the normal distribution
assumption. The greater conservativeness achieved in the normal distribution assumption than in

the non-normal distributions for rock mass input parameters has also been reported by numerous
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researchers in the analyses of underground structures, which includes scenarios of rock mass input
parameters of cohesion, friction angle and deformation modulus of Mohr-Coulomb material
(Hamrouni et al., 2017; Li and Low, 2010; LU and Low, 2011; Lu et al., 2011), input parameters

of GSI, the constamhi, the disturbance factor D and intact UCS of Hoek Brown material (Pan and
Dias, 2018; Zeng et al., 2014), or input parameters of rock mass strength, deformation modulus,
Hoek-Brown criterion parameter m and dilation angle (Song et al., 2016). It is also found & Figur
5.6 that the scenario with triangular distribution assignment has the largest statistics of estimated
strain, generating the greatest differences compared to the results obtained from the histogram
scenario. This implies that the triangular distribution might not be suggested for use despite the

relative ease and simplicity in defining the distribution (min, most likely and max).

546 (IIHFWV RI FRUUHODWLRQREHWEKHHIHOBAL'DEQGL-W\

The effects of the negative correlation between RQD ammh the reliability were also
studied. Figure 5.7 describes the variation of the reliability index and the probability o Vailar
the changes of correlation coefficient between RQD an&dsults show that the lower safety
levels are achieved, represented by lower reliability index and higher probability of, faiitire
stronger correlation between RQD andThis indicates that the level of safety and reliability is
overestimated if the negative correlation is neglected. Recall that the greater mean of the Q value
is achieved with the stronger correlation between RQD anasJnentioned in Section 3.4.5 in
Chapter 3 and Section 4.4.4 in Chapter 4, and this may lead to better rock mass qualitgsas well
higher reliability level. It should be noted, however, that the standard deviation and the COV which
are the measure of variation also become greater with stronger correlation betweendRRD a
As mentioned in Section 4.4.4 in Chapter 4, the standard deviation and COV are more sensitive to
the correlation between RQD angdcdmpared to the mean values. Thus, it is indicated that the
dispersion in the derived distribution of the Q value may have greater effects on the overall level
of safety and reliability than the mean value.

As can be seen in Figure 5.7, the reliability index decreases from 2.58 to 2.50 and
corresponding probability of failure increases from 0.5% to 0.63% when the correlation coefficient
between RQD andhJaries from 0 to -1.Sensitivity indices, as introduced in Section 4.4.3 in
Chapter 4, were also calculated to assess the sensitivity of both the reliability index and the
probability of failure to the correlation between RQD andRé&sults show the obtained sensitivity

index is 3.1% for the reliability index while the sensitivity index for the probability of failure is
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much larger (20.4%). This indicates that the negative correlation between RQbhasdydeater

impact on the probability of failure than on the reliability index in this Shimizu tunnel case.

(A)

Reliability index

(B)

Probability of failure
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Figure 5.7 Effects of correlation between RQD andnJreliability: (A) reliability index; (B

probability of failure

5.5 Reliability analysis with probabilistic critical strain

551 3HUIRUPDQFH IXQFWLRQ EDVHG RQ SUREDELOLVWLF FULYV

In Section 5.4, deterministic critical strain values were used in the performance function

for conducting the reliability analysis. However, the uncertainties involved in the selection of the

critical strain values are not considered. The probabilistic critical strain, which enables th

consideration of inherent uncertainties in rock mass parameters, is capable of overcoming the

difficulty when choosing the appropriate single critical strain value in the deterministic critical
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strain approach. The following study will introduce the probabilistic critical strain into the
calculation. Uncertainties in the critical strain, according to the definition of the critical strain, are
derived from the uncertainties in the rock mass strength and elastic modulus of rock mass. As
mentioned in Section 4.4.2 in Chapter 4, the normalized estimation approach with the
consideration of intact rock properties works well in estimating the strength and elastic modulus
of rock mass, and the rock mass properties estimated using this approach were adopted to calculate
the critical strain. Figure 5.8 illustrates the FORM spreadsheet with probabilistic critical strain in

the limit state function.

Figure 5.8 FORM spreadsheet with probabilistic critical strain

In the FORM spreadsheet in Figure 5.8, the input parameters are the Q index, the intact

UCS, the intact elastic modulus, and the vertical stress. As mentioned in Section 5.4.3, the intact
UCS was assumed to be normally distributed and the standard deviation was estimated using 3
sigma rule. Similarly, the intact elastic modulus was assumed to follow lognormal distribution and
the standard deviation was also estimated using 3 sigma rule (Tiwari et al.,, 2017). Based on
laboratory tests on intact rock samples in the Shimizu tunnel case study, the intact UCS and elastic
modulus data ascollected, and the correlation coefficient between the UCS and elastic modulus
was determined to be 0.67, as depiateigure 5.9. The correlation coefficient between the intact
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UCS and elastic modulus was considered in the correlation matrix in the reliability analysis shown
in Figure 5.8. The obtained reliability index is 2.778 and the corresponding probability of failure
is 0.2®6. Figure 5.10 illustrates the PDF of the estimated critical strain, in which the statistical
moments and the 90% confidence interval are also listed. The critical strain is a random variable

with the mean value of 1.04% and the standard deviation of 0.31%.

Figure 5.9 The positive correlation between UCS and elastic modulus of intact rock: (A) original
data set; (B) normalized data set

Reliability analysis with the probabilistic critical strain has also been conducted using the

MCS technique with 50,000 iterations. The obtained probability of failure is 0.28%, which also
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agrees well with the value of 0.27% derived from the FORM results. This also confirms the

agreement of reliability results derived from the FORM algorithm and the MCS simulations.

Figure 5.10 The distribution of critical strain

552 6HQVLWLYLW\ DQDO\WVLYV ZLWK SUREDELOLVWLF FULWLFDC(
Sensitivity analysis has also been carried out during the MCS process and Figure 5.11
shows the sensitivity analysis results with tornado graph displaying relative importance of input
parameters. Results show that the intact UCS is the most influential input parameter based on the
regression analysis. The ranking criteria of the regression coefficient and the contribution to
variance demonstrate the same ranking order, and the intact UCS and elastic modulus are more
significant than the Q index and the vertical stress. This is because the results ranked by the
regression coefficient and the contribution to variance of output were both obtained in the
regression analysis. In contrast, according totbelumn in the FORM spreadshéefigure 5.8
the Q index has the largest effects on the reliability, followed by the intact UCS, the vertical stress
and intact elastic modulus. The ranking order is different to that generated from the MCS process.
This may be caused by the complicated performance function, in which the input parameters Q
index and the intact UCS are involved in both the first and second terms in the limit state function.

Due to the non-linear performance function in this study, the limit state surface at the design point
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may be non-linear. Under this circumstance, the FORM algorithm might not provide vargtacc
sensitivity analysis results. This is due to the fact that the FORM is essentially a linear
approximation of the actual limit state surface at the design point and does not adequately deal
with highly non-linear problems. Instead, the second order reliability method (SORM) can be used
owing to its advantage in capturing the non-linearity of limit state surface at the design point. In
view of the complex computational procedures of the SORM, the SORM is not focused on herein
and could be included in the future work for the verification of reliability results derived from the
FORM algorithm. However, the MCS technique is a versatile simulation tool and is capable of
handling highly non-linear performance functions with a large amount of random sampling
(Fenton and Griffiths, 2008). The MCS technique can serve as a complementary tool to the FORM

algorithm and provide reliable sensitivity analysis results especially in highly non-linear problems.

