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Abstract

Estimates ofuncertainties and riskof the construction process agssentialinformation for
decisionmakingin infrastructureprojects The construction process is affecteddifferent types of
uncertainties. We can distinguish betwelea common variability of theonstructionprocess and

the uncertainty omccurrence of extraordinary evenédso denoted as failes of the construction
process.In tunnel construction, a significant part of the uncertainty results from the unknown
geotechnical conditionsThe construction performance is further influenced by huraad
organizationalfactors whose effect is not kwn in advance All these uncertaintieshould be
taken into account when modelling tinecertainty andisk of the tunnel construction

For reliable predictiog) it is essential to realistically estimate the parameters of timpilistic
model. Atpresent, suckstimates mostly rely on expert judgement. However, these can be strongly
biased and unreliable. Therefore, the expert estimates should be supported by driddyaisram
previous projects.

This thesis attempts to address theseiesFirst, it introducesa simpleprobabilisticmodel for
the estimation othe delaydue to occurrence of construction failur€ee model is applied to a case
study, whichdemonstrateshow the probabilistic estimate of construction delay can be used for
assesing therisk andfor making decisions.

Secondadvancednodel including both the common variability and construction failures using
Dynamic Bayesian Network¢DBNs) is presented.This model takes over s@mmodelling
procedures fronexisting models but it extends the scope ofrttoelelleduncertaintiesThe model
is appliedto two case studiefor the estimation of tunnel construction timeis demonstratechow
observations from the tunnel construction process can be includechtioucwisly update the
prediction of excavation time.

Third, an efficient algorithm forthe evaluation of the proposed DBN is developed. A
modification to the existing Frontier algorithm is suggestddnoted as modified Frontier
algorithm This new algothmis efficient for evaluating DBNs with cumulative variables.

Fourth,performance data from tunnels constructed in the past are andlygedata motivates
the development of a novel combined probability distribution to describe the excavation
performance. In addition, the probability obnstruction failureand the delay caused by such
failures is estimated using databases available iditdrature. Additionally, a brief database of
tunnel projects and tunnel construction failures from the Czech Republic is compiled. THeseata
includes basic informatioan all tunnels, whicthave beeronstructedn the Czech Republisince
1989 The atabase of failures, which occurred lve tanalysed tunnels, contaihg events, mostly
cavein collapses.

The models presented in this thesis are applidget@stimatiorof tunnel construction time. The
construction costs can be assessed analogoushplacing the time variables with cost variables.
The costs can also be modelled as a function of the construction time.

The statisticalanalysis of datpresented in the thegisovides avaluableinput for probabilistic
prediction of constructiotime in infrastructureprojects.The results of the case studies seem to
realistically reflect the unceinty of the constructiortime estimates.
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Introduction

In developed countriesinvestmentsinto the transportation infrastructure (construction and
maintenance of roads, railways etc.) vary in the irtefsxom 0.5% to 1.5% of the GDRiew
constructioncorresponds t@pproximately two thirds of thiamount(Banister and Berechman,
200Q U.S. Department of transportation, 2Q00dternational Transport ForumOECD, 2011) In
developing countrieshe share othe GDP may be significantly higheup to 6% (UN ESCAP,

2006) When includingalsowater, energy andommunication infrastructure, the global investments

to infrastructure arassessetbughly as.5% oftheworld GDP (OECD, 2007) The optimization

of the design and construction of the infrastructure can therefore bring significant benefits to the
society.

To be successful, project must meet financial, technical and safety requirements and it must
fulfil a time schedule. The criteri@f project success from the point of view of different
stakeholders can be contradicting and finding an optimal solution is a challengindtask.
decisons must be made regardidgsign, project financing and type of contract. These decisions
are made mder high uncertaintysuch as uncertainty inonstruction costtime of completion,
impad on third party propertgr maintenance costs. Assessment of these uncertainties is crucial for
making the right decisions. Oftenthe solutions Hat seem to be chear and fastebased on
deterministic estimatesre associated with higher uncertainties and risks. Making decisions based
on deterministic values is therefore insufficient.

This thesis aims at developingodelsfor quantification of uncertainties in theonstruction
process of linear infrastructur8pecifically, the models are developed foobabilistic assessment
of tunnel construction Tunnels were selectebecause theyrepresent a costhypart of the
infrastructure and becausiee progress of theironistruction is highlyuncertain Compare to other
types of linear infrastructuré¢his additional uncertainty arisérom theunpredictablegeotechnical
environment, where the tunnels are bijfitaveren, 2006)The models developed for tunnel
construction can bapplied also to ¢ter types of linear infrastructure (e.g. roads or railwags)
shown for example iMoret (2011) in such a case, modelling of geotechnical uncertaichede
simplified or neglected.



2 Introduction

There are only fewnethodsand modelsfor quantification ofuncertainty in construction time
and cost predictioffor infrastructure in generdFlyvbjerg, 2006) or for tunnelsin particular e.g.
the Decision Aids for Tionelling (DAT) developed a¥liT in groupof Prof. Einstein(e.g.Einstein,
1996) an analytical model presented lsaksson and Stille (2005 a model combining Bayesian
networks and Monte Carlo simulation proposed3tgiger (2009) Probabilisticmodels have not
beenwidely accepted in the practice so farfirst reason is that there was not real demand for the
guantitative modelling of unceinties and risk, becauskecision nakerswere not usedo work
with such information. A second reasorthat the existig models often did not provide a realistic
estimate of the uncertainties and they therefore did not aygieptance amontpe practitioners.
However, this situation seems to be changing in the recent years and both the demand and the
reliability of themodel results havancreased.

1.1 Research objectives

The objective of this thesis i® providetools forthe analysis of tunnetonstructionuncertainties
and risks The particular aims are:

- To propose a methodology that allows estimating the delay of tunnel construction due to
failures on a probabilistic basis. The estimate might be used as a supplement to the
deterministic estimates of construction time.

- To illustrate the use of the probhiic estimate of construction delay for quantification of
risk and for making decisions.

- To develop an advanced model that can realistically assess the overall uncertainty of the
tunnel construction time (cost) estimates, including both the common Nigyriadd the
construction process and the occurrence of failures (extraordinary events).

- To demonstrate the updating of the estimates with the observed performance after the
construction starts.

- To develop an efficient algorithm for evaluation of the medereal time.

Besides development of the probabilistic models, the thesis aims at gathering arsthgnaly
performance data fronthe constructed tunnelsBased on this analysis, the parameters of the
probabilistic models (and not only those presentedthis thesis) may be estimated more
realistically.

- The analysi®f datadescribs both:
- The common variability of the constructiperformance
- Theextraordinary events and delays caused by these events

- A brief database of tunnel projects and tunnel construction failures in the Czech Republic
since 1990s establishedt supplements the existing databases of world tunnels failures.
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1.2 Thesis outline

The thesis is organized into eight chapters semknannexes. The second and third chapters are
introductory:

The £condchapteri Tnnel projects and risk managementa n s wer s WHYave shoukls t |
analyseuncertainties rad risks of tunnel constructioft. provides a brief introduction into the topic

of tunnel project and tunnel constructiorthe present practice of projeglanning and decision
making is described’he concept of risk and its managemienntroduced

The hird chapteii Anal ysils @dnstturnuncet i on o HOWweaeananalyse t h ¢
uncertanty and risk.The stateof-the-art in tunnel construction risk analysis is describedth
qualitative and quantitative approaches are discusSetected methods and models for
guantificaton of uncertmties and risk which are used later in the thesere introduced.
Corresponding &sic definitions and axioms of probabilistic modelltogether with aroverview of
theterminology and notation is provided in Annkx

The new findings ar@resented in chaptfour to sevenThe applicationof the new models is
demonstrated in three application examplBso of the examples use a Czech tunnel denoted as
TUN 3, which is also included in the analysis of dddme of the examplesses a Koreartunnel
denoted as Dolsan,Ahis case study was takéom the literaturgMin et al., 2003)

The fourth chapterii Mo d e | of del ay due t o ttoerestimdte ot 0 n s
as s oci aint®duces dissple probabilisticmodel for quantification othe delay caused by
extraordinary eventdy means ofPoisson process and Event Tree AnalysisS(ETA). The
application example 1 is presented using tunfEN3; the estimated delay is used ftre
quantification of risk and fathe selectingan optimal construction technology.

The fifth chapterfiDy n a mi c Bayesi an net wor k ( DBN) mo d e
introduces &omplexprobabilisticmodel forthe prediction of tunnetonstruction timeand costsA
generic approach to the modelling is introduced. Fumbes a specific model fothe prediction of
construction time is discussed in detail. This model is applied tocabe study othe Dolsan A

tunnel The pdating of the prediction with obsexd performance is demonstratdthie comparison

and validation of the new model with resulfstioe original case study taken froktin (2003)is
provided in Annex 3

The dxth chapter fAlgorithms for the evaluation of the DBN focuses on the probabilistic
modelling itself it can be skipped by @ader, whose interest is in risk modelling of tunnel projects
The chapterintroduces the algorithms for inferring unobserved variables in the DBN and for
learning the parameters of the DBRNe pocedure for evaluatg the DBN for tunnel construction

is described in detaiA modification tothe Frontier algorithniMurphy, 2002)is proposed which is
efficient for evaluating BNs with cumulative variables. Aomparison of the performance of the
original and modified=rontieralgorithm ispresentedn Annex4.

The ®venth chapterfAnal ysi s of tunnel construction de
presents methods fasnalysing performance data from projects constructed in the past. The
common variability of the construction process and the construction failuretudred separately.

The first isanalysed using data from three Czech tunffals results of the analysis are given in
Annex 6), the later is based on analysis of larger databases of tunnels and tunnel constructio
failures The findings are applied tthe case study of tunnel TUNS3; prior estimates of the
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parameters are determined &y expert judgement supported by the data analysis, the predictions
are then updated with real observations

Because the existing databases of tunnel construction failonestaontain the casésatoccurred

in the Czech Republic, a database of tunnel projects and tunnel construction failures in the Czech
Republic in the years19902012 was collected (Annek). The database includes only basic
information about the tunnelge.g. type and length of the tunnel, time of construction) and
construction failures (e.g. consequences, taken measures). Additional information can be found in
the referred sources, which are available also in English.

Thee ght h chapted DDOoholok®i csmusnmami zes t he main
of the thesis and provides hints for future work.

-
C



Tunnel projects and risk
management

With proceeding urbanization and increasing demands onquddity, the importance of
underground infrastructure, including tunnels, is likely to increase in the future. Tunnels minimize
the impact of the infrastructure (e.g. road or railway) on the emvient; they allow placing the
infrastructure in the cities under ground and thus improve the life quality of the inhabitants. Tunnels
also help to fulfil the increasing demands on the technical parameters of the infrastructure; the
modern roads and railwa, to comply with the requirements on high design speed, must have
sweeping curves and gentle elevation.alrcomplicated terrain, this can often be gained only
through designing tunnels.

Tunnels are built in geotechnical conditions, which are not knewtim certainty before the
tunnel is constructed. Other uncertainties influencing the project success come from the human ar
organizational factors. At present, the time and costs of the construction are commonly estimated ©
the deterministic basis. Thapproach, however, is likely to lead to wrong decisions, because it
neglects the uncertainties of the estimates.

This chaptermims at introducinghe context and motivation of thgrobabilistic models fothe
estimation of tunnel construction time (costs)presented later in this thesis. Section2.1, the
importanceof the construction phager the life of the tunnel project idemonstrateénd the need
of probabilistic estimates of construction costs and time is discuskedtechnologies of tunnel
constructionare described isection2.2 Because the geology aitd appropriate description are
decisive factors for tunneldesign and construction the commonly utilized geotechnical
classification systems are introducedSaction2.3. Section2.4 describes, how thestimates of
construction costs and time are done inghesenpractice.Section2.5discusses the failures of the
tunnel construction, i.e. events, which have relatively small probability but potentially huge impact
on the consuction processSection2.6 focuses orrisk management and its application in the
tunnel projects The definition of risk is introducedthe genericrisk management process is
described and implications of risk management for procurement and insurance of the tunnel projec
areexaminedFinally, the uncertainties in the tunnel project are discuss8dation2.7.
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2.1 Tunnel project planning and decision making

In early phase of planning of an infrastructure project, several alternatives are commonly
considered. These alternatives can include different layouts ofinfin@structure, different
combinations of tunnel and bridges or different construction technoldgiesearly design phase

and the decisions taken at that time have the decisive role on the Life Cycle Costs of the
infragructure, as illustrated iRigure2.1.