Figure 5.11 The rank of relative importance of input parameters: (A) ranked by regression
coefficient; (B) ranked by the contribution to variance
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Effects on reliability index and probability of failure

It is well-recognized that the UCS and elastic modulus or rocks are correlated and a positive
correlation between the intact UCS and elastic modulus has been reported in the published
literature and geotechnical practice (Arslan et al., 2008; Hoek and Diederichs, 2006; Palchik, 1999;
Palmstrom and Stille, 2010; Wang and Aladejare, 2016). The significant impact of the correlation
structure between ground parameters on the reliability analysis and probabilistic design of
geotechnical structures has also been highlighted in previously published literature (LU and Low,
2011; La et al., 2011; Wang and Akeju, 2016; Wang and Aladejare, 2016).
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The effects of the correlation between intact UCS and elastic modulus on the reliability
have been studied using the FORM spreadsheet, and the obtained results are shown in Figure 5.12.
The probability of failure results calculated from the MCS simulation process are also included for
comparison. The MCS-derived results of probability of failure agree well with those generated in
the reliability analysis with the FORM spreadsheet. Results also reveal that the stronger the
correlation between the intact UCS and elastic modulus, therlilghsafety level achieved with
greater reliability index and smaller probability of failure. This indicates that the level of reliability
and safety is underestimated if the correlation is neglected. It is often perceived as conservative to
neglect the correlation between ground parameters, and various research (Li and Low, 2010;
Mollon et al.,, 2009b; Pan and Dias, 2018; Zeng et al., 2014) in the field of underground
construction has confirmed this point. With regard to this conservativeness, Langford (2013)
pointed out that it introduces errors to an uncertainty-based assessment and can result in the
development of incorrect geomechanical models as well as unreasonable extreme output values.
Thus, it is necessary and essential to more realistically account for the correlation between input

parameters if the correlation exists and to reduce the conservativeness.

Figure 5.12 Effects of the correlation coefficient between UCS and elastic modulus on reliability

Song et al. (2016) reported that the reliability results were overestimated if the correlation

between the UCS and elastic modulus of intact rock was neglected based on limit state functions
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of plastic zone and radial tunnel displacement. Lu et al. (2012) suggested that the reliability results
are conservative in the plastic zone criterion while not conservative in the tunnel convergence
criterion if the correlation between the deformation modulus of rock mass and the intact strength
is not modeled. It was further concluded that the complicated influences of correlation structure
on the reliability results depend on the orientation of the limit state surface and the direction of the
correlation structure. This can be intuitively appreciated using the perspective of the expanding
dispersion ellipsoid (Lu et al., 2012; Lu et al., 2011). To be more specific, in the case of a positively
inclined limit state surface, the positively correlated dispersion ellipsoid has to expand more (i.e.
greater reliability index) than the non-correlated dispersion ellipsoid to touch the limit state surface;
in contrast, in the case of a negatively inclined limit state surface, the positively earrelat
dispersion ellipsoid has to expand less than the un-correlated dispersion ellipsoid, thus leading to
smaller reliability index. In this study, the limit state surface in the space of the intact UCS and
elastic modulus is positively inclined, and thus the positive correlation between the intact UCS and
elastic modulus results in a larger reliability index.

Effects on sensitivity analysis

The effects of the correlation between the intact UCS and elastic modulus on the relative
importance of input parameters were also investigated in the MCS process, and the results are
shown in Figure 5.13. Results show that the correlation has insignificant effects on the sensitivities
in the regression analysis. Similar to the results in Section 5.5.2, the sensitivity results obtained
based on the criteria of regression coefficient and contribution to variance are consistent, in which
the intact UCS and elastic modulus are most influential while the Q index and the vertical stress
have minimal impact. It is also found that the sensitivity results based on the criterion of the
contribution to variance are more sensitive than those based on the criterion of regression

coefficient to the correlation structure between the intact UCS and elastic modulus.

554 (IIHFWV RI GLVWULEXWLRQ W\SHV IRU LQWDFW 8&6 DQG F
Uncertainty and variability exist in rock properties and probability distribution models can

be used to explicitly characterize them. Table 5.4 summarizes the commonly used distribution

types for the intact UCS and elastic modulus from published studies. Both the intact UCS and

elastic modulus can be described by normal, lognormal and beta distributions. The lognormal

distribution and the beta distribution are often used as alternatives to the normal distribution to rule
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out negative values, which are not physically meaningful, when the COV of the ground parameters

is over 25% (Li and Low, 2010).

Figure 5.13 Effects of correlation on sensitivity: (A) ranked by regression coefficient; (B) ranked
by the contrition to variance

The bounded beta distribution with a lower and an upper bound is versatile and can be used
in lieu of the normal distribution (Low, 2008b). The beta distribution is characterized by four
parameters (alphal, alpha2, min, max) in which the first two parameters are shape parameters
while the latter two parameters define the bounds of the distribution. The mean and standard

deviation of a beta distribution can be calculated as follows (Benjamin and Cornell, 2014):
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P min (max min)iD (5.21)

y, max min p.,D (5.22)
R p\ .0 ,0

The comparison among the normal distribution, lognormal distribution and beta

distribution for the intact UCS and elastic modulus with respective statistics is demonstrated in
Figure 5.14. The effects of distribution types for the intact UCS and elastic modulus on reliability
were investigated and are shown in Figure 5.16. Three scenarios, including the normal, lognormal
and beta distributions for both intact UCS and elastic modulus, were compared to the scenario with
the combination of normal (UCS) and lognormal distributions (the elastic modulus), which was
used in the reliability analysis shown in Figure 5.8. It is seen in Figure 5.1dlttlesa three
assumed distribution types generated lower reliability index and higher probability of failure than
the scenario with combined distributions. The normal distribution scenario produces the lowest

level of reliability, indicating most conservativeness for the normal distribution assumption.

Table 5.4 Summary of distribution types for the UCS and elastic modulus of rocks

Rock Distribution type Literature
property
Yamaguchi, 1970; Hoek 1998; Grasso et al., 1992; Hs
and Nelson, 2002; Pathak and Nelson, 2004; Gill et al.
2005; Sari and Karpuz, 2006
UCS Lognormal Lv et al., 2013; Song et al., 2016; Zeng et al., 2014; L
distribution al., 2017; Pan et al., 2018
Baecher and Christian, 2003; Ang and Tang, 2007; Fe
and Giriffiths, 2008; Song et al., 2016

Normal Hoek, 1998; Li and Low, 2010; Cai, 2011; Lv et al., 201
distribution Su et al., 2011; Song et al., 2016; Bjureland et al., 201
Li and Low, 2010; Low and Einstein, 2013; Lv et al.,
2011; Lv et al., 2013; Song et al., 2016; Tiwari et al.,
2017; Lv et al., 2017
Li and Low, 2010; Lv et al., 2011; Song et al., 2016; Ar
and Tang, 2007

Normal
distribution

Beta distribution

Elastic Lognormal
modulus distribution

Beta distribution

It is generally considered conservative to assume a normal distribution for geotechnical
parameters according to published studies (Li and Low, 2010; LU et al., 2013; LU et al., 2011,
Mollon et al., 2009b, 2010; Pan and Dias, 2018; Zeng et al., 2014), and the results in this study
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also confirm this statement. It is also found that the results generated from the beta distribution are
closest to those produced from the scenario of the combined distributions. The characteristic of
the bounded beta distribution being an appropriate approximation distribution for geotechnical
parameters in reliability analysis has also been reported in literature (Li and Low, 2010; Lu et al.,
2011; Mollon et al., 2009a, b, 2010; Pan and Dias, 2018; Song et al., 2016; Zeng et al., 2014). Note
that the effects of different distribution types for the intact UCS and elastic modulus on the
reliability are limited in this study. This may be due to the relatively high reliability in this case
and the low variations of the intact UCS and elastic modulus with COV of 19.7% and 15.7%,

Figure 5.14 Comparison of PDFs of elastic modulus with different distribution assignmegnts: (A
UCS; (B) elastic modulus
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respectively. The impact of different distribution assignments may be more significant given
greater uncertainty and variability in the geotechnical input parameters. The advantage of
excluding irrational negative values from lognormal and bounded beta distributions may also be

more appreciated in scenarios of geotechnical parameters with more variability.

555 (IIHFWV RI &29 RI LQWDFW 8&6 DQG HODVWLF PRGXOXYV
COV is a statistical measure of the overall dispersion in a geotechnical parameter and it
has been widely used to describe the inherent variability of rocks and soils (Baecher and Christian,
2003; Fenton and Griffiths, 2008; Lacasse and Nadim, 1996; Phoon and Kulhawy, 1999)
Gunsallus and Kulhawy (1984) compiled a database of rock property measures, including the UCS
and elastic modulus of intact rocks, from eight sedimentary rock units from the northeastern United
States. The obtained results showed that the COV of UCS varied from 7% to 59% while the COV
of elastic modulus were in the range between 7% and 48%. In this study, the COV of the intact
UCS and elastic modulus was assumed to vary from 10% to 50%, and the effects of COV on the

reliability were examined.

Figure 5.15 Effects of distribution types on the probability of failure: (A) reliability index
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Figure 5.16 Effects of distribution types on the probability of failurg pfBbability of failure

For the effects of the UCS on the reliability, the elastic modulus was set to follow
lognormal distribution with COV of 15.7%, and the COV of UCS was varied from 10% to 50% to
study its effect on the reliability index and the probability of failure. Similarly, for thetsffu
the elastic modulus on the reliability, the UCS was set to falomrmal distribution with COV
of 19.7%, and the COV of the elastic modulus was changed from 10% to 50% to investigate its
influence on the reliability. For the combined effects of UCS and elastic modulus, the COVs of

these two parameters were changed to the same values simultaneously from 10% to 50%.

Figure 5.17 shows the effects of the COV on the reliability index and probability of failure.
It is clear that the effects of the COV for the intact UCS on the reliability are significant. The
reliability index decreases from 2.87 to 1.59 and the probability of failure increases from 0.21%
to 5.61% when the COV of UCS increases from 10% to 50%. By contrast, the reliability index and
the probability of failure are insensitive to the variation of the COV of the elastic modulus. The
reliability index changes from 2.75 to 2.78 and the probability of failure varies from 0.3% to 0.27%
when the COV of the elastic modulus varies from 10% to 50%. This also verifies the greater
significance of the UCS than the elastic modulus, which is consistent with the obtained sensitivity

analysis results as described in Section 5.5.2. Interestingly, the simultaneous variation of the UCS
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Figure 5.17 Effects of COV on reliability: (A) reliability index; (B) probability of failure

and the elastic modulus has less influence on the reliability than that caused by the variation of the
UCS alone even when the COV of the elastic modulus for the former (over 20%) is larger than the
latter (19.7%). This may be due to the fact that the increase of the COV of the elastic modulus
alone results in a slight increase of the reliability, as can be seen in Figure 5.17.

To investigate the effects of the variability on the reliability for scenarios with different
distribution assumptions, the influences of the COV of the UCS and elastic modulus were
compared under different distribution assignments, as shown in Figure 5.18. With regard to the
effects of UCS on the reliability, similar to the scenarios in Figure 5.17, the elastic modulus was

133



Figure 5.18 The effects of distribution types on the influences of COV on probability of failure

set to follow lognormal distribution with COV of 19.7% and the influences of the COV of the UCS
under different distribution assignments on the reliability were compared. The effects of the elastic
modulus and the combined effects of these two rock properties were also examined analogously.
Results in Figure 5.18 show ttthe reliability results are most sensitive to the normal distribution
followed by the lognormal distribution and the beta distribution. This may be related to the non-
skewness (or symmetry) of the normal distribution. The normal distribution also generates the
most conservative results with lower reliability index and higher probability of failure than other
distribution types, similar to the results in Section 5.5.4. It is also obvious to see that the reliability

results are much more sensitive to the variability of the UCS than that of the elastic modulus. The
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reliability results generated in the normal distribution scenario are closer to those produced in the
scenario with combined distributions than non-normal distribution scenarios. This may be due to
the fact that the UCS is much more influential than the elastic modulus and that the normal
distribution scenario has the same UCS distribution as the combined distribution scenario. Similar
to what has been discussed in Section 5.4.5, this also indicates the importance to identify the most
influential input parameter and assign appropriate distribution type to it due to its greatest

contribution to the output parameter.

556 5HOLDELOLW\ HYDOXDWLRQ RQ WKH H[FDYDWLRQ VWDELC

Excavation stability evaluation using different approaches
Recall that the obtained reliability index is 2.778 and the probability of failure 1800.27

with the probabilistic critical strain in the performance function, as shown in Figure 5.8. The target
reliability indices and corresponding probability of failure are summarized by USACE (1997) for
general structures in the geotechnical engineering field, as shown in Table 5.5. The probability of
failure value for the excavated Shimizu tunnel is 0.27%. The expected performance level is worse
WKDQ 3 DERYH DYHUDJH DQG EHWWHU WKDQ 2EHORZ DYHUDJF

Table 5.5 Target reliability indices (USACE, 1997)

Expected Performance Lev quiability Probability of Unsatisfactory
index Performance

High 5 0.00003%
Good 4 0.003%

Above average 3 0.1%

Below average 2.5 0.6%
Poor 2.0 2.3%

Unsatisfactory 1.5 7%

Hazardous 1.0 16%

To verify the reliability evaluation results for the excavation stability, the stability of the
excavated Shimizu tunnel was also assessed using analytical and numerical approaches for the
comparative and check purposes for the same tunnel station STA 913+65 as in Chapter 4, The
estimated PDFs of the tunnel strain were compared using analytical, numerical and empirical
approaches. With regard to the analytical approach, the convergence-confinement method (CCM)
(Carranza-Torres and Fairhurst, 2000; Panet and Guenot, 1983) was used. In the CCM method,
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the equivalent radius of 7 m was used. The calculated critical support pressure result is negative,
indicating no plastic behavior took place. The radial elastic displacement was calculated and used
in the study; in terms of the numerical approach, Rocsupport and RS2 FEM software were
employed; as for the empirical approach, the tunnel displacement estimation approach developed
by Barton (2002) was utilized in this study for reliability analysis.

These obtained PDFs of tunnel strain are summarized with respective atatisticents
in Figure 5.19 in comparison to the PDF of estimated critical strain. In the critical strain-based
limit state function, the estimated strains using different approaches can be regarded as the load
component in the realm of LRFD, while the critical strain may be viewed as the resistance
component. All the estimated PDFs of tunnel strain are on the left of the PDF of critical strain, and
the potential for failure can be represented by the overlapping area between PDF curves of the
estimated strain (load component) and critical strain (resistance component). As mentioned above,
the probability of failure derived from the empirical Barton approach (Barton, 2002) is 0.27%
using the FORM algorithm. Results in Figure 5.19 show that the overlapping areas in the scenarios
with other approaches are larger than that in the scenario with the Barton approach (Barton, 2002),
indicating probability of failure values greater than 0.27%.