The optimal solution iscommonly selected based on a cost benefit anal{@BA), which
appraise costs and benefits expected during tbegt life (Lee Jr., 2000HM Treasury, 2003
Flanagan and Jewell, 2005lishijima, 2009) The economicefficiency of the optionscan be
expressed by measures such as the netmrgalue (NPV), internal rate of return (IRR) or benrefit
cost ratio.For includingthe nonrmonetary factors such &sffic safety andocialor environmental
impactsinto the decisionmaking, themulti-criteria analysis (MCA) cabe utilized, which includes
the economic efficiency as one of the cra€Norisugi, 2000 Vickerman, 200Q)

Influence of stakeholders

Cumulative project costs

Project time:

Elarly. — Design P Procurement—p Construction - O&M
planning

Figure2.1: Costinfluence curve for phases of the infrastructure profsgapted fromProject
Management Institute (2008)

Several decisions must be made also later in the prdje¢he design phasdhe constructon
technology andletailed design of the tunnelust be selectedndthe ®ntractormust be chosen.
During the construction phasenexpected geotechnical conditionstonnel collapsecan require
decisiors aboutthe changes oflesignand constration method All of these decisions should be
based orobjectiveappraisabf the options.

Role of construction time and costs

One of the most important factors influencing the decision whethghowa tunnelis to be built

are the estimated time and cosftsconstruction(Reilly, 2000) The importance of construction
costs is documentdaly Table2.1 using data fronsubsea tunnels in Norwagyesented bydenning

et al. (2007)The table showthat in the analysed tunnels, the construction acegiesen89-72 %

of the LCC. TheLCC are calculated as the sum of investnemgts(corresponding approximately
to construction costsand operation and maintenance (O&M) costs for the life of the tunnel,
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assuming that the tunnel has a life of 150 years.di$wuntingis not considere@nd the life time
is rather overestimated. Therefore, the share of construction @modt€C is likely to be even
higher.

Similar conclusions are made Blanagan and Jewell (200 a school building project, reporting
the share of 43% of investment costsldDC (with consideration of discounting and life of 30
years).

Table2.1: Share of investment costs on life cycle c@sEC) for selected subsea tunnels in Norway
according toHenning et al. (2007)

O&M costs Investment costs Life O&M costs Share of investment
(150 years life) costs on LCC
NOK/m/year  NOK/m NOK/m
Fannefjorden 450 47 000 67 500 0.41
Freifjord 240 53 000 36 000 0.60
God@y 200 61 000 30 000 0.67
Hvaler 550 53 000 82 500 0.39
Kvalsund 440 60 000 66 000 0.48
Nappstraumen 180 58 000 27 000 0.68
Tromsoysund 350 132 000 52 500 0.72
Vardd 600 122 000 90 000 0.58

Realistic estimate of construction tine equally important The construction timesignificantly
influences thetunnel construction cosisbecausesubstantialpart of the costs comprisef the
labour and machinery costshich are time dependetdditionally, the construction often requires
restrictions in operation of existing infrastructure and theeefmauses secondary costs asd
negatively perceived by pubiBelays of opening of a tunnel operati@nein generaleconomically
and politicdly problematic.

Decisions under uncertainty

Estimates of cortauction time and costandof other performance parameters are highly uncertain
(seeSection2.7). The earlier in the project the estimates e, the higher is the uncertainity.
spite of that most stakeholders require a deterministic estimate of costs andntithe current
practce(seeSection2.4). These deterministic estimates aeed as a basis fdecisioamakingand
they are communicated wigsublic. This approach creates false expectations, wdretnlikely to
be fulfilled, and itcanlead to wrong decisions

An example of probabilistic assessment of construction costs and time for two different options
of the tunnel design (e.g. varyingaaxation methods) is presentedrigure2.2. Whilst option 1 in
this example appears on the basis of a deterministic estimation as unambiguously more
advantageoushé probabity of significant exceedinghe costs and construction time estimated for
this variant is substantially higher. Such an evaluation of uncertainties is crucial information for
making decisions. Knowing them, the decision maker can decide whibidenncertainty is
acceptable, whether some measures to reduce the uncertainty must be taken or whether to select
option 2.
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Figure2.2: Exampleestimateof construction costs and time for two project options

The need of probabilistic prediction of construction time and costs and their communication with
the stakeholders has bemtognizedn thetunnellingcommunity in recent years¢mbardi, 2001

Reilly, 2005 Grasso et al., 20Q0&dgerton, 2008and thedemandfor applicable probabilistic
models isapparent

2.2 Tunnel construction

The construction otunnek consists in two main phases: tunnel excavation (including construction
of the tunnel support) and equipment of the tunnel with final installations (ventilation system,
lighting and safety systems etcThe later is not discussed in this thesis.

Three ma tunnelling technologiesommorny utilized in present practicare briefly described
in the sequelA special attention is paid to the conventionainellingwhich is used in aplication
examples later in thihesis.

2.2.1 Conventionaltunnelling

According to definition of Internationalunnelling Association (TA, 2009), the conventional
tunnelling technology is construction of underground openings of any shape with a cyclic
construction process of

- excavation, by using the drill and blast methods or mechanical excayaiads headers
excavators with shovels, rippers, hydraulic breakers etc.)

- mucking
- placement of the primary support elements such as
- steel ribs or lattice gilers
- soil or rock bolts
- shotcrerenot reinforced or reinforced with wire meshfibres.

One cycle of the construction process is denoted as round and the length of the tunnel segment
constructed within one round is denoted as round lengtie final profile of the tunnel can be
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divided into smaller cells, which are excavated separately. The usual types of excavatior
sequencing are shown kigure2.3.

The excavation method, round length, excavation sequencing and support méassues
denoted aghe construction method in this thesiaje selected depending on theotechnical
conditions and crossection area of the tunnel. The decisive factotherselection is the stangp
time of the unsupportedpening To give an example, annel constructed inery good ground
conditions with long stability of unsupported opening can be excavated full face with round length
of several meters and it requiresly simple support. On the contrary, in difficult ground
conditions, a finer sequencing, shorter round length and demanding support measures must |

R W
SR wwAYEY

Full face Partial excavation Partial excavation
heading/bench/invert with side drifts
(horizontal sequencing) (vertical sequencing)

Figure2.3: Typical excavation sequencing tygasonventionatunnelling Source(ITA , 2009)

In poor ground conditions, auxiliary construction measuoessbe used. These are for example jet
grouting, ground freezing, pipe umbrellas or face bolts. Additionally, if the primary support is not
sufficient for longterm stability of the tunnel, it must be supplemented by the construction of final
(secondary) lining. A picture of tunnel construction by means of conventidoahelling with
partial excavation is shown Figure2.4.

The conventional tunnelling allows adjusting ttonstruction process based on observations of
the ground behaviour, which are continuously carried out during the construction. The technology is
therefore especially suitable for tunnels with highly variable geotechnical conditions, tunnel with
variableshapes of tunnel crosections and for short tunnels, where utilization of expensive TBM
would not be economically justifiable.

The geotechnical monitoring is an essential part of the construction process. It enables to chec
the structural behaviour ti respect to the safety and serviceability criteria, to optimize the
construction process and to control the impact of construction on the adjacent structures. Th
monitored parameters are usually the deformations (displacements, strains, changestiomat
curvature), stresses and forces on structural elements, piezometric levels and temperatures.

The conventional tunnelling technology has many modifications depending on the local
experience and geological specifics. The terminology is not fullfied. The conventional
tunnelling is often referred to as New Austrian Tunnelling Method (NATM), because the
technology was well established in Austria for building the Alpine tunnelsrandthere it spread
to other countriefKarakus and Fowell, 2004The Austrian nan ONORM B 2203s accepted
worldwide as the basic guidance for gentional tunnelling. The Norwegian Method of Tunnelling
(NMT) (Barton et al., 1992pr Analysis of Controlled Deformations (ADECQO) meth(€ulvio,
2010)also belong to the grpuof conventional tunnelling.



10 Tunnel projects and risk management
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Figure2.4: Conventional tunnelling in Dobrovskeho tunnel, Brno, Czech Republic.

2.2.2 Mechanizedtunnelling

International Tunneling Association definesnechanizedunnelling as tunnelling techniquesin
which excavation is performed mechanically by means of teeth, picks or disks. The machinery used
for the excavation igommonly called Tunnel Boring Machine (TB) An exampleof TBM is
shownin Figure 2.5. Diameter of the tunnel excavated with TBM can range from a metre (done
with micro-TBMs) to 19.25 m to date.

The application offBM has several advantages compare to conventtanaklling methods.
The excavation is generally faster, the deformations of the ground and surface are smaller, which is
beneficial for the existing structures. However, the TBA\h only excavate a round tube and must
be thus in most cases combined with ottmrstriction methods foiconstructionof access tunnels,
technological rooms etc. It is also omlyitable for longer tunnels, where the initial investment into
the TBM purchase is reasonable.

The essential parts of the machine include the following it€fds 001)

- Rotary cutter head for cutting the ground

- Hydraulic jacks to maintain a forward pressunetioe cutting head
- Muck discharging equipment to remove the excavated muck

- Segment election equipment at the rear of the machine

- Grouting equipment to fill the voids behind the segments, which is created by the over
excavation.

Different types of TBMs areesigned for drilling in soft grounds and hard rocks. An overview is
given inFigure2.6.



Tunnel projects and risk management

s

L BiRLAY '|._1.". b
-

-

e
L 7 |- g

Figure2.5: TBM used for excavation of underground line extension in Prague. Source:
http://stavitel.ihned.cz/

CUTTING REACTION TBM TYPE GROUND
HEAD FORCE
—Open Type| —— Beam Type rock
— Gripper —
L Closed Type |
i|— Shield Type rock,
soft ground
— Closed Type | grou
— Rotation (TBM)— | open Type Il — Mechanical soft ground
Excavation Type
— Segment —
Earth Pressure soft ground
L_Closed Type Il —| ~ Balance Type
Tunnel
Excavation— Slurry Type soft ground
Machine
(Full face)
Hand Excavation soft ground
Type
Open Type —|
Semi-Mechanical soft ground
— Non-rotation (Shield) — Excavation Type

Semi-Open Type — Blind Type soft ground

Figure2.6: Types of tunnel excavation machines. Souft4; 2001
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2.2.3 Cut & cover tunnelling

The cut & cover tunnels, unlike the previous bored tunnels, are constdictety from the
surface. The construction consists in excavating a trench or a cut,jngstdltemporary walls to
support the sides of the excavation, roofing the tunnel and covering it with fill maiéeatosts of

the excavation increase signdittly with the depth of the tunnel, the method is thus suitable for
construction of shallow tunnel¥he method is often used ftire construction obeginning and end
parts of the bored tunneks shownin Figure 2.7. The major disadvantages of a c@é cover
construction is its disturbing impact on the surrounsliagd the need of extensive traffic
restrictions For more details, see for exampléckham et al. (1976)

Figure2.7: Blanka tunnel in Prague, Czech Repuldisectionconstructed with cut&cover method.

2.3 Geotechnical classification systems

Undergroundstructures are man made objects constructdteiarogeneous dncomplex natural
environment.For planning anddesigning of the structureg is thus crucial to describe th
behaviourof the geologicaénvironment by parameters, which can be used in the struahalyisis
andfor planning and monitong of the constructioprocessFor this purpose, severgéotehnical
classification systemhavebeen developed.

The internationallyknown quantitativeclassificationsystemsare theRock Mass RatingRMR)
and Rock mass Quality (@ystem. RMR and @systemassign an index (rating) to the ground
based onits mechanical properties, gralirwater conditions andoints/discontinuities- see
Bieniawski (1989)or Singh and Goel (1999Dtherquantitativeclassification systems are utilized
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locally in individual countries or areafor example th&€zechmethodby T e s a S aésigring )
so called QTS indeXA comparison of this three indexing classification systems is givéralihe
2.2.

Table2.2: Orientationcomparison of indexing classificati@ystems (sourcd&artak and Makasek, 2011

Rockquality RMR Q QTS
Very (Extremely) good >80 >100 >90
Good 60-80 10-100 6590
Fair 40-60 1-10 4565
Poor 20-40 0.1-1 30-45
Very poor <20 <0.1 <30

Anotherapproach tagyeotechnical classification the qualitative evaluation of the ground, which
studies thegroundbehaviour These methods classify thquality of ground based on the stauul

time of an unsupportedpan;the classification is thus made with respect to the geometry of the
designed tunnelWhile a utility tunnel with small diameter crave a long standp time and thus

be constructed withminimal support, a large road tunnel in the same ground can require immediate
installation of support measuresensure the stabilityrhe approach was suggestby Rabcewicz
(1957) and Lauffer (1958)and it isimplemented in the Austrian norm faunnelling (ONORM B
2203.