Figure 5.19 Comparison of PDFs of estimated strain and critical strain
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The CCM and Rocsupport results show the elastic behavior in the excavated tunnel
meaning no plastic zone generated around the excavated tunnel. Note that the equivalent radius of
7 m is used in the CCM and Rocsupport, and the mean displacement is 2.38 and 2.45 cm,
respectively. These relatively small elastic displacements indicate the unsupported tunnel is stable.

The unsupported tunnel strains estimated using the RS2 FEM software, which have higher
mean values, result in larger overlapping areas, as seen in Figure 5.19. Figure 5.20 illustrates the
calculated displacement contours around the tunnel excavation. There is no significant plastic
behavior, and the sheared or tensioned yielding mainly takes place around the tunnel periphery.
The maximum displacement occurs at the invert with mean of 4.5 cm and SD of 2.2 cm,
corresponding tamean strain of 0.75% and a strain SD value of 0.36%. The crown displacement
has the mean of about 4 cm and SD value of about 2 cm, corresponaimgaa strain of 0.66%
and a strain SD value of 0.33%.

To evaluate the crown displacement for the unsupported tunnel, the ground reaction curves
have been generated using the RS2 software. The tunnel is assumed to be full-face excavated, and
the mean and lower bound (one standard deviation below the mean) rock mass properties have

been considered. Figure 5.21 shows the ground reaction curves for mean and lower bound cases.

Figure 5.20 Displacement contour of the unsupported tunnel
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Figure 5.21 Ground reaction curves using mean and low bound rock mass properties

The ground reaction curves are linear, indicating the elastic behavior in the tunnel. Total
elastic crown displacements for the fully relaxed tunnel are 2.9 and 6.5 cm for the mean and lower
bound cases, respectively. Considering the large span and height of the tunnel, the elastic
displacement on the order of 4 cm is not expected to cause failure or instability during the
construction. In addition, the strength factor, a measure of safety level in terms of divesigths
ratio, has been obtained and its contour is shown in Figure 5.22.The strength factor at the crown
has a mean value of 2.9 with COV of 37%. The minimum strength factor is observed at the corner
with a mean value of 1.51 and COV of 25%. Thus, it is highly likely that the unsupported Shimizu

tunnel is not expected to encounter instability after excavation.

Comparison between unsupported and supported case

As mentioned in Section 4.4.2 in Chapter 4, the primary support was designed based on
Japanese highway rock mass classification systems in the Shimizu tunnel, and it was a combination
of rockbolts, shotcrete and steel arch. The tunnel construction using the heading and bench method
was modeled using the RS2 software with the prescribed support installed.

Figure 5.23 shows the displacement contour of the fully excavated tunnel after support.
The tunnel displacements with and without support are compared in Table 5.6. The supported

tunnel crown has the mean value of 1.85 cm and SD value of 0.87 cm, correspoadimeato
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Figure 5.22 The strength factor contour of the unsupported tunnel

Figure 5.23 The displacement contour of the supported tunnel

strain of 0.31% and a strain SD value of 0.15%. Compared to the unsupported tunnel case, the
crown displacement reduced significantly with the tunnel support installed. The distributions of
crown displacement between unsupported and supported tunnel are compared in Figure 5.24. The
distributions of empirically estimated strain using Barton approach and the critical strain are also

included for comparison. It is seen that the mean and SD decrease by about 50% from the
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unsupported case to supported case. It also reveals that the overlapping area between the tunnel
crown strain in the supported case and the critical strain is much smaller than that derived from
the Barton approach, indicating a smaller probability of failure in the supported tunnel case
(<0.27%). Thus, the reliability of the tunnel has increased significantly with the support installed.

Table 5.6 Comparison of tunnel displacement before and after the support installation

Displacement (cm) Strain
Scenario Crown C Invert Crown C Invert
Mean| SD | COV | Mean| SD | COV | Mean SD | Mean SD
\;\G:)hp?c?rtt 3951197 50% | 4.49 | 2.19| 49% | 0.44%| 0.22%| 0.06%| 0.50%
s\lj\glalgl)rt 1851087 47% | 4.1 |1.98| 48% | 0.21%] 0.10%| 0.05%| 0.46%

The Q-based support chart is shown in FiguB®.5The 1.5ESR and 5Q can be used for
the temporary support for underground openings (Barton and Grimstad, 2014). Figure 5.25 shows
the suggested temporary support based on the Q-support chart (NGI, 2015). Support category 3 is
recommended, including systematic bolting and fiber reinforced sprayed concrete of 5-6 cm
thickness. Clearly, the heavy and rigid support adopted in the Shimizu tunnel, selected based on
Japanese highway rock mass classification system, is much more conservative than the Q-based
support recommendation.

Based on the stability evaluation results mentioned above, it is shown that the unsupported
tunnel is not expected to encounter instability after excavation. However, note that the analyses
and discussion aim to provide a preliminary evaluation on the excavation stability and only stress-
induced instability is considered. In reality, there may be some structurally-controlled instability
issues for the excavated tunnel especially considering three dominant joint sets in the Shimizu
tunnel area. As a result, rockbolts and shotcrete may be required to support the loose blocks formed
by the intersection of joint sets. Actual construction practice is more complicated than the modeled
scenario since there are more factors involved, such as the heterogeneity and spatial variability of
rock mass, the varying overburden, the seismic consideration, the safety of the workforce during
construction etc. The overly-conservative support system used in the Shimizu tunnel may be
designed to have considered the weak and very weak rock mass near the fault zones at the eastern

sector and portal areas. In this study, the stability of the tunnel excavation has been evaluated from
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Figure 5.24 Comparison of estimated strain between unsupported and supported cases

Figure 5.25 Temporary support based on the Q-support chart (NGI, 2015)
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a perspective of reliability, and the reliability evaluation results have confirmed the stability of the
excavated tunnel, which is also consistent with the stability assessment results using analytical and

numerical approaches.

5.6 Conclusions

The reliability assessment with a strain-based failure criterion for the stability evaluation of
underground excavation has been performed using the FORM algorithm with the Q-based
empirical approach. The Shimizu highway tunnel case study was utilized as an examptero perf
the reliability evaluation. Reliability analyses were conducted using the FORM algorithm with
both the deterministic and probabilistic critical strain which accounts for uncertainties in rock mass
parameters. The reliability analysis using the MCS simulatioralsagperformed for comparison.
The reliability analysis results obtained from the FORM algorithm agreed well with those derived
from the MCS technique. The FORM algorithecan be used as a complement to the MCS
simulation in reliability analysis when dealing with complicated problems that require
considerable computation efforts for MCS iterations.

Reliability analysis results show that the reliability level increased, representedyréase
of the reliability index and the decrease of the probability of failure, with the increase of
deterministic critical strain value. However, the deterministic critical strain does not consider
inherent uncertainties in rock masses. The selection of an appropriate deterministic critical strain
value is also not an easy task, which may require the site knowledge, local construction experience
as well as engineering judgement based on some numerical calculations or field measurements
However, the probabilistic critical strain, which enables the consideration of uncertainties in rock
mass parameters, is capable of overcoming these difficulties when choosing appropriate single
critical strain value in the deterministic critical strain approach.

The effects of correlation in input parameters on the reliability were investigated. Results
show that the negative correlation between RQD artthd limited influence on the reliability.
The positive correlation between the intact UCS and elastic modulus was also examined, and
was found that the reliability results would be conservative if the positive correlation between the
intact UCS and elastic modulus is overlooked. In addition, the effects of distribution types for the
intact UCS and elastic modulus were also studied. The normal distribution assignment generated

the most conservative reliability results. Thus, the assumption of uncorrelated and normally
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distributed input parameters (intact UCS and elastic modulus) has generated more conservative
reliability results in this case study.

The influence of COV in input parameters on the reliability has also been examined. Results
show that its effect on the reliability was dependent on the relative importance of the input
parameter. Probabilistic sensitivity analysis indicates the intact UCS was the most influential input
parameter while the elastic modulus had limited influence. The variatidd®V for the intact
UCS hada great effect on the reliability while the reliability results were insensitive to variations
in COV for the intact elastic modulus.

The reliability analysis results show that the Shimizu tunnel had a relatively high reliability
(reliability index of 2.78 and probability of failure of 0.27%) and was not expected to experience
instability after excavation. The excavation stability has also been evaluated usinganahgti
numerical approaches, and the obtained results were consistent with reliability assessment results,
which has also verified the effectiveness of the reliability-based excavation stability evaluati
The reliability of the supported tunnel with the actually installed support system has also been
examined, and results show that the reliability has greatly improved compared to the unsupported
tunnel case. The reliability assessment using the FORM algorithm with the Q-based empirical
approach can be used as a complement to analytical and numerical approaches in the preliminary

evaluation of the stability of underground excavations.
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CHAPTER 6

CONCLUSIONS AND RECOMMENDATIONS

The research presented in this thesis attempts to improve the understanding of the inherent
uncertainties in rock mass classifications and investigate the uncertainty propagation into the
analysis and design process of underground construction. A systematic assessment of uncertainties
in rock mass classification systems, using the Q-system as an example in this study, was performed.
The Markov Chain technique has been incorporated in the Q-based prediction model to provide
the probabilistic distribution of the Q value in unexcavated tunnel sections. The results can be used
to complement geology exploration in planning and preliminary stages of tunnel projects. In
addition, an MCS-based uncertainty analysis framework of the probabilistic Q-system has also
been developed to characterize the uncertainty in input parameters of the Q-system and investigate
its effects on the rock mass property characterization and ground response evaluation in tunneling
The developed framework can be helpful in providing insightful information for the probabilistic
evaluation of excavation-induced ground behavior and the probabilistic tunnel design. Moreover
the research performed reliability analysis using the Q-based empirical approach, which
incorporates probabilistic critical strain and Q-based empirically estimated strain, to preliminarily
evaluate the stability of underground opening. The reliability analysis using the Q-bgsadad
approach can supplement analytical and numerical approaches in the preliminary evaluation of
tunnel excavation stability. The chapter summarizes major findings and conclusions from each

chapter of the thesis, and some recommendations for future research are also presented.

6.1 Specific conclusions from each chapter

6.1.1 3UREDELOLVWLF SUHGLFWLRQ RI URFN PDVV TXDOLW\
In Chapter 3, a Markovian Q-based prediction model has been proposed using the MCS
technique to provide the probability distribution of rock mass quality along the tunnel alignment
before construction. In addition to the MCS-based predicted results, an analytical approximation
approach to deriving the statistics (mean, standard deviation, COV) of the Q value has also been
developed given the statistics of input parameters in the Q-system. The proposed probabilistic
prediction model and the developed analytical approach have been applied to a water tunnel section
for the purpose of validation. The MCS-derived and analytically calculated Q values were
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comparable to the actiplrecorded Q results, which has also proved the validity of the proposed
prediction model and developed analytical approach.

Probabilistic sensitivity analysis was also carried out in the MCS process and the most
influential input parameters in the Q-system arard RQD in the tornado graphs in this case
study, consistent with the greater variations in the predicted probabilistic profile of Q-pasameter
J» and RQD. In addition, the negative correlation between RQD an@s presented, and the
mean and dispersion of the Q value were found to be underestimated if the correlation was
neglected. The effects of distribution type for RQD on the Q value have also been examined. The
normal distribution was a good fit for the actually recorded RQD data in this case study, and the
simulated statistics of the Q value under this normal distribution assumption agreed well with the
actually recorde® results.

The proposed Q-based prediction model is helpful in reducing uncertainties and risks involved
in rock mass classifications and can serve as a complement to geology exploration in the planning
and preliminary design stage of underground construction. It can also provide insights into the
decision support for the design of excavation sequence and support schemes for the underground

structures.

6.1.2 8QFHUWDLQW\ DQDO\VLV LQ SUREDELOLVWLF 4 VA\VWHP
In Chapter 4, an MCS-based uncertainty analysis framework in the Q-system has been
developed to probabilistically characterize the uncertainty in input parameter of Q-system and its
effects on rock mass characterization and ground response by applying the MCS technique with
appropriate empirical correlations. A case study of the Shimizu highway tunnel was adopted to
implement the developed framework. The probabilistic distribution of the Q value was obtained
using the MCS technique based on relative frequency histograms of the Q-parameters. The MCS-
derived Q statistics are more reasonable than the conventional estimation results using the interval
analysis. The MCS technique can more realistically take into account the correlations in input
parameters in the estimation as well as providing the full probabilistic distribution of the Q value,
while the estimation using the conventional approach is based on assumptions of perfect
correlations which are rarely met in practice. Similarly, based on appropriate Q-basedaémpiric
correlations, probabilistic estimates of rock mass properties were obtained, which were
subsequently used as inputs numerical models for excavation response evaluation. The

empirically estimated probabilistic tunnel displacement, obtained by the Barton approach,
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generally agreed with that derived from the probability analysis in the FEM RS2 numerical models
with the PEM and MCS sampling techniques.

The advantage of probabilistic sensitivity analysis in the MCS process has been pointed out
over the traditional one-way sensitivity analysis. The probabilistic sensitivity analysis takes the
input distributions into account and enables simultaneous variations of all the input parameters
based on their respective distributions. The probabilistic sensitivity analysis results agreed well
with those obtained from other sensitivity analysis techniques in the probabilistic Q-system in this
case study. The use of different sensitivity analysis methods is suggested for comparative and
checking purposes.

The effects of the negative correlation between RQD atdwe also been examined. The
mean and dispersion of the Q value and associated rock mass parameters would be underestimated
if the negative correlation was not modeled in this case study. The effects of the distribution types
of Q-parameters on the Q value and associated rock mass parameters were significant. Caution
should be exercised when selecting appropriate distribution types for Q-parameters when only
limited site investigation data are available, and a combination of site knowledge, local experience
and professional engineering judgement should be used.

The proposed framework of the MCS-based uncertainty analysis in the probabilistic Q-system
provides an approach for systematically characterizing the uncertainty in the rock mass
classification and its propagation to associated rock mass parameters. The framework can also
serve as a useful tool to obtain insightful information for the probabilistic evaluation of ground

responses and support performance of underground structures.

6.1.3 SHOLDELOLW\ HYDOXDWLRQ RQ WXQQHO H[FDYDWLRQ VW
In Chapter 5, reliability assessment with the strain-based failure criterion has been performed
using the FORM algorithm. The probabilistic critical strain and Q-based empirically estimated
tunnel strain were incorporated in the limit state function. The Shimizu highway tunnel case study
was also utilized as an example to perform the reliability evaluation on the excavation stability.
Reliability analysis using the MCS technique was also performed for comparison. The reliability
analysis results obtained from the FORM algorithm agreed well with those derived from the MCS
technique.
The effects of correlation in the input parameters on the reliability have also been investigated.

The negative correlation between RQD anchdd limited influence on the reliability in this
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Shimizu tunnel case studihe positive correlation between the UCS and elastic modulus of intact
rocks was also presented based on available data. The impact of the positive correlation on the
reliability was significant, and the reliability would be conservative if the positive correlation
overlooked. In addition, the effects of distribution types for the UCS and elastic modulus of intact
rocks were also studied. The normal distribution assignment generated the most conservative
reliability results than other distributions. Thus, the assumption of uncorrelated and normally
distributed input parameters (intact UCS and elastic modulus) generated more conservative
reliability results in this case study.