2.3.1 Rock Mass Rating (RMR)

The Rock Mass Rating (RMR) waevelopedby Bieniawskibased on experiences from shallow
tunnels in sedimentary rocks. The system has evolved significantly oveaghéorty years, which
led to inconsistencies betwedts different versions.Following Singh and Goel (1999he RMR is
determined as aum of ratings of following paraegrs:

- Uniaxial compressive strength of iotaock.(Raing 07 15)

- Rock quality desianatiofiROD). which is a measure of rock mass intearity based on the
condition of core sample# is defined as a share of pieces with lenath >10 cm on the total
length of the core rurizor more info seéDeere and Deere, 1988Rating 3i 20)

- Spacina of discontinuitieswhich describes the distance between adjacent discontinuities
(Rating 5i 20)

- Condition of discontinuities which describes the roughness of discontinugyrface,
separatiorof the discontinuitiegtc. (Rating Oi 30)

- Ground water contlon, which describes the water inflow and joint water pressure. (Rating O
i 15)

- Orientation of discontinuities. which describesentation/angleof the discontinuitiesvith
respect to the direction of the tunn@ating-1271 0)

Based on the RMR index, a stanp time of unsupported tunnel depending on the width of the
tunnel can be determinedihe tunnel support measureta reference tunnel with 10 m span for
different RMR values are recommendedieniawski (1989)
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2.3.2 Q-system

The Q-system waproposed at The Norwegian Geotechnlaoatitute. The Q value is determined as
(Singh and Goel, 1999)

o0 ——— 2.1)

where'Y 0 ‘Gs the Rockquality designation indexDeere and Deere, 1988) is the joint set
numberrepresenting the number of joint sets (sets of parallel joints)s the joint roughness
number for critically oriented joint sets; is the joint alteration number foritically oriented joint
sets;0 is the joint water reduction factand SRF is the stress reduction factor.

Based on the Q value and the tunnel dimensions, the appropriate supports pattern
recommended in the literatufBarton et al., 1974)

2.3.3 Czech classification QTS index

The QTS indexlassification was proposezhsed on experiences from constructaf the Prague
underground systefn T e s a S The ibd@8iHcplculated as:

0"YYp IYC ¢ &l TOC @&l TOC @@ | 1 © (2.2)

where'Y is the compressive strength of the rotlis the average distance of discontinuities @nd
is the depth of the investigatéayer. | B  and] are reduction coefficients depending on tyyee
and orientation of discontinuities and on water conditions.

2.3.4 Qualitative and project specificclassification systems

The qualitative classificatianfollowing the ONORM B 2203classify the ground based on its
behaviour as follows:

- The decisive parameters influencing the grobebaviourare selected depending on the type
of geology. Otheparameters are important iacks, other in soils. For example, in volcanic
rocks the lithology, strength angpes ofdiscontinuities ar¢éhe most important parameters.

- Basedon evaluation of the geotechnical parameteysirological conditions angeometry of
the tunnel ¢rosssection area, position)the different types of grountiehavioursuch as
ravelling squeezing, swelling or slaking are predicted the stability of thepeningis
assessedlhe ground is classifieohto classeswhich are characterized by the starmtime
of unsupported opening.

In the design and construction of a tunnel, different classification methods are commonly combined
and a project specific classification system is defined. This system considers the specifics of the
local geology, the parametes§the tunnel (geometry, inclination) and the constructeéminology
(conventional vs. mechanizetinnelling. The project specific classification system defines
commonly 310 ground classeswhich are used to desigthe tunnel support and to seldbe
constructiormethod (e.g. round length in case of conventitunahelling mode of the TBM in case

of the mechanizetunnelling. Importantly, the ground classes also serve as the basis for pricing
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and scheduling of the construction works. In some typesmiract, the payments for construction
works are determined basedtbe observed ground classes.

2.3.5 Comparison ofthe classification systems

As is evident fromprevious subsections the approaches to geotechnical classification differ
significantly and a clear relation between the systems cannot be folind relation between
guantitativethdexing methods such as RMR or-§ystemcannot be defined unambiguously,
because theystemsconsider different criteriéGoel et al., 1996Laderian and Abaspoor, 2012)
Additionally, the evaluated parameters are not dyameasurable, their assessmeepend on
fifuzzydo e x p er t (Aydind2q0d)arel the final classification is thus alsdluenced by the
expert

The qualitative approachese site specific from their definition, because they take intouatco
the characteristics @he tunnel to be built and the construction metfidee many modifications of
existing classification systems show that utilization of an universally valid system is not realistic.
The only factor, which can be used as thetegrating parameter opresentd geotechnical
classification systems and which can serve for their comparisothe standip time of an
unsupported openin@artdk and Makasek, 2011)

An illustrative chart linking the three indexing methof(BRMR, Q and QTS)with the NATM
classification used ithe Czechtunnels excavated with conventionahnelingis shown inFigure
2.8. Because of theambiguous relation between the classification systems,diagram is
approximate.

Technological classes (Czech NATM classification)
5] a4 | 3 | 2 | 1
10min 1|h 2h3h5h 10h 1d 2d 4d 1w 2w 1m 2m__ 6m 1y 5|y | 20y
20 Unstable 80 20
/
15 60// 15
Good quality Very good
— 10 QTS%.;i Q:10-100 quality 10
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Stand-up time of unsupported opening [hours]

Figure2.8: Geotechnical classification systems in tunneliirgpmparison of stanrdp time for given width
of the opening predicted corresponding to different geotechnical cl&sseseBartak and Measek(2011)
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2.4 Estimation of construction time and costs

Estimates of tunnel construction time and costs are a fundamental part of the tunnel project
planning. The time and costs of tunnel construction depend primarily on the following factors:

- Geologicalconditions (e.g. mechanical properties of the ground, frequency and orientation of
discontinuities)

- Hydrological conditions

- Frequency of changes of the geological and hydrological condiipnghomogeneity of the
environment

- Crosssection area of thieinnel

- Length of the tunnel

- Inclination of the tunnel

- Depth of the tunnel/height of overburden

- Affected structures and systems (requirements on maximal deformations, protection of water
systems and environment, operational constraints)

- Quality of planningand design
- Construction management and control, quality of construction works

The methods of time and costs estimates vary in different project phases. In the early design phase,
only little information is available about the geotechnical conditionsgiutiesign and construction
technology. Therefore, only rough estimates using the experience and/or data from tunnels
constructed in the past can be provided. Analyses of tunnel construction time and costs are
available in the literatureBurbaum et al. (2005 provides a detailecdjuidance for tunnel
construction costs estimates in early design phases, which is based on the experiences in Hessen,
Germany.Kim and Bruland (2000 study the dependence of tunnel construction time on the
geotechnical conditions classified using thesy3dtem Sedion 2.3.2 and the crossection area of

the tunnel.Zare (2007)and Zare and Bruland (2007@nalyse the construction time and costs in
conventional tunnelsThesethree studies arebased on Norwegian experiences and a detailed
simulation of the construction procegs@arrokh et al. (2012presentsa number of models fothe
prediction of the TBM penetration rate and compares the estimates of these models with data from
tunnels constructed in the past. Other approach for tunnel construction time estimate in dependence
on the geology, exavation technology, support system and other factors is preserfs@uyim and

Goel (1999)

In later planning phases, geotechnical survegscarried out and a detailed tunnel design is
prepared. Based on this information, more precise time and costs estimates are made taking into
account the particular activities of the construction process and the associated utilization of
resources such awmaterial, labour and machinery. The estimates are done by experience cost
estimators and projects planners. The estimators can use several simulation tools for modelling of
the construction processes, an overview of the tools is given for examgienémez (1999)
Applicatiors of simulation models for tunnelling are presentedluRizk et al. (1999and(Zhou
et al., 2008) Some of the models allow to take into account uncertaiotige estimatesas will be
discussed later in th8ection3.2. It should be notedhat construction of tunnels is a chain of
repetitive activities whose order is strictly given. There is therefore negligible uncertainty in the
determination of criticapath, which is the longest path through a network of construction activities
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with respect to the given order of activities. From the modelling point of view, this is a big
advantage compared to nbnear types of structurds¥ k men and .¥ztak, 2008)
In prectice, the construction costs and time are often underestin{&igubjerg et al., 2002)
showthat final construction costs of tunnel and bridge construction projects are, on average, 34¥%
above original estimatemade at théime of decision to build. The study further shatlat there
has been no improvement over the past seventy years. The reasons for this systemat
underestimation are discussedFiyvbjerg, (2006) Fi r st , people tend to
morepositive | ight than is warranted by actual
optimism bias. Second, the system of administering and financing of transport projects often
motivates the people interested in realization of the project tpopely underestimate the
construction costs and time, because it improves the chance of the project to be financed; thi
political and organizational phenomernismenoted as strategic misrepresentation.
Based on results of these studies, the Britishaailiss recommend adjusting tisestestimates
for bias and riskHM Treasury, 2003)This adjustmenhshould be based on analysis of projects
constructed in the padExtensivestatistical analyses of the constructimost increasevere made
(Flyvbjerg and COWI, 2004Flyvbjerg, 2006) These allowd determinng the uplifts of the
deterministic estimatéor different reference project class€sr example, to obtain a cost estimate
of tunnel or bridge construction projectgith 80% probability of not being xeeeded, the
deterministicexpert estimateshould be increased by 86. These studies arethe first attemp
known to the author, which aiat quantifying the uncertainty in cost estimates based on analysis of
data from previous project$he utilized approach differs from the one presented lat€hapter7
of this thesisin two main points: Firstthe authors damot study the actual cost related to a unit
length (or unit volume)of the infrastructurebut they exanme the probability distribution of cost
overrun.This approaclseems to be unluckyAssuming that the method will be systematically used
in the practice and the practitioners will become more aware of the uncertainties in the estimates
they might start esmating even the deterministic costs more realistically. In saatase, the
present study ofhe cost overruns will not be valid anymore. Secotiee specifics of individual
projects (e.g. geology, geometry and layout of th@rastructure, location in aountry and
inside/outside of a cijyare notconsidered in the analysiShe practitioners will hardly accept the
rough categorization of the projects and neglecting the local spedifies guidanceherefore
allows a significahspace for expert judgement and the benefits of the statistical apredbbs
significantly reduced

2.5 Tunnel construction failures

Tunnel construction failures are extraordinary events, which have severe impact on the constructio
process.They may cause high financial lossesevere delay®r even human injuriesr death
(IMIA , 2006) Thecontrolof tunnel failuregisksis thus of crucial importance.

The most frequently reported tunnel construction faillaes the cawén collapses,tunnel
flooding, portal instability or excessive deformation of the tunnel tube and the overbUiraen.
tunnel construction failusscancause damages odjacent buildings and infrastructuaed they are
thus especially adverse in tunnels built in ¢itees Examples of cavein collapses from the Czech
Republic areshown inFigure2.9.
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(a) )

Figure2.9: Examples of a cavein collapse, which occuredluring construction afunnelsin the Czech
Republic (a) Jablunkov railway tunnel, (lBlanka road tunnelSourcewww.idnes.cz

Efforts to learn a lesson from past errors led to the development of numerous databases! of
constructiorfailures.The British studyHSE (2006)offers a database of over a hundred collapses; it
is an expansion of the data contained in the preceding publi¢et®f 1996) The study analyses
the most frequent caes and consequences of thelaymdes, focusing on tunnels driven in urban
areas, through soils and lower quality rocks.

An analysis of causes and failure mechansiss provided by the diploa thesisof Seidenfuss
(2006) The database contairever one hundred and ten cases of tumxebhvation failuresThe
work analyses above all the causes of the collapses aasunes taken after their occurrenthe
cases partially overlap with the database of thhtge failures which was developed within the
framework of Master thesis Btallmann (2005)

To date, the most extensive databasapproximatelytwo hundred tunnetonstructionfailures
was compiled within dissertatidsy Sousa2010) The data were collectddom thepublic domain
and from correspondence with expefitee database summarizeformation on the tunnels and on
development and consequences of the failures. So far, the database is unfoniotatetgssible
online. The geographical distribution of the collected tunfaglures and the distribution of the
types ofinvolvedtunnelsareshown inFigure2.10.

Figure 2.11 summarizes numbers of accidents recorded in individual databases in the division
carried out according to the utilized technology of tunnelling. It is noted that making conclusions on
the quéity and safety of particular tunneling technologies based on this data may be misleading
without taking into consideration the share of these methods on the global tunnel construction.