The influence of COV in input parameters on the reliability has also been examined. Results
show that its effect on the reliability was dependent on the relative importance of the input
parameters. Probabilistic sensitivity analysis indicated the intact UCS was the most influential
input parameter while the elastic modulus has limited influence in this case study. The variations
in COV for the intact UCS had great effects on the reliability while the reliability sesdte
insensitive to variations COV for the intact elastic modulus.

The reliability analysis results show that the Shimizu tunnelahadatively high reliability
(reliability index of 2.78 and probability of failure of 0.27%) and was not expected to experience
instability after excavation. The excavation stability has also been evaluated usingainahygti
numerical approaches, and the obtained results were consistent with reliability assessment results,
which has verified the effectiveness of the reliability-based evaluation on tunnel excavation
stability. Thus, the reliability assessment using the Q-based empirical approach can beaused as
complement to analytical and numerical approaches in the preliminary evaluation of the stability

of underground excavations.

6.2 Recommendations for future research

The aim of this research is to advance understanding of uncertainty analysis in rock mass
classification systems in the current research, using the rock mass classification Q-system in this
study, and apply it to the reliability-based evaluation on the stability of underground excavations.
Due to the limited availability of rock mass classification data, only two tunnel cases with available
Q data have been uséthus, the research presented in this thesis should be applied to more case
studies with Q data to test the performance of the prediction model and to verify the validity of the
developed uncertainty analysis framework. In additioagttiension of the research should also
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be made to other rock mass classification systems such as RMR and GSI. With regard to the
proposed probabilistic prediction model, the predicted Q values for the unexcavated tunnel
sections have been validated by the actually recorded Q results during construction. Hoeever, t
probabilistic prediction model has not been incorporated and updated based on newly available
data during tunnel construction. Moreover, in terms of the reliability-based analysis, the focus in
this research was the preliminary evaluation on the tunnel excavation stability. The performance
of the actually installed support was verified, but the reliability-based design for the underground
excavations, e.g. the design for the required support systems, has not been conducted.

In view of the needs of this research mentioned above, the following future research can be
performed to have an improved understanding of the uncertainty in rock mass classifications and
its effect on the tunnel design aspec

X Implementation of the research to more tunnel case studies with Q data should be
performed. Tunnel case examples with Q data should be used to test the performance of
the proposed probabilistic prediction model and to verify the validity of the developed
uncertainty analysis framework in this study.

X Extension of the research to other rock mass classifications (RMR, GSI) should be
conducted. Differentock mass classification (RMR, GSI) data available from various
tunnel projects should be collected and utilitederify the proposed prediction model
and developed uncertainty analysis framework.

X Incorporation of the proposed probabilistic prediction model using the Bayesian updating
technique or equivalent should be conducted based on the newly available data during
construction. Newly available rock mass classification data or tunnel response data
(displacement, strain, load, pressure etc.), observed or measured during tunnel construction
can be used to update the previous predictions.

x Reliability-based design should be performed to optimize tunnel support. For example, the
required tunnel support can be estimated according to prescribed target reliability index or
maximum allowable probability of failure within the framework of reliability-based design.
Support design parameters, such as the shotcrete thickness or the distance of the support
installation behind the tunnel face, can be evaluated and optimized to achieve the desired

reliability level for the tunnel support design.
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APPENDIX A

DEFINITIONS AND RATINGS FOR STATES OF Q-PARAMETERS (MODIFIED FROM
BARTON 2002)

Table A. 1 States, descriptions and ratings for RQD

States Descriptions Rating
1 Very poor 0-25
2 Poor 26-50
3 Fair 51-75
4 Good 76-100

Table A. 2 States, descriptions and ratings for J

States Descriptions Rating
1 None 0.5
2 One 2
3 One plus 3
4 Two 4
5 Two plus 6
6 Three 9
7 Three plus 12
8 Four or more 15
9 Earth 20

Table A. 3 States, descriptions and ratings for J

States Descriptions Rating
1 Discontinuous 4
2 - 3
Undulating Rough undulating
3 Smooth undulating 2
4 Slickensided undulating or Rough planar 15
5 Smooth planar 1
Planar - :
6 Slickensided planar 0.5
7 No contact when sheared 1
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Table A. 4 States, descriptions and ratings for J

States Descriptions Rating
1 Healed 0.75
2 Unaltered joint walll 1
3 No fills | Slightly altered wall 2
4 Coated non-softening 3
3) Coated softening or disintegrated sandy patrticles 4
6 Thin Thin non-softening clay fillings 6
/ fills  |Thin softening clay fillings 8
8 Thin swelling clays 12
9 Thick Thick, pontinuous; clay band; medium to low over 13

! consolidated
10 fils Thick, continuous; clay band; swelling clay 20
Table A. 5 States, descriptions and ratings for J
States Descriptions Value
State 1 Dry 1
State 2 Wet 0.66
State 3 High pressure in unfilled joints 0.5
State 4 High pressure with fillings outwash 0.33
State 5 Exc. inflows with decay 0.1
State 6 Exc. inflows without decay 0.05
Table A. 6 States, descriptions and ratings for SRF

States Descriptions Sigma c/Sigma 1 | Rating
1 Multiple clay zones 10
2 Multiple non-clay zones 7.5
3 Single weak zone (Depth<50m) or heavily jointed 5
4 Single weak zone (Depth>50m) or low stress(>200) 2.5
5 Medium stress 200-10 1
6 High stress with tight structure 10~5 2
7 Moderate slabbing 5~3 50
8 Slabbing and rock burst 3~2 200
9 Heavy rock burst <2 400
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APPENDIX B

TRANSITION PROBABILITY AND TRANSITION INTENSITY COEFFICIENT OF Q-
PARAMETERS

Table B. 1 Transition probability and intensity coefficient of RQD states

P; for RQD
State i State | Ci
1 2 3 4
1 0 0.2 0.4 0.4 10
2 0 0 0.4 0.6 0.098
3 0 0.3 0 0.7 0.083
4 0 0.2 0.8 0 0.071

Table B. 2 Transition probability and intensity coefficient péthtes

P for &

State i
_ State | Ci
| 1 2 3 4 5 6 7 8 9
1 0 0 0.25 | 0.375]| 0.375| O 0 0 0 10
2 0 0O |0.176| 0.353| 0.471| O 0 0 0 10
3 0 0 0 0.5 0.5 0 0 0 0 0.116
4 0 0 0 0 1 0 0 0 0 0.162
5 0 0O [0.333| 0.667| O 0 0 0 0 0.014
6 0 0 0.176| 0.353| 0471 O 0 0 0 10
7 0 0 0.176| 0.353| 0471 O 0 0 0 10
8 0 0O |0.176| 0.353| 0.471| O 0 0 0 10
9 0 0 0.176| 0.353| 0471 O 0 0 0 10
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Table B. 3 Transition probability and intensity coefficientaftates

P; for J
State i State | Ci
1 2 3 4 5 6 7
1 0 0 0 1 0 0 0 0.25
2 0 0 0 0.455 | 0.545 0 0 10
3 0 0 0 0.455 | 0.545 0 0 10
4 0.25 0 0 0 0.75 0 0 0.015
5 0 0 0 1 0 0 0 0.389
6 0 0 0 0.455 | 0.545 0 0 10
7 0 0 0 0.455 | 0.545 0 0 10
Table B. 4 Transition probability and intensity coefficient gétates
P for &
State : Ci
) State |
| 1 2 3 4 5 6 7 8 9 10
1 0 0110504 O 0 0 0 0 0 10
2 0 0 1 0 0 0 0 0 0 0 0.5
3 0 0.2 0 08| 0 0 0 0 0 0 0.025
4 0 0 1 0 0 0 0 0 0 0 |0.041
5 0 01,0504 O 0 0 0 0 0 10
6 0 01,0504 O 0 0 0 0 0 10
7 0 0110504 O 0 0 0 0 0 10
8 0 01,0504 O 0 0 0 0 0 10
9 0 01,0504 O 0 0 0 0 0 10
10 0 0110504 O 0 0 0 0 0 10
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Table B. 5 Transition probability and intensity coefficient\pbthtes

P; for Jy
State i State | Ci
1 2 3 4 5 6
1 0 1 0 0 0 0 0.014
2 1 0 0 0 0 0 0.160
3 0.444 | 0.556 0 0 0 0 10
4 0.444 | 0.556 0 0 0 0 10
5 0.444 | 0.556 0 0 0 0 10
6 0.444 | 0.556 0 0 0 0 10

Table B. 6 Transition probability and intensity coefficient of SRF states

State i

P; for SRF

State |
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APPENDIX C

LIKELIHOOD MATRIX FOR EACH STATE OF Q-PARAMETERS

Table C. 1 Likelihood matrix of RQD states

Ly=P[Y (K)=jIX(k)=i] for RQD

State i State |
1 2 3 4

1 0.95 0.05 0 0

2 0.05 0.9 0.05 0

3 0 0.05 0.9 0.05

4 0 0 0.05 0.95

Table C. 2 Likelihood matrix of.Jtates
Lii=P[Y (k)=j|X(k)=i] for Jn
St.ate State |

| 1 2 3 4 5 6 7 8 9
1 0.95 | 0.05 0 0 0 0 0 0 0
2 0.05| 0.9 | 0.05 0 0 0 0 0 0
3 0 0.05| 0.9 | 0.05 0 0 0 0 0
4 0 0 0.05| 09 | 0.05 0 0 0 0
5 0 0 0 0.05| 0.9 | 0.05 0 0 0
6 0 0 0 0 0.05| 0.9 | 0.05 0 0
7 0 0 0 0 0 0.05| 09 | 0.05 0
8 0 0 0 0 0 0 0.05| 0.9 | 0.05
9 0 0 0 0 0 0 0 0.05 | 0.95
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Table C. 3 Likelihood matrix of, $tates

Lij=P[Y (k)=j|X(k)=i] for J
State i State |
1 2 3 4 5 6 7
1 0.95 0.05 0 0 0 0 0
2 0 0.9 0.05 0.05 0 0 0
3 0 0.05 0.85 0.05 0.05 0 0
4 0 0.05 0.05 0.85 0.05 0 0
5 0 0 0.05 0.05 0.85 0.05 0
6 0 0 0 0.05 0.05 0.9 0
7 0 0 0 0 0 0.05 0.95
Table C. 4 Likelihood matrix of.btates
Lij=P[Y (k)=j|X(k)=i] for Ja
State !
) State j
| 1 2 3 4 5 6 7 8 9 10
1 09 | 0.05| 005| O 0 0 0 0 0 0
2 0.05| 0.85| 0.05| 0.05 0 0 0 0 0 0
3 0 0.05| 0.85| 0.05 | 0.05 0 0 0 0 0
4 O | 005|005 08005 O 0 0 0 0
5 0 0 0.05| 0.05| 0.85| 0.05 0 0 0 0
6 0 0 0 0.05| 0.05| 0.85| 0.05 0 0 0
7 0 0 0 O | 005|005 085|005 O 0
8 0 0 0 0 0 0.05| 0.05| 0.85 | 0.05 0
9 0 0 0 0 0 0 0.05| 0.05| 0.85| 0.05
10 0 0 0 0 0 0 0 0 0.1 | 09
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Table C. 5 Likelihood matrix of\Jstates

Ly=P[Y(K)=j|X(K)=i] for Ju

State i State |
1 2 3 4 5 6
1 0.95 0.05 0 0 0 0
2 0.05 0.9 0.05 0 0 0
3 0 0.05 0.9 0.05 0 0
4 0 0 0.05 0.9 0.05 0
5 0 0 0 0.05 0.9 0.05
6 0 0 0 0 0.1 0.9
Table C. 6 Likelihood matrix of SRF states
Lii=P[Y (k)=j|X(k)=i] for SRF
State
_ State |
| 1 2 3 4 5 6 7 8 9
1 09| 01 0 0 0 0 0 0 0
2 01| 0.9 0 0 0 0 0 0 0
3 0 0.05 0.9 0.05 0 0 0 0 0
4 0 0.05 | 0.05 0.9 0 0 0 0 0
5 0 0 0 0 09| 01 0 0 0
6 0 0 0 0 0.1 0.9 0 0 0
7 0 0 0 0 0.05 0.9 0.05 0
8 0 0 0 0 0 0.05 | 0.9 0.05
9 0 0 0 0 0 0 0 0.1 0.9
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APPENDIX D

ACCURACY PLOTS OF PROBABILISTIC PREDICTION MODEL USING INPUT DATA
FROM SUBSECTION 1 WITH 200M AND 300M

The prediction accuracy has been evaluated using the accuracy plots for the probabilistic
prediction models using the input Q data from Subsection 1 with 200 m and 300 m. The accuracy
plots have been made for the predicted Q-parameters, including RQI, @hdalue, Q-based
URFN FODVV *& ZLWK 3JRRG™ URFN DQG *& ZLWK 3IDLU" URI
been summarized at the end of this section.
(1) RQD

The accuracy plots of predicted RQD for the 200 m and 300 m cases are shown in Figure
D.1. It is found that the calculated Ralue is higher for the 300m case (0.70) than the 200 m case
(0.58) and that the RMSE value is lower for the former (0.11) than the latter (0.13). This has
indicated that the prediction accuracy is higher with more Q data as the input for the prediction
model.
(2) K

The accuracy plots for the predictegdate demonstrated in Figure D.2. Similar to the
predicted results for RQD, the prediction accuracy is higher for the 300 m case than the 200 m
case. However, it is seen that the R2 values for the predicted lbwer than those for the RQD
and the RMSE values are higher for the former compared to the latter. This reveals the predicted
RQD has higher prediction accuracy than the predictedsiilts, which is consistent with the
results derived from the 400 m case.
(3) Q value

The accuracy plots for the predicted Q value are depicted in Figure D.3. It is seen that both
the accuracy plots for both the 200 m and 300 m cases are close to the 1:1 line, indicating the very
good prediction accuracy based on the comparison criterion of the Q value. The déviskeR
are as high as 0.99 and the RMSE values are as low as around 0.05. It reveals that the difference
of prediction accuracy for these two cases is insignificant. This may be related to the approach
used for generating accuracy plots. In this study, the probability intervals, pg2 (2(14)/2,
are relatively wide using the symmetric probability interval centered on the cumulative distribution
function proposed by Goovaerts (2001) for generating accuracy plots of Q value. Accuracy plots

can be generated using other approaches for comparison.
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(4) Q-based rock class

The accuracy plots for Q-based rock class have also been generated, as shown in Figure
D.4. Similar to the predicted results for Q-parameters, it is clearly seen that the prediction accuracy
has increased significantly, especially based on the measurevafuR, with more input Q data
from a subsection with additional 100 m. In addition, the accuracy plots for predicted dominant
*& ZLWK 3JRRG” URFN DQG *& ZLWK 3IDLU” URFN KDYH DOVR
D. 5 and Figure D. 6.