No collapse from the Czech Republic was recorded in the abemdionel databases. The
possible reasons are a language barrier and the fact that the Czech construction market is closed,
with a minimum number of foreign subjects acting on it. It is, however, likely that cases from many
other countries are also missing in tteabases. A brief overview of tunnel collapses in the Czech
Republic is presented #nnex5.
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2.6 Risk management

Risk managemens an integral part of majority of infrastructure projects. Many methodologies and
guidance have been develop@&tiis section gives hrief overview of the methodologies and their
applicability.

Section2.6.1describes a general concept of risk management recommended by ISO 31000:200¢
guidelines on risKISO, 2009) The thesis also takes over the definition of risk introduced by this
document. The risk is thus defined as

ABectof wuncertainty on objectivesdc

Section 2.6.2 concerns withrisk management of construction projects and of tunmnel
particular.In Sections2.6.3and?2.6.4 the roleof risk in procurement and insuranoé the tunnel
projectsis discussed.
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2.6.1 Risk management process

The generic process fask managemens depicted irFigure2.12.
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Figure2.12: Risk management process according to ISO 31000:2009

The first, essential step of the process is establishing of the cdhtmxisists in defining scope and
aims of the risk management process, describing criteria of success and explaining the constraints

and | imitations. The risks must al ways be defi
The risk assessment contains thseeps: First, phenomena and events, which might influence
the stakehol dersd objectives in either positiwv

Second, the causes and likelihood of the events and their impaesadysedon a qualitatie or
guantitative basis (risk analysis). Third, the results of the risk analysis are compared with the
acceptance criteria and with the objectives and decisions are made how to treat the risks (risk
evaluation).

For risk treatment, four general stratedieal so known as fA4Ts of ri sk

- Tolerate the risk: It can be applied, if the risk is acceptable.
- Treat the risk: Means to take measures to decrease the risk.
- Transfer the risk: Transfer the risk to another stakeholder or insuranmgzny.

- Terminate the activity or project, if the risk is inacceptable and other strategies are not
applicable.

The implementation of the selected risk management strategy must be properly controlled. At each
stage of the process, the findings must beperly communicated with the stakeholders. The
findings and decisions should be repeatedly revised whenever some new information is available or
when the conditions change.
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2.6.2 Risk management of construction projects

Application of risk management in construction industry has been motivated by increasing
complexity of the construction projects and by pressure for cost savings and for construction time
reduction. Identification of risks in early design phase allowsif@gnt reduction of lifecycle

costs through improvements of the design and planning and through appropriate treatment of th
risk in the later phases. Generic guidance for the risk management process in construction projec
can be found for example iRlanagan and Norman (199&dwards (1995)Wang and Roush
(2000) Revere (2003)institution of Civil Enginees et al. (2005)Smith et al. (2006andRozsypal

(2008) A risk management section is also included in the broadly used manual of project
managementRroject Management Institute, 2008)

Some manuals have been developg@cHically for the underground construction and
tunnelling projects (Clayton, 2001 Eskesen et al., 2004taveren, 2006)In these manuals, a
special attention is paid to the geotechnical risks, which play a crucial role in the underground
construction.

2.6.3 Risk and procurement of tunnel projects

An essentialssue in the construction project is the selection of appropriate procurement method,
which implies the sharing of risks between the stakeholders (project owner, designer, constructiol
company). Several forms of contract ased in the practice, whioknale different types of risk
sharing (sed-igure 2.13). A comprehensive manual for planning and contracting of underground
construction projects derived from the US/agtice is given irEdgerton (2008)Love et al. (1998)
present a procede for selection of the optimal procurement methiadbuilding projects The
infrastructureprocurement practice in the USA is discussedPietroforte and Miller, 2002and
experiencesrom Norway are summarized lreedre et al. (2006)

Type of contract Employer Contractor
Design and manage ——

Design and build, turnkey —
Lump sum fixed price I:I
Cost plus fixed fee with a target price ——
Management fee with works contracts —

Manag. fee with guaranteed max. price I:I
Construction management :

Figure2.13: Selectedypesof contract and risk shariragapted fronfFlanagan and Norman, 1993)

Risk assessment is beneficial for every constructiwoject. However the contract forms
transferring a significant part of the risks to the contractor require an especially detailed risk
assessmenbecausevaluation ofthe risks isthe essential basis for the contractor in determining
the bid price and $edule. Additiomlly, the risk assessment hakigh importance in te partnering

types of contractso called Public Private PartnersifPP)projectsi see e.g(Li et al., 2005Aziz,

2007).
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2.6.4 Risk andinsurance of tunnel projects

Insuring of construction projects is a common practice in countries such as USA or Great Britain.
The insurers offer project specific insurance covering for example claimsjfioy, third party
property damager damage tohte constructed structure, material and machinery. Standard types of
insurance schemes for construction projects are the Contractors All Risk (CAR) insurance or
Construction Project All risk Insurangéllianz Insurence, n.d.)Because the private financing of

the tunnel projechas increaseth recent years, demd for new types of insurance schemes is
growing: for exampleAnticipated Loss of Profit / Delay in Start UALOP/DSU) insurance
(Landrin et al., 2006)

After the insurance companies experighogajor losses on insured underground project, they
developed codes for tunnel project risk managemé&ml (and BTS, 2003 ITIG, 2008.
Compliance with the codes is now required from most of the insured projects. Even if the codes are
successfully applied in the practic8pencer, 2008)insuring of tunnel projestis still very risky
and the insurers must search for methods to improve the assessment of construction project risks.

2.7 Uncertainties in the tunnel projects

All phases of the tunnel project are influenced by numerous uncertainties. These can be categorized
into two groups:

- Usual uncertainties ithe course of tunnel design, construction and operation

- Occurrence of extraordinary events (failureaysing significant unplanned changes of the
expectedroject development

Both types of uncertainties influence the st al
performance parameters such as costs, time, quality etc. Examples of the uresrtmuti
performance parameters, in division to the project phases, are giVahl@®.3.

Table2.3: Examples ofincertainties and the influenced performance parameters in the tunnel projects

Planning phase Construction phase Operation phase

Usual uncertainties Usual uncertainties Usual uncertainties

- quality of planning team - geological + hydrological cond. - number of vehicles

- quality of designer - performance of the technology - quality of maintenance
- geotechnical survey - quality of organization and works - durability of materials

- tendering -prices of materials, | abouré
Extraordinary events Extraordinay events Extraordinary events

- Strong public aversion - Tunnel collapse or flooding - Fire

- Rejection of financing - Unpredicted existing structures - Vehicle accident

- Legislative obstructions - Extensive deformations - Tunnel collapse
Performance parameters Performance parameters Performance parameters
- Land acquisition time and costs - Construction costs - Income/availability

- Design cost, time and quality - Construction time - M&O costs

- Time for acquisition of regulatory Quality - Environmental impacts

approvals and permits - Financing - Life time
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Distinguishing between the two types of uncertainties is necessary, because the principal divergen:
of their nature requires different approaches to their analysis. It is furttdenéthat the usual
uncertainties influence the occurrence of extraordinary events. For example, unpredicted geologic:
conditions and poor quality of construction management is likely to lead to a tunnel collapse. Thest
dependences must therefore be aber&d in the quantitative risk analysis.

For the modelling purposes it is further convenient to distinguish between the aleatory and
epistemic uncertainties:

- Aleatory uncertainty is the natural, intrinsic randomness in the analysed system, which canno
be reduced.

- The epistemic uncertainty is the uncertainty resulting from incomplete knowledge of the
system and it can be reduced when additional information is available.

To give examples, the geotechnical parameters (e.g. humber and orientation ofindigies,
compressive strength) can include both types of uncertainties. The aleatory uncertainty corresponc
to the spatial randomness of these parameters (the discontinuities are not equally distributed |
space). The epistemic certainty results fronthe factthat we are not able to describe the
randomness with certainty because we only have limited knowledge about the geology (e.g. fron
local boreholes). A thorough discussion on aleatory and epistemic uncertainty is avail2blte in
Kiureghian and Ditlevsen (2®). The authors claim that, in principle, distinguishing between the
two types of uncertainties depends on the view and intentions of the modeller, i.e. on the judgmen
whether or not the uncertainty can be reduced in later phases of the analysis.

2.8 Summary

Chapter2 introduces the reader into the topic of tunr@iject planning and managemeénhile the
remaining part of the thesis only deals withdaling oftunnel constructionSections2.1, 2.6 and

2.7 put the construction phase into the context of pre ct 6 s | i f e that thetimeeand | t
costs of construction are not the only criteioa making decisionsbut certainly very important
ones. Additionally, it is demonstratedhat analysing the uncertéies and risk is crucial for
identifying optimal solutionsin all phases of the projeciA categorization of uncertainties
influencing the tunnel projects brought in this chapter as well, sinceigtimportant for their
proper analysis and modelling.

Sections2.2 - 2.5 briefly discuss theunnel construction itselfThe commonly used tunnelling
technologies are introduced Section2.2 with particular attention tthe conventional tunnelling,
which is used in application examples later in this thé¥sause the geological conditions and
their proper description is essential for the tunnel construction andhéoprediction of the
construction time and cost§ection 2.3 gives a summary of the widely used geotechnical
classification systemdt shows that the description of geotechnical conditions is highly site
specific. Therefore, the transfer of experiences between different projects is not a straightforwarc
task and it cannot be easily automated. This issue will be discussed laterian relathe data
analysisin Chapter7. Section 2.4 briefly explains, lbw the construction time and costsre
estimated in different phases of the project. At preshatleterministic estintas are used ithe
majority of cass. However, the tunnelling community recently recognised the limitations of the
deterministicapproach and more attempts are made to quari#yuncertainties and risks (see
Section3.2). Finally, Section2.5 discusses thegssibility of occurrencef extraordinary events
(failures) during the tunnel construction. These events represent a high risk for the tunnelling
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procedure, as is shown in several studies catigatiformation on past eventslodelling of these
events and their impact is discussed also in remaining part of the thesis.
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Analysis oftunnel construction risk

Approaches and methods for risk analysis pmesentd in this chapterAs wasintroducedin
Section 2.6, the risk is defined as dneffect of u
influencing the tunnel project were briefly discusse®éattion2.7; it is distinguished between the
usual uncertainties and extraordinary events. The objectives of a tunnel construction (measurab
performance paraeters) are as follows:

- Completion of the construction on time

- Completion of the construction within the budget

- Fulfilment of the technical requirements

- Ensuring safety during the construction

- Minimization of impact on operation of adjacent structures
- Minimization of damage to third party property

- Avoidance of negative reaction of media and public

In the following, the éxt mostly focuses oaffect of uncertaintyon the construction time, partly
also on the construction costs, the other performance parameters are not explicitly considered in th
thesis.

Note that the risk is not a universal quantity. The objectivesdwidual stakeholders can differ
and they also develop during the project. Additionally, the perception of the consequences of no
meeting the objectives is also individual. Therefore, the risk must always be analysed with regard t
the context and objewges.

The stateof-the-art of tunnel construction risk analysis is summarized in this chapéetion
3.1 is focused on the qualitative metha8ection 3.2 provides an overview of approaches to
quantitative risk analysis. The purpose and limitations of the qualitative and quantitative approache
are discussedsedion 3.3 introduces selected methods and models for analysis of uncertainty and
risk, which are utilized later in this thesis.
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3.1 Qualitative risk analysis

The qualitative risk analyis (QIRA) aims atidentifying the hazards threatening the project, to
evaluate the consequent risks and to determine the strategy for risk treatment. The QIRA serves as a
basis for preparation of contracts, for management of theeqiragnd for allocation of
responsibilities amongst the stakeholders or #gm@iployees and representatives.

The hazards are identified and collected in thealted risk registers. Use of risk registers is
recommended by most of the manuals and codetioned inSection2.6. The risk registers should
cover all thinkable events and situations, which can threaten the project. Therefore, experts from
many differentareas and with varying experiences should participate on the hazard identification
(Staveren, 200GTIG, 2006) In QIRA it is not necessary to distinguigte differentcharactes of
the hazards, such as if thazardoelongs to the usual uncertainties or extraordinayentsor if the
uncertainty is aleatory or epistemic ($Section2.7).

To evaluate the risks, varying classification and rating systems describing the piyludbili
occurrence of a hazard and expected consequences in verbal form are used. Examples of such rating
systems are given for examplekskesen et al. (2094Tichy (2006) Edgerton (2008)Shahriar et
al. (2008) Hong et al. (2009and Aliahmadi et al. (2011)The rating of the probability and
consequences is combined in a risk index or by means & maisix, in order to evaluate the risk.

The risk matrices assign a verbal classification of the risk to every combination of the
probability and consequence rating. An examplemislrix is given inTable3.1.

The risk indexes are usually calculated as product of the probability rating and consequence
rating. To give anexample, the Failure Mode andféct Analysis (FMEA) is a method based on
classification of risk sing the Risk Priority number (RPN). The risks are collected in a database
(similar to a risk register) and evaluated by the RPN, which is defindtegsoduct of ratings of
occurrence, severity and detectability. Example applications of FMEA in thé&wdie industry
are presented iAbdelgawad and Fayek (2010Gpal kov.g§ (2007)

Table3.1: Example risk matrix (sourc&skesen et al., 20p4

Consequence
Frequency Disastrous Severe Serious Considerable Insignificant
Very likely Unacceptable Unacceptable Unacceptable  Unwanted Unwanted
Likely Unacceptable Unacceptable Unwanted Unwanted Acceptable
Occasional Unacceptable Unwanted Unwanted Acceptable Acceptable
Unlikely Unwanted Unwanted Acceptable Acceptable Negligible
Very unlikely Unwanted Acceptable Acceptable Negligible Negligible

Based on evaluation of the risks, the strategies for their treatment and the responsibilities are
determined. All information (causes and consequences of the hazards, risk classification,
responsibilities, treatment strategies) is collected in the riskteegwhich should be actively used
and updated in all phases of the prof¢EtG, 2006)

It is noted, the risk registers are sometimes used l@ssis for quantificadn of the overall
project risk. For examplEskesen et al. (2004¢commend the following procedure for quantitative
risk assessment: Each identified hazard is assigned with a frequency (probability) of occurrence and
consequence (e.the expected financial loss). The individual risk for each hazard is estimated as
product of the frequency and consequence. The total projects risk is determined as the sum of
individual risk.
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Arguably, this approach is likely to lead to an incorreatesion of risk. The reason is that the
hazards collected in the risk registers (or other risk database) are often overlapping, they are n
identified on the same level of detail; the relations amongst the risks are not described. Therefore
pure summatio of the individual risks in the database is possible,as they do not fulfil the
condi tion of mut ual exclusivity. For e xamj
investigationo, ATBM gets stucko andinfhdirisigh v
register. It is evident, that these phenomena are strongly interdependent: The inadequat
geotechnical investigation can leadie selection of wrong type of TBM, which can result in high
wear of the TBM cutters or even in the TBM beingc&tin location with unpredicted geology. To
quantify the risk, the relations amongst these phenomena must be properly analysed and evaluatec

3.2 Quantitative analysis of uncertainty and risk

The quantitative risk analysis (QnRA) aims to numerically evaltiagerisk. Compared to the
QIRA, the QnRA requires a clearer structuration of the problem, detailed analysis of causes an
consequences and description of tependenceamongst considered events or phenomena. The
QnRA provides valuable information fatecisionsmaking under uncertainty such as fohe
selection of appropriate design or construction technologySseton2.1) and it allows efficiently
communicating the uncertainties with stakeholders. It also enables to determine the bid price, tim
of completionand insurance premium (see Secti@ndand2.6) with a required level certainty on
an objective and quantitative basis.

The selection of tools for QnRA depends on the objectives of the risk analysis and on the type o
uncertainties, which are analysed. An overview of the approaches is givabl&3.2.

Table3.2: Overview of approaches to quantification of uncertainty and risk (only effect on construction
time and costs is considered)

Extraordinary Usual uncertainties

Events Not included Included

Not included  Deterministic estimate of constr. time Probabilistic estimate of construction
and costs (seBection2.4)* time and costs by mea of:

- Monte Carlo (MC) simulation
- Bayesian Networks (BN)
- Analytical solution

Included Deterministic estimate of constr. time and cosBomplex probabilistic model using:
and prob. estimate of delay and damage usingMonte Carlo (MC)simulation
- Fault tree analysis (FTA) - Bayesian Networks (BN)
- Poisson model - Analytical solution
- Event tree analysis (ETA) **
- Bayesian Networks (BN)

* the estimates can be accompanied by qualitative risk analysis
** ETA and Poisson modaés commonly used for assessment of probability of a hazard occurrence; ETA for
analysis of consequences

Several approaches for analysing the extraordinary events have been used in the literature al
practice Eskesen et al. (20Dp4andAliahmadi et al. (2011assess the expected value of construction
risk for different tenderers in order to select the best contreitiark et al. (1996lse a Fault tree
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analysis (FTA) forthe estimation of the probability that the tunnel construction harms trees in a
park, in order to select an optimal construction stratégrado et al. (2012stimate the probability

of ground water related hazards using the FG* j no h a e tpresant a meth@dol@y9 )
combining FTA and Event tree analysis (ETA) for quantification of the risk of extraordinary events
in the course otunnel constructionSousa and Einstein (201#)troduce a dynamic Bayesian
networks (DBN) model for modelling the risk of construction failure. The model estimates the
expected utility as a sum of the expected costs and the risk of a tunnel collapse. The full probability
distribution of the construction costs is not presented.

Other models have been developed for modelling the usual uncertaintifswbBmnpura and
Ariaratnam (2007)tools for simulation of the tunnel diilg process are presented, which include
Monte Carlo (MC) simulation for the evaluation of the usual uncertainties in predicting construction
time and costs. II€hung et al. (2006and inBenardos and Kaliampakos (20@hserved advance
rates are used for updating the predictions of advance rates and resultingtiercavie for the
remaining part of the tunnel, by means of Bayesian analysis and artificial neural networks,
respectively. A wetknown model for probabilistic quantification of risks of the tunnel construction
processes is the Decision Aids for TunmggliDAT), developed in the group of Prof. Einstein at
MIT. It has been applied to several projects, an overview of which is given for exan{Mejn
2008) DAT uses MC simulation for probabilistic prediction of construction time, costs and
consumption of resources. It takes into account theegbnical uncertainties, which are modelled
by means of a Markov proce¢€han, 1981) as well as the uncertainties in the construction
process. The updating of the model predictions with observations from the construction was
implemented byHaas and Einstein (2002n these applications, the coefficienfsvariation of the
total construction time and cost estimated by DAT are typically less than 5%. This computed
uncertainty is too low when compared to the one observed in practice, [elyuhjerg et al. (2002)

T seeSection 2.4.

Only few examples can be found in the literature, which include both the usual uncertainties and
extraordinary eventgsaksson and Stille (2008ndIsaksson (20023uggest an analytical solution
for a probabilistic estimation of tunnel construction time and cost and apply the model to a case
study of the Grauholzuhnel in Switzerland. The model considers the correlations in the
construction performance and cosisassoet al. (2006)and Moret (2011) presentan estimate of
the construction time and costs using an updated version of the DAT model. The later applies the
model to a case study of a new rail line in Portugal. The model is based on detailed modelling of
individual activities; it includes the correlations in thenstouction performance and cosBeiger
(2009) suggests a model combining Bayesian network for representation of geotechnical
uncertainties and Monte Carlo simulation for modelling of the construction process. However, the
model of geologygeven if very detailedis not connecteavith the model of construction process
and a significant part of the uncertainty is thos captured

Limitations of existing models

The models available in the literature were developed with diffeybjgctives;some of them
focused only on very specific groups of hazards and risks. Some common limitations can be,
however, identified. The existing models do not include the epistemic uncertainty, which results
from thelack of knowledge the analysaices during thedesign phase. Most of the models do not
consider the effect of common factors, which influence the whole construction process and thus
introduce stronglependencesito the construction performance. The updating of the predictions
with new information is commonly not considered. Therefore, none of the existing rdfisisall
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requirements that are deemed important for a realistic estimation of constructiomédncesss;
these requirements are summarized lat&dation5. This shortages motivated the development of
Dynamic Bayesian Networks (DBN) model presented inttiesis.

Additionally, the existing models strongly rely on expert assessment of the input parameters.
These can be very unreliable, especially in assessing the variability and correlations of the
construction performance and ihe prediction of rare eves (Moret and Einstein, 2011aNo
systematic statistical analysis of the tunnel construction performance dath, might serve as a
basis for probabilistic modelling in the future tunnels, is available in the literature. Methodology for
such analysis is presentedGhapter?.

3.3 Introduction to selected methods for uncertainty and risk
modelling

Principles of selected methods and models used for the quantitative analysis of the tunne
construction risk are introduced in this section. The focus is on twbgeh are utilized lar in this
thesis

The text assumes a basic knowledge of the probability theory, such as definition of random
events, random variables, probability distributions or random processes. A brief summary of
terminology, definitions and notation is givém Annex 1. For obtaining a complex theoretical
background, publicationrBenjamin and Cornell (1970Melchers (1987andKottegodaand Rosso
(2008)are recommended.

3.3.1 Fault tree analysis (FTA)

FTA is a technique for analysis of the causes and estimation of the probability of an undesired ever
(a top event in the FTA terminology). The top event corresponds to a particular faillzeofrtbe
system (e.g. cavim collapse). The fault tree (FT) itself is a graphical model displaying the
combinations of events (e.g. geotechnical faults or human error) that may result in the occurrence c
the top event. The method is in detailed describe@éxample inStewart and Melchers (19pand
Stamatelatos and Vesely (2002)

FTA has an important disadvantage tisats limited ability to deal with dependent systems. In
classical FTs, the basic events are supposed to be siflfisimdependent. The dependence
between particular events (random variables) can be included by repeating the branches of the tr
or by other advanced techniques. These methods, however, lead to exponential increase in tf
complexity of the FT{Khakzad et al., 20t Mahboob and Straub, 20111

Because there are strodgpendencebetween the events and phenomena leading to a tunnel
construction failure, the application of FTA for estimations of its probability is not very convenient.
For this reason, FTA is not discussed in this thedie. fEchnique is mentioned here, because it is
frequently used in the analysis of tunnel construction risks §seton3.2). The applications are
not likely to provide a reliable estimate of the probability of the failure. On the other hand,
application of FTA helps to understand and structuralize the problem and it can thus be beneficia
as a complementary method for thelgsia of risks.
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3.3.2 Event tree analysis (ETA)

The event tree analysis (ETA) is a graphical technique for identifying and evaluating possible
scenarios following an initiating event (for example a eaveollapse). The scenarios correspond

to different combiatiors of events (consequences) brought admutthe initiating event. An
exampleof ET is shown inFigure3.1. The events at each branching of the ET must be dedised
mutually exclusive. This assures, that also the identified scenarios are mutually exclusive.
Commonly each branch has only two possibilities: the event either occurs or not

A house - Mean Mean
affected (A) Probability damage  risk
i yes
cave-in —————— Pr(A)=Pr(AIC)Pr(C)=0.005 10000 50
collapse (C) PF(A|C)=01
Pr(C)=0.05
no — _
——————— Pr(A)=Pr(AIC)Pr(C)=0.045 100 4.5
Pr(AIC)=0.9
Total risk 54.5

Figure3.1: Example of arEvent tree analysis

The example ET analyses the risk associated thgloccurrence of a cavie collapse (evend)
during a tunnel construction. Only two scenarios are considered in this simple example: A house
above the tunnel is affected and damaded to the cavén collapse (evend) or the house is not
affected (complementary eved). The probability of damage to the house conditionally on the
cavein collapse is assessed @s®Y 1@, the probability of the complementary event (no
damage) equaB® @ p 0 DY 1

When evaluating the ET, the probabilities of the scenarios (here the unconditional probabilities
of eventsd andd) are calculated and the mean damages associatedagthscenario are assessed.
Finally, t he ri sk resulting from each scenar.
probability and mean damage. Because the scenarios represent mutually exclusive events, the total
risk equals the sum of the risksrinandividual scenarios.

The probabilities of the initiating event and the conditional probabilities of the consequent
events can be assessed by experts ortivithse of the FTA. For more details on ETA the reader is
referred taStewart and Melchers (199@hdEricson (2005)

3.3.3 Bernoulli process, Binomial distribution and Poisson process

Bernoulli process is a discrete stochastic process characterizing a sequence of binary random
variables. In the following, the random variables describe the occurrence of failures in time/space,
le.tey represent a series of events with two out
of failure in a time/space segment is denoted.dsets assume that the occurrenoé falures in

individual segments are mutualipdependent, that the problty of more than one failure
occurrences in one segment is negligible andrthsiconstant for all segments. Then the number of
failures,U , in a series of time/space segments has a binomial distribution with paranteterd

) described by th probability mass function (PMF):
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n €M KkOW & gm ¢ N p N ke TiptB € (3.1)

The expected number of failures, denoteti@sjuals £ 1
If the number of segmentsis large and the probability of failure in one segmgig small, the
PMF of Eq.(3.1) can be approximated as follows

n ¢N koW ¢ —AAQD’ﬁé TipFB £ (3.2

The expression in Eq3.2) is the PMF of the Poisson distribution with paraméteBoth he
mean and variance of this distributiareequal to .

The Poisson process is a random prodes , whose value at time/in positiod is the
(random) number of failures, which occur in the intefdibO The Poisson process is thus counting
the number of failures over time/space. The number of failiire® at time 6 has the Poisson
distribution.To include the variabl§, it is convenient to write the PMF of E®.2) as

n ¢NKkO® ¢ sho —AAQE)=<‘JF1é TiplB ¢ (3.3)

where_ is the parameter of the Poisson process. commonly referred to as the average rate of
arrival, in case of failure modelling it is more specifically denotedadgre rate It holds _
' 0 ¥0, where' 0 is the expected number of failures at time (position)

The occurrence of failures must satisfy following assumptions to be representable by the
Poisson process (compare to the assumptions for the Bernoulli process stated above):

- Thefailure rate does not change in time/space. A Poisson process fulfilling this assumption is
called homogeneous.

- The probability of two or more failures in a short segment of time/space is negligible. This
assumption is easily fulfilled when rare eventsracelelled.

- The number of failures in any interval of time is independent of the number of failures in any
other nonoverlapping interval of time. Because of this prop#réyPoisson process is called
memoryless; i.e. past observations do not influeneg@tbbability of future events.

In some cases the first assumption is not fulfilled and the parameter of the Poisson process,
changes in time/space. Then we speak about a nonhomogeneous Poisson process and the PMF
number of failure® 0o attime dequals

noem o ——AgPao h ¢ TipE (3.4)

whered 0 _ _ 0 'Qads the mean of the Poisson distribution.

If the occurrence of failures follows a homogeneous Poisson process, the time/space interval,
between two occurrences has an exponential distribution with parameter probability density
function (PDF):

0t _AGD_t (3.5)

The Poisson process is used in many engineering applicd@Gamsell, 1968;Cooke and Jager,
1998; Ditlevsen, 2006 Yeo and Cornell, 2009)In Chapter4 of this thesis it is applied for
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modelling of failuressmerging in the course tfie tunnel construction. For more details about the
stochastic process and probabilistic models the reader is referBahjamin and Cornell (1970)
andKottegoda and Rosso (2008)

3.3.4 Markov process

Markov process is a stochastic proceasing the Markov property. A stochastic process has a
Markov property, if at any point of the process the future behaviour of the system depends only on
the present state and not on the past states pftyperty is also called memorylessness.

A Markov process with discrete variables is called a Markov chain. The Markov chain is
commonly defined for discrete steps of time or space, i.e. the variables are changing from one step
to the other. Note thateéhPoisson procesSéction3.3.3 is a special case of the Markov chain.

A homogeneous Markov chain containing a sequence of discrete random variables
© oy /B 8xd with & states is defined by

- Theprobability distribuion of the initial state) @ 0@ OhQ pltiB ha.

- The transiton probabilites n 0@ @ = h'Q pkBKNQ pliB M,
representing the probability that the variatdlés in the’®h state given that the variable at the
previous stepe , is in the'th state.

In case of a noihomogeneous Markov chain, the transition probabilities change in time/space. In
the following, only the homogeneous Markov chain is considered.
The transition probabilities can be conveniently oigrahin a transition probability matrix

Aon 8
n n n
€ & E & (3.6)
n n 8 7

and the marginal probability distribution of the varialilecan be organized in a state probability
row vector

l n o M o Bh o : (3.7)
The probability distribution ofd in the&th step of the Markov chain can be thus calculaged
| | (3.8)

The Markov processes are used in many engineering applications such as in deterioration modelling
and maintenance plannin@lobayashi et al., 2012)r fault detection and prognosf{&e et al.,

2004) (Chan, 1981)suggests utilization of Markov process for modelling the geotechnical
conditions along the tunnel axis. This approachpglied tothe DBN model presented i@hapter

5. For more details on the Markov processes and Mdrkshains the reader is referredRarzen
(1962)or Benjamin and Cornell (1970)
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3.3.5 Bayesian networks

Bayesian networks (BN) are directed acyclic graphical models for representation of a set of randor
variables. Random variables are symbolized by the nodes of the Biygbrdencesetween them

are depicted by directed links. The set of random variables /8 &to is fully described by the
graphical structure and the conditional probability distribution of each dodgven its parent
nodesn ¢ . Parent nodes are all nodes with links pointing toweard3 he joint probability mass
functionof & hd B &b is expressed using tivkain rule as

noBoB R B 1o (3.9)

wherer wg] wo is the conditional PMF of variabl@ given its parent variables. The notation
used here applies to discrete random variables. Whenever no ambiguityrpdsEsy 8 b is
used as the short notation fay ; gr MM v and similarly 1 o) o for

N s w9g) aw in the rest of this thesis.

An example of a simple BN is depictedkigure3.2. This BN contains four random variables:
geology"Q construction method , construction timéYand construction costs8The construction
methodl is defined conditionally on geolodg(i.e. Ois a parent node af and, correspondingly,

0 is a child node ofQ, the excavation timéYis defined conditionally on the construction method
0 and cost® are defined conditionally on both and”Y

Geology

Figure3.2: Example of a Bayesian network

Following Eq.(3.1), the joint PMF of this BN is
n " D 1) QR A SQR o N og o (3.10)

wheren "Q is the PMF ofOandr) & SQ, 1) é&x andn ag [ are conditional PMFs dj , “Yand
0, respectively.The values of the conditional PMFs are conveniently organized in coradition
probability tables (CPTsExampleof CPTs are povided in the applicatioexamplepresented in
Section5.3and in Annex 2

The efficiency of the BN stems from the decomposition of the joint probability distribution into
local conditional probability distributions according to E¢&9) and (3.7). This decomposition is
made possible, because the graphical structure of the BN encodes informatiodegiematence
among random variables From the BN gralp, one can directly infer which random variables are
statistically independent of each othdsseparatedin BN terminology). The eeparation property
follows directly from the type of connections amongst variables:
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- Serial connection in Figure 3.2 for example the connection betwe&n 0 and”Y If the
middle node of the serial connection, i.e. the construction mebhods known (fixed),
variables"Oand "Ybemme statistically independentgi any information abouDdoes not
alter the probability distribution &ivif 0 is fixed.

- Diverging connection in Figure 3.2 for example the connection betwagen“Yando if the
link between”Yand 6 was deleted. It is a connection between a parent node and its child
nodes. In diverging connection, the child nodes asephrated if the parent node is fixed
(known).

- Convergingconnection in Figure3.2 for example the connection betwaen“Yando if the
link betweenh and”Ywas deleted. It is a connection between parent nodes and their one child
node. In converging connection, therggat nodes are independent, if there is no evidence
about the child node or any of its descendants.

For a given set of nodds it is possible to identify another set of nodes, which, when fixed, d
separate® from the rest of the network. This set iflead theMarkov blanket of 0.

Several inference algorithmexist for evaluating the BNs, i.e. for calculating the marginal
distributions of selected variables, for including the evidence antedoning the parameters of
BNs. The algorithms are thoroughtliscussed later iBection6.1

The use of BN in engineering applications has grown significantly in recent(Yéeber et al.,
2010. One reason is their graphical nature that facilitates communication of the model
assumptions. Secondly, the BNs alleasilyto update the prediction when additional information
becomes available. Finallthe BN allows decomposing large models imbaal probabilistic
dependences. Therefore, they are especially suitable for engineering applications, where statistical
data is often sparse, but where conditional probability distributions of variables can be modelled by
means of engineering models, estpidgment or other known relations. Applications of BN in
engineering problems can be found for exampl&aber et al. (2002)GrétRegamey and Straub
(2006), Neil et al. (2008) Castillo et al. (2008pr Khakzad et al. (2011)For a more detailed
introduction to BN the reader is referredJensen and Nielsen (20Gat)Koski and Noble (2009)

3.3.6 Dynamic Bayesian networks

Dynamic Bayesian networks (DBN) are a special case of BN used for modelling dafnran
processes. An example is depictedrigure3.3. Theth slice of the DBN represents the state of the

system in time/positioif2
----- R ORG
OEORNCRORNC

Figure3.3: Example of a dynamic Bayesian network

In the example ofigure 3.3, each slicé(ronsists of two random variables geologyand unit
excavation timéY. The joint probabilityof "O and“Yis obtained as

nNow B NQ n0SQ nosQ (3.11
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wherer "Q is the marginal probability distribution of random varialite in slice Q p,
N "QsQ is the conditionk probability describing changes of geology between neighbouring
slices and} 0sQ is the conditional probability 6fYin slice"Qlefined conditionally on geology in
the same slice

Because the DBN contains only links between neighbouring slices, i.e. the va@ablenly
defined conditionally oriO , the sequence of variabld®ROM &0 represents a discretiene
Markov chain (se&ection3.3.4.

Applications of DBN in engineering problems can be found for exampl®traub (2009)
Straub and Der Kiureghian (201@Hu et al. (2011)

3.3.7 Utility theory in decision analysis

The methods introduced in previous sections serve for modelling the uncertainties and quantifyin
the consequences. However, how can this knowledge be used for making decisionsihHiogy
preferences of the decision makers be expressed in a consistent and quantitative way?

For this purpose, the concept of utility can be successfully (iseehey and Raiffa, 1993)
Utility is an abstract measure of satisfaction. It ifoanalized quantitativecharacteristic of the
decisionma ker (s ) . utility allows modelling the d
for example his perception of the potential high losses or uncertain gains. Additionally, utility
allows incorrating different criteria (attributes) into the decision analysis: Different quantities
influencing the decision (e.g. costs, time, environmental impacts) can all be expressed as th
dimensionless utilitfj the transformation is made in such a way thateftects the relative
importance of each criterion. If the utility is properly modelled, the option with highest expected
utility is the most optimal one from the analysed set of opi{Besjamin and Cornell, 1970)

The concept of utility will be illustrated on transformation of incomes/losses from a point of
view of two entities: a construction company and an insurer. The example is adapte&itraom
(2011) The utility functions are depicted iRigure 3.4 for a range of loss/income et(®® to 10
Euro. The construction company is significantly smaller than the insuress anl order of 10Euro
is liquidating for the company, the utility of high losses therefore decreases very quickly. The
benefit from an additional income generally decreases with the wealth of the company. The utility
function of the construction compais/therefore concave. For the insurance company, loss/income
in the displayed interval is an everyday reality. Indeed, the size of the insurer and the ability to
cover losses of the clients is the core of its activity. The utility function of the insutieerefore
linear in the given range.

! Because the utility theory allows comparison of different criteria, it is regarded as a type dDd@aktment for
Communities and Local Government, 200B)e use of MCA and CBA in transport project planning was discussed in
Section2.1 These applications, however, do not consider the uncertainties of the input parameters and the concept of
utility.
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Figure3.4: Utility function of a construction company and a large insurer. So(texub, 2011)

Determinirg the utility function is a challenging task, which has not been studied sufficiently in the
civil engineering field. Generally, the utility can be determined from previous decisions of the
company and/or it can be based on questioning the managers &useigof so called lottery
question$). Determining the utility for society or a public body is even more difficult. Moreover,
the utility function is likely to change in time. In spite of the difficulties, introducing the utility
concept into decisiemaking in civil engineering projects would allow making consistent and
rational decisions.

The utility concept is only illustrated for monetary values. Transforming and comparing
different criteria is the topic of Mukattribute utility theory (MAUT). MAUT & relevant for the
infrastructure projects planning, but it exceeds the scope of this thesis. For more details the reader is
referred to(Keeney and Raiffa, 1993)pr (Jordaan, 2005)Applications of utility concept in
construction projects can be found for examplBazzi et al. (1996pr in Lambropoulos (2007)

3.4 Summary

This chapter has two maparts. Theifst part Sections3.1 and3.2) discusses the diversity of
the approaches to tunnel risk analysis available in the literature. It is shown that the diversity results
from the varying objectives armirposes of the individual analyses.

It is important to take int@account the abilities and limitations of qualitative and quantitative
approaches. The qualitative approaches (risk regisiBiBA etc.) summarized iBection3.1serve

% The manager is, for example, asked to answer the following problem: The companieageib000 with certainty
or participaten a lottery, where it can win 000 with probability) or loose (get Oyith the probability p 1) . The
manager is asked to give the valug)pfor which both options have the same utility for the compaaytfie expert is
indifferent between the options). If the company has a linear utility in this range, the manager shogld gsBes

becausezo pimnmezd . Ou 1T risk averse manager (with concave utility function) will provide
N pA¢, becauséor him the utility of gaining 10000 is less than twice as much as utility of 5000.
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as a basis for project risk management, for prioritizing #mafds and risks, for developingk
treatment strategies and for allocating the responsibilities. The identificatiazafds carried out
within a qualitative analysis is a basis for risk quantification. However, because the qualitative
approaches do not take intonsideratiorthe interconnectivity and dependences amongst different
hazards, they cannot be used for quatiwe estimate of the overall uncertainties and risks.
Consequently, for makingn objective decision, quantitative approaches should always be used,
which model the complexity of the system. The quantitative estimates should also be presented t
public and stakeholders. The existing quantitative models are presengzttion3.2 and their
limitations are discussed, which motivate the development of modelsiae sethis thesis

Second part of the chapte&3€dction3.3) introduces the tools and methods, which are used in the
guantitative models presented later in thesitheThe principles of the methods are illustrated on
simple examples related to the tunnel construction. Notation used throughout the thesis i
introduced here and in Annéx
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Model of delay due to tunnel
construction failures and estimate of
associated risk

In this chapter, a simple model for probabilistic modelling of delay caused by tunnel construction
failures is introduced. This model can be used as a complement to a deterministic estimate c
construction time and cost. The failure occurrence is modaiedhomogeneous Poisson process
following the procedure described in Sectt.l Consequences of the failures are assessed using
the Event Tree Analysis (ETA)s shown in Sectiof.1.2

The approach is applied to an application example in SedtbrThe delay due to failures is
assessed for a secondary tunnel constructed as a part of underground system exteasion by
conventional tunnéhg method. The application example further illustrates the use of the
probabilistic estimate of delay for quantification of risk (Secdo?.3 and for making decisions
(Secton 4.2.9).

The proposed model was previously publishe@ma | k o v § ewherathe.utilizatb®df 0 )
expert estimates of parameters of the Poisson model was disclissegplication example shown
in Section4.2was not previously presented.

4.1 Modelling delay due to failures- methodology

4.1.1 Number of failures

Following Eq.(3.3), the number of failure§ , which occur duringhe excavation of a tunnel
section with lengthd, has Poisson distribution. The probability of occurrenceQdilures is
calculated as:

08 @ —FA@D_D (4.1)

where_is the failure rate, i.eahe number of failurs per unit length.
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The probability of occurrence of one or more failurestengection with length equals
0B pshh p 0 mh p AGD_0 (4.2)

As is obvious from Eq.4.2), the probability that at least one failure occurs grows with the
increasing failureate_ and with growing length of the mined section

Conditions affecting the failure occurrence valpng the tunnel axis due to the changes in
geological conditions. The failure rate varies accordingly and the Poisson process is
inhomogeneous. For modelling purposes, it is convenient to divide the tunnel into-dhkkedo
guasthomogenous zones, i.sections for which the failure rate is considered to be constant. The
probability of occurrence d€failures then equals (Compare with E8j4)):

06 ‘ol ———A@BB _0 (4.3)

where0 is the length of thégh quasthomogenous zone, is the failure rate within this zone and
¢ 1is the number of quasiomogenous zwes in the tunnely _h MBh and 4
0 b B . The average failure rate for the whole turisel

re (4.4)

The construction performance and the occurrence of failures are influenced by common factors
such as human, organizational and other external factors. These factors influence the failure rate but
their effect is unknown in the planning phase. To give aamgike, the selection of a less
experienced construction company or a suboptimal construction technology is likely to lead to
higher failure rate. The quality of the construction company and the appropriateness of the
technology are uncertain in the plargiphase, therefore, the parametersf the Poisson process
are uncertain as well.

To include this epistemic uncertainty, we introduce a discrete random variable humaiCOfactor
The human factor is supposed to be in the same state throughout the entire tunnel construction. This
simple model reflects the fact that the influence of this common factor cannot be directly measured
and can only be deduced from the average perforn@mrerdong sections of the tunnel excavation.
The probability of occurrence &failures is then expressed as:

N . .. .. B

0 WK B 0 0——A@DB _0 (4.5)
where¢ is the number of states of varialilz _ is the failure rate withifflh quasihomogeneous
zone with length for "'Obeing in statéand

8
{ E E & (4.6)
8

Three different approaches are available for estimating the failure rates in the matrixX4B6)Eq.
expert judgment, reliability analysis or a statistical approach using data from constructed tunnels.
The experts assessment was usefl @Bp al| k ov § ,¢he statidtical,app@dch i presented
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later in Section7.2.2 The structural reliability based approach is not considered in this thesis. Each
of the approaches has its strengths and weaknesses. l|dealliplemapproaches should be
employed and results should be compared and critically examined.

4.1.2 Estimation of damages

The damage caused by a failure can represent the delay of construction, financial loss etc. In tf
following, the damage in terms of delay modelled. Other types of damages can be analysed
analogously. The total delay due to tunnel construction failures is quantified as

0 B © (4.7)

whereO is the delay caused by th@h failure and0 is the number of failures. is assumed that
all delays are independent and that they are not dependent on the position where the failure occu
Because the delay caused by a failure is uncei@iand O  are continuous random variables
with PDFS'Q; 'Q andQ  'Q, respectively.

The delayO can be assessed directly by experts, it can also be estimated based on historic dat
as will be presented later in Sectior2.1 In this chapter, the delay is assessed by means of ETA as
shown inFigure4.4. The PDF of the dal caused by a failure is expressed as

O, Q@ B 00Y®d QO ™YL Q (4.8)

where0 OYw "@0 0 OYw "OFN is the probability of thé@h scenario given that the failure
occurs, Qg BY® "Qis the distribution of delay caused g scenario (here modelled with
lognormal distribution) and is the total number of scenarios obtained from the ET.

The PDF of total dela®p  equals:

Q Q B 0 QQ ¢ & 0O (4.9)

whereQ ¢ 0P "Q is the PDF of total delay given th&failures occurredThe PDF of the
total delay for0 failures can be obtained as convolution of the PDFs of individual delays
(Grinstead and Snell, 199Jordaan, 2005)
M s Q "Qy2Qs2827Q ¢ Q (4.10)
wherez is the sign for convolution operation.
Because the delays are described by identical PRF<Q , the calculation of Eq4.10) can be
performed successively as

Q¢ % N ¢ % Qpz2Q Q (411

The convolution of Eq(4.11) is, by definition, computed as:
N ®» 0, 0 19 QP Q1 Q (4.12)

The convolution operain is illustrated later inFigure 6.3 on an example of discrete random
variables.
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4.2 Application example 1: Risk of construction failure in
tunnel TUN3

In this application example, the risk resulting from occurrence of failures dimergxcavation of a
tunnel TUN3 with length of 480 m is analysed. The tunnel has only one tube and it is built as part
of an underground extension project. First sectiamefunnel serves as an accasmnel and it will
not be utilizedafterthe completion of the project. Remaining section of the tunnel will be used as a
ventilation plant and as a deadd rail track. The scheme of the tunnel is showrigure4.1. The
same tunnel is used also later in the case study in S&8on

The tunnel is constructed in homogeneous conditions of sandstones and clay stones. Based on
the geotechnical survey, the tunnel is divided into seven-goasbgeneous zones. The predicted
borders of the zones are depicted in the schentagure 4.1. Cavein collapse and extensive
deformation of the tunnel tube are the most likely types of failure. Because the tunnel is built in a
city area, as shown ifrigure 4.2, the damages caused by a failure can be very high. The
deterministic estimate of the construction time is 200 days.

E E E

o O O

- M

[ mm

Excavation — TUN 3, 480 m

Utilization Access tunnel Ventilation plant Dead-end track
Zones - predicted [ 1| 2 3 4 5/ 6 7

Positi o 3 88 ¥ o B
osition [m] oN <~ - SRV ™ <

Figure4.1: Scheme of the tunnel TUN3.



Model of delay due to tunnel construction failures and estimate of associated risk 43

.......

f R4
SLn y

Py

Figure4.2: Scheme of the TUN3 tunnel layout.

4.2.1 Number of failures

The probability distribution of number of failures is assessed usinf4E). The lengthg) of the
guasthomogeneous zones are summarizetaible4.1.

Table4.1: Lengths) of quazihomogeneous z@s in [m] (compare witffable7.8 andTable7.9 - the
values correspond to the mode estimates of the triangular distribution).

Zone 1 2 3 4 5 6 7
Length [m] 20 25 115 40 20 25 235

The human factcOc an t ake one of three states fAfavor
are assigned the same probability. The failure ratefr individual zones and human factors are
summarized inTable4.2. The failure rates are assessed with regard to the analysis of data presentet
later in Section7.2.2 They are 15% higher than those used in the case study in Sé@&ion
(compare withTable 7.10). The higher failure rates were selected, because in contrast to the later
case study, events with small consequences (i.e. caasdejay shorter than 15 days) are also
considered to be failures of the construction process in this chapter.

Table4.2: Failure rates in [k for different zones and Human factors.

Zone 1 2 3 4 5 6 7

'O e € '(d0.104 0.069 0.046 0.104 0.069 0.046 0.069
'O ¢ Q68 D.052 0.035 0.023 0.052 0.035 0.023 0.035
'O éQuwd 0.026 0.017 0.012 0.026 0.017 0.012 0.017
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The resulting PMF of number of failures for TUN3 is shownFigure 4.3. The probability of
occurrence of one failure & @ p T3 p,Phe probability of a highenumber of failures is
negligible.

probability, Pr[N_=K]

_9 ;
10 >

number of failures, k

>4

Figure4.3: Estimate of number of failures for tunnel TUN3.

4.2.2 Consequences

The most likely types of tunnel construction failure in the analysed tunnel aréncecdapseand
excessive deformatignof the tunnel tube. Because the tunnel is built in a developed area, the
deformations of the ground above the tunnel caused by astmiture are likely to lead to high
damages on the buildings and infrastructure. Additionally, the failure can threaten the health and
life of the workers and inhabitants and it can negatively influence the underground water and lead to
an environmental daage. An Event Tree (ET) analysing possible scenarios following a failure is
shown inFigure4.4.

The measures taken after occurrence of a failure include for exasgaastruction of the
tunnel tube itself, reconstruction of the buildings and infrastructure, investigations of the failure
event by authorities ana change ofthe design. The severity of consequences depends on many
factors such as magnitude of the fegluwor time of occurrence. The delay of the construction
process is therefore uncertain. For each scenario, the delay is described by lognormal distributions
with PDF"Qg (5 ® The means and standard deviations of the delay are summarizepiia
4.4; the PDFs are shown kigure4.5.
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; : o Delay for gi ‘
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0.9 o7 Sc.:7 0.0081 | 10| 10| 0.081
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0.8 (';'2 Sc.:8 0.0035 | 0.5/ 0.5 0.002
Expected total delay 0.12

Figured.4. ETA for failure occurrence in tunnel TUN3. PDFs of delay due to one failure for individual
scenarios are depicted kigure4.5
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Figure4.5: Lognormal PDFs of delays of the construction process for different sceri@gosQd &

Because the probability of two and more failures is small, the expected value of delay can be
approximated directly in the ET &figure4.4 using the procedure descezib in Sectior8.3.2 The
expected total delay is calculated as the sum of expected delays caused by individual scenarios.

To include also the possibility of occurrence of more than one failure and to assess the full
probability distribution of the delayQ? 'Q, the following procedure is applied: The conditional
PDF of delay given one failure occurs is obtained ukiqg4.8); it is depicted irFigure4.6.
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The conditional PDFs of the totdélay for0 p failures,’Q ¢ 'Q, are calculated using Eq.
(4.11); the PDFs are also depicted Higure 4.6. Finally, the unconditionaPDF of total delay
"Q  Q is obtained using E@4.9); it is shownin Figure4.7.
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Figure4.6: PDF of delay caused by failures,”Q; Q.
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Figured.7. PDF of total delay0 failures,”Q Q.

The expected value of total delay,O T ¢ ,Us slightly higher than the one predicted using
the ETA inFigure4.4. This difference is caused by the possible occurrence of two or more failures,
which was not included in the ETA analysis. Note that the probability of zero delay equals the
probability that no failure occursgsFigure4.3).
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4.2.3 Risk quantification

Quantiication of risk will be shown byhree illustrative cases: (1) from the view of investor; (2)
from the view of contractor; (3) from the view of contractor takingpt o account t h
aversion to higher losses.

The uncertainty in the normal performance is not considered, the delay due to failures is
therefore assumed to be the addition to the deterministic estimate of construction time of 200 day:
This deerministic estimate is assumed to be accepted by the contractor and agreed in the contrac
The monetary values used in the following examples only serve for illustration.

Case 1: riskq

The risk is analysed from the viewpoint of the investor. A nigjaf the financial losses due to
failures (i.e. reconstruction of the tunnel and the overburden, damage to the thirgrppésty,
compensations tpeople) is transferred to the contractor. In spite of the transfer of thethsks,
delay ofthe commacement otunnel operation leads to additional monthly casts p M T &

to the investord includes costs of traffic disruption and costs of debt financing. The risk to the
investor is expressed as the expected financial loss:

Y 06 00 0 pQTm (4.13
where OO0 is the expected delay due to failures obtained in Sedtidr2andO6 is the
expected value dhei nvest or 6s6financi al | oss
Case 2: riskd

The risk is analysed from the perspective of the contractor. The contractor is insured against th
direct financial loss caused by the construction failures. The insurance covers for example costs fc
reconstruction of the tunnel and the overburden, dantagéhe third party property and
compensations to the injured people. The deductible of the contrattor gs 1t 11 TU for every
failure.

The prolongation of the construction brings, however, additioraithly costs6 p uvmm T
0, which are not coveredylthe insurance. These costs consist in costs of labour and machinery,
which is bound to the project, and in the penalty the contractor must pay to the investor in case c
delay. The financial loss of the contractdr thus contains both the additional st® and
contractords deducti bl e.

The risk can be expressed as expected financial loss:

Y 06 B 0® ™ Qfj 0O 6 pwTH (4.14)

whereO @ Qs the probability of occurree of Qfailures andO 6 is the expected value of
contractor 66. financial | oss
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Case 3: riskd]

The risk of the contractor is evaluated alternatively in the form of expected utility. Using the utility
Y, it is possible to take into account tfect that high losses are dangerous for the contractor

because they threaten the companyds | iquidity.

|l inearly with the height of the |l oss. The cont
Y 06 (4.15)

whereb i s the contractords financi al l oss, 1. e.

andv  p®. The utility function was determined from analysis of the previous decisions and from
guestoning the company managers. The coefficibntan reflect for example the interests of
operational loan or the costs of delayed payments. (Note that in the cases 1 and 2 we implicitly
assumed that the utility corresponds to the negative of financialilesshat the relationship is
linear:"Y  6).

The deductible of the contractpris significantly smaller than the costs and it is thus
neglected in this analysis. The utility can thus be express as a function of Wela@O

0 ©O . The dependence of loss and utility on the delay is depictéiduime4.8. Note that
delayO  and utility "Yare random variables arid and0 are constaist The expected value of
the utility then equal@Benjamin and Cornell, 1970)

oY '0°QO0 0,0, 0, (4.16)

where'Q 71 isthe PDF olO shown inFigure4.7.
The risk is obtained as negative of expected utility:

Y OY xxwurTt (4.17)
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Figure4.8: Dependence of lossés and utility "Yon the delayO
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4.2.4 Alternative tunnelling technology, decision about the optimal technology

Let us assume that there is an alternative technology of construction of the tunnel (denoted &
option B). This optia is cheaper but it has double failure rates than the one presefiizoled.2.
The costs saving resulting from selection of this optiom s 1t @@ If the alternative technology
is accepted, the contraptice would bedecreased by mt 1t @@ Thereforethe costs savig for the
investorisY T It Tt ttand the csts saving for the contract™ @ 1T 1T

The delay due to failures and the associated risk for option B is evaluated following the
procedure described in Sectich?.1- 4.2.3 The results for both options are summarized@able
4.3.

Table4.3: Comparison of optional tunnelling technologies.

Option A B
Expected delay [months] 0.125 0.25
Risk of Investor  Contractor Investor Contractor

Y Y Y (utility) Y Y Y (utility)
Risk 125000 190000 79550 25 000u 38 000U 159 270
Cost saving againstop. A 0 0 0 40 000u 60 000U 60 000
Increase of risk against op. AO 0 0 12 500u 190000 79720
Cost saving increase of risk 0 0 0 27 500U 41 00040 -19 720

*the utility of cost saving is considered to be linear, e. "Y.

The options are compared based on the difference of risk and cost savings. If for option B the co:s
saving is higher than the increase ridk with respect to option A, the option B is more
advantageous. On the contrary, if for option B the cost saving is lower than the increase of risk, it i
better to select option A.

As is evident from the results, the decision is disputable. If the utility is considered to be linear
to the potential losses (as in the cas&/oénd 'Y ), the option B appears to be more advantageous
for both the investor and contractor. However,nafi i nt o account t he ¢
higher losses, which is modelled by the power utility function (and included)inthe option B
turns to be risky for the contractor. In this case, the interests of the investor and contractor ar
contradicing and the contractor is likely not to accept the alternative technology (option B).

4.3 Summary and discussion

A model for probabilistic estimate of damages caused by tunnel constructiosadadyproposed. It

is applied or estimatingthe delay due to fdures. The model takes into account the variable failure
rate in different sections of the tunnel. Additionally, the epistemic uncertainty in estimation of the
failure rate is included in the model by introducing the variable human factor. The variable
represents the overall quality of tiganning,design and construction, which affect the probability

of failure occurrence. The influence of these factors is uncertain in the designgptiageise to

the uncertainty in the selection of the failures raté® model is applied tacase study of tunnel
TUNS3 (see Sectiod.2). The final estimate afhe delay due to failures for this tunnel is shown in
Figure4.7.
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The estimated delay can be used for quantification of risk, as illustrated in Seetidnrhe
risk is quantified for three cases. In case 1 and 2, the risk is defined as the expected financial loss
(from the point of view of the investor and contractor, respectively). The loss is expressed as a
function of delay. For such analysis, only tlstiraate of expected value of the delay is needed. In
case 3, the risk is defined as negative expected utility. By introducing the utiléyéhson of the
contractor to highfinancial losses can be taken into account. For nhodethe utility, the ful
probabilistic estimate of the delay is used.

Finally, an example decisiemaking process is presented in Secttb®.4 Two alternative
tunneling technologies arevaluated based on comparison of their risk and costs. It is shown that
the decision would differ for the two alternative definitions of risk (cases 2 and 3). For the case 3,
the risk aversion of the contractor outweighs the benefits from the costsaving

The example of risk estimate and decismaking pesented in this chapter aims at
demonstratinchow the probabilistic estimates of construction time/cost should be utilized in the
tunnel projectmanagementThe results of the models presented lat¢his thesis might be utilized
in the same way. The selected monetary values as well as the utility function are purely illustrative.
In reality, other factors should be included in the decision mahkiogess, the modeig of
construction costs should lomaproved and factors such as environmental or social impacts should
be inclded. A detailed investigation intthe decisioamaking concepts is, howevdreyond the
scope of this thesis.
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Dynamic Bayesian network (DBN)
model of tunnel construction process

A complex model for modelling of the tunnel construction time is presented in this section. The
main requirements on the model are the follgwi{l) It should consider both types of
uncertainties, i.e. the usual variability of the construction process and the extraordinary seents
Section2.7. (2) The model shouldonsiderthe common factors that systematically influence the
construction process, such as human and organizational factors. These factors introduce stochas
dependence into the performance at different phases of the construction. nifieasiginfluence

of suchdependencesn construction performance estimates is shown for exampl@annDorp
(2005) Yang (2007 andMoret and Einstein (2011)3) The model should allow for making full

use of data available from previous projects, suctada@nce rates and costs recorded during
excavation of tunnels under similar conditions. In this way, the Kmmmw can be systematically
managed. (4) The methodology should facilitate the easy updating of predictions when new
information on the analysed pect (e.g. geotechnical investigations, advance rates and costs
observed after commencement of excavation) is available. (5) The model assumptions and involve
simplifications must be properly understood and described. This is important in probabilistic
moddling where results are difficult to validate by experiments and must therefore be well
reasoned.

Many of the requirements could be satisfied by means of the commonly used MC simulation
based or analytical approaches. One can model the occurrencehofypes of uncertainties
(requirement 1), it is also possible to include thependencemtroduced by common factors
(requirement 2). The DAT modéEinstein, 1996pr the moded by Isaksson and 3ie, 2005)and
by Steiger (2009)can fulfil these requirements see Section3.2 Updating of the predictions
(requirement 4) based on observed performance during the tunnel construction has been al
presented in the literature, usually by means of Bayesian an@ysiag et al., 2006)
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However, utilization of DBNs has several advantages: DBNs allow more efficient updating of
the predictions with additional observatidnghe graphical nature @BN strongly facilitates the
representation and communication of the model assumptions (requirement 5), in particular when
dependenceamong random variables are present. Finally, the DBN model can provide an
understandable framework for statistical anialy$ data from past projects (requirement 3).

In this chapter, a generic model of the tunnel construction process, which describes the basic
principles and includes modelling of both construction time and costs, is preseStadion5.1 A
specific model of tunnel construction time is then presented in more det@dciton5.2 The
model is applied to an application example of Dolsan A tunn8kttion5.3. This case study was
taken over fromMin (2003) The algorithms for evaluation of the presented DBN model are
described in Chaptes; the methodolog for learning the model parameters from data is discussed
in Chapter7. Validation of asimplified version of the DBN model and sensitivityatyses are
presentedn Annex 3

The generic mael was previously presented@p a | k o v § ethe sgetific DEN2vddel2 )
and the case study were publisheGip a| kov § (@0d2) Str aub

5.1 Generic DBN model

A generic DBN model of tunnel construction process is displayeBigore 5.1. The scheme
demonstrates the dependence amongst geotechnical cosdi@g construction performanceé, th
and extraordinary event§, Qand their influence on the construction tifi¥¢, , and costs)

Al . Al y Al

BN

Excavation

1A

AN
(-1)Al N \\ *

Geotechnical
conditions

Construction
process

Extraordinary
events

Cumulative
time
Cumulative
costs

Figure5.1: Generic DBN model for tunnel constructioropess.

Each slice of the DBN represents a tunnel segment of lerigifhe segment lengthais equal for

all slices of the DBN, théh slice thus represents a tunnel segment between posfiop 30and
‘®0 All variables are modeled as constanthii a segment, i.e. the model implies that the
geotechnical conditions and construction performance do not change within a segment.

% In a DBN one can update the parameters of the model (similarly to the updating procedures used in existing models)
but also the probability distribution of hidden (rafisevable) variable$ see Sectiob.2
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In a specific model, the geotechnical conditions, construction performance, as well as
extraordinary events are describiadnore detail by sets of random variables reflecting the tunnel
specifics. The selection of the appropriate set of variables depends on local geological conditions
construction technology, routines and experiences of the owner, designer and consiductor a
information available in the time of the analysis. The levels of detailing inmibaelling of
individual aspects should be balanced. For example, a detailed model of geotechnical conditions
not beneficial for the time/cost prediction, if an aatarmodel of the associated construction
performance does not accompany it.

The modelling of different tunnels will mainly vary in the representation geotechnical
conditions. The general approach to their modelling is describ&kdtiors 5.1.1 the specific
example areshown in application examples 8ectiors 5.3and7.3. The modelling approaches for
construction performance and extraordinary events describeSeation 5.1.2 and 5.1.3 are
generally applicablelhe probabilistic definitions of the variables is shown in Sed&ian

5.1.1 Geotechnical conditions

The area of the tunnel is first divided into zones, in which the ground has homogeneous
geotechnical properties. Within each zone,gtaperties are modelled as a homogeneous stochastic
process (as shown in the application examplgaation5.3) or as constant (as shown in application
example inSection7.3). The location of the zone boundaries is uncertain, a random vaz@ide
introduces this uncertainty into the model.

The geotechnical properties cha modelled on different levels of detail: The selected variables
can either represent individual properties of the ground (e.g. lithology, discontinuities, water
content, presence of boulders) or they can correspond to a chosen geotechnical classifgtatio
(RMR or Q class etc.).

Modelling of geotechnical properties by means of spatial Markov process is suggd€gtednin
1981) and later utilized in other applications of the DAT model (Seetion3.2). Geotechnical
properties such as lithology, faulting or rock class are modelled as Markov process in the DAT
model (Einstein, 1996) The model assumes that the geotechnical parameters follow exponential
distribution, i.e.that the chages occur as a Poisson proceSsatistical investigations into
geotechnical parameters available in the literature show that thickness of ground layers in sedimen
follows an exponential, power law or lognormal distribut{@takraborty et al., 2002;onghitano
and Nemec, 2005fFelletti and Bersezio, 2010)distance of boulders follows exponential
distribution(Ditlevsen, 2006)For other geotechnical parameters, no statistical analysis is available
in the liteature. The DBN model presented in this chapter takes over the modelling procedures o
DAT, the assumptions on the Poisson distribution of changes of the geological conditions shoulc
be, however