As can be seen in Figure D.5, for the accuracy plot of GC1, the significant increase of the
prediction accuracy can be clearly seen from the 200 m case to the 300 m case. However, for the
accuracy plot of GC2, there is a slight increase of theaRie from the 200 m case (0.84) to the
300 m case (0.87). It means that the predicted GC1 results are more sensitive to the increase of
input data than the predicted GC2 results. Overall, both predicted GC1 and GC2 results show that
the prediction accuracy increases with the additional Q data as the input.

(6) Summary
The comparison of prediction accuracy from the accuracy plots is summarized in Table D.
1 for three cases, including the 200 m, 300 m and 400 cases. It can be seen that the prediction
accuracy increases with the input data from Subsection 1 with longer length based on comparison
criteria of Q-parameters, Q-based rock class and individual dominant GC1 and GC2. The
prediction accuracy based on the Q value criterion is insensitive to the more input data. Note that
the accuracy plot for the predicted Q value was generated using the approach proposed by
Goovaerts (2001), and prediction accuracy can also be evaluated for the accuracy plot using other
approaches for comparison. It is suggested to validate the predicted results using more comparison
criteria between the predicted and actual results. In this study, the prediction accuracy is improved
with input Q data from longer Subsection 1 based on all the comparison criteria, and the best

prediction accuracy is achieved in the 400 m case.
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Figure D. 1 Accuracy plots for predicted RQD: (A): 200 m case; (B): 300 m case
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Figure D. 2 Accuracy plots for predicted (A) 200 m case; (B) 300 m case
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Figure D. 3 Accuracy plots for predicted Q value: (A) 200 m case; (B) 300 m case
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Figure D. 4 Accuracy plots for predicted Q class: (A) 200 m case; (B) 300 m case

175



Figure D. 5 Accuracy plots for predicted GC1: (A) 200 m case; (B) 300 m case
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Figure D. 6 Accuracy plots for predicted GC2: (A) 200 m case; (B) 300 m case
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Table D. 1 Summary of measures of prediction accuracy from accuracy plots

Criterion for Length of Subsectiof RMSE (Root Mean Squars 2
validation 1 as model input (m] Error) R
200 0.13 0.58
RQD 300 0.11 0.7
400 0.08 0.88
200 0.18 0.51
I 300 0.14 0.6
400 0.11 0.81
200 0.05 0.99
Q value 300 0.04 0.99
400 0.04 0.99
200 0.13 0.55
Q class 300 0.12 0.79
400 0.07 0.92
200 0.17 0.76
GC1 300 0.10 0.92
400 0.10 0.96
200 0.14 0.84
GC2 300 0.15 0.87
400 0.10 0.98
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APPENDIX E

APPROXIMATE ANALYTICAL CALCULATION APPROACH FOR THE STATISTICS OF
THE Q VALUE

1. Statistics of the product of three random variables

(1) Statistics of the product of three random variables
X AuB C (E.1)
It is seen in Eq.E.1) that the dependent variable is the product of random variables A, B
and C. It is assumed herein that random variables A, B and C are mutually independent. Statistics

(expected valud X , variancevar X , coefficient of variation (COV): (X)) of variable X

can be obtained given statistics of A, B and C as follows (Benjamin and Cornell 2014):

EX EABC EABEC EAEBEC( (E.2)
Var X Var ABC E ABC® E ABG 9, %,
EANPC EAEBEGQ %, (E3)

EXEPF EC [EATEBITHRO)
Ver A [EA])*(Var B [E(B])*(VarC [EQ]) [E(AFER[ EF]
:(X) : (ABQ —m

JWar A [E(A])*(Var B [ ERJ*( VarC [ (E)EF [ (B ATEBI1E g’
EAEBEC

(var A [E(AI)*(\ar B [HBI)*(VarC [HQP) [ E NTEBITEQ’
[E AFTE BITE C°

(E.4)

JO AP DE (B H(:©F 1) 1

(2) Statistics of the ratio of two random variables

It is defined the dependent variable G is the ratio of random variable R to S, and it can be

expressed a& g(R 9 g (R, S!0). The approximations f@&(G) andVvar(G) can be derived

using Taylor expansions of function as follow$) (Elandt-Johnson and Johnson 1980; Stuart and

Ord 1998):
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R |ER Co¢RP Vdr)SE)
E(G) E— (E-5)
(© E(S)lE(S [ & §° [ E)F
R, , Var(R HR [ E R’
Var(G) Var(g) l[E(3]2 2[ EB Co(R S [W var ¥
[ERI VatR , Coy RS _ VNS (E6)

[E(SPTER® [ EREBI[ (BIS
In particular, if random variables R and S are independas,R § 0. Egs. E.5) and

(E.6) can be written as Eq€.7) and E.8), respectively.

Ry BB Va(9 ER
E(2 | (E.7)
¥ &Y Tew
R, [ERI*, Vat R Var
Var(— | (E.8)
Y myTer (ep
The approximate calculation for the COV of dependent variable G can be derived as
follows:
[ERE va(B vat§, [ER (9
R. [[E(R)?,Va v 2 RI2 I
© (B) AF(g)I \J[E(S)]Z(IEE R [ E)$2)| \f(E)]Sz([(-( (¢ (S]Z). Ef—( TERE
S ' ER Va(SER L)?(l L (SD) ' 1 (SF
S K9 [E¥ EX
2. Statistics of the Q value
Recall
RQD Jr Jw E 10
Q T3n Ya Ysre (E.10)
and X AuB (C (E.11)
where A RQD, B ﬂ,c v (E12)
Jn Ja SRF

Integrating Egs.K.7), (E.11) and (E.12), the expected value of Q value can be derived as:
g R0 I, W g 8D B - J¥
©Jn Ja SRF-: ©@n 1 J®°> SR > 1 (E.13)
E(RQD Va(Jn E RQ%( EJr Vdr JaE )])r( E Jw _ Mar SRK E))J
E(In [E J0P° EJp [ EW E SRF [ (E BF’°

Integrating Eqs.E.8), (E.11) and E.12), the standard deviation of Q value can be derived

EQ

| (

as:
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RQD Jr Jws§

varQ Ver 5”3 sre (E.14)
QD - _ RQD gr . o,
Var T EED e S R var -2 By (Bt R

|([E(RQD] (Val(RQD) Var(Jr)) B RQD Va(rJnERQ? [ ENF, Mar)r \(ar)Jf E)Jr Var)JaE));
[EQn)* TE(RQDI* [E W™ Ed [ €W & E)]ff[(( ENd[ ( B]3& ( EJa [ (E)a

[E(JV\)] Val W Vaf SRF) E(JwW Var SRF E ‘]‘)\ﬂ E RQD Vér Jn(E R()))IQ
[E(SRAT [ E SR’ [E(SRAT & SRF [ € SF ENn [ (Eh
E(JR Va(Ja E J)\z*( EJv Vdr SRFE M

E(Jd [EJM’ ° "HESRF [ ESRF '

Integrating Egs.K.9), (E.11) and E.12), the COV of Q value can be derived as:

K

X

@ WARQ
E(Q)
RQD Jr Jw
AR Ju
\/ Jn  Ja SR RQD Jr s (E.15)
ROD T |\/([( D (1F DE (Sl D 1L
E( —Uu
Jn  Ja SR
|\/(([(1(RQD)]2 [(: (I )(([( (M20C ( Ry )(,[( ( W2 ( SR¥) 1) 1
@ [:(n?? @ [ (J91%° @ [ (SRPAP?)?

The COV of Q value can also be calculated based on its definition, which is the ratio of
standard deviation to its expected value. In this way, it is calculated by dividing the square root of
result in Eq. E.14) by the result in EQE(13)
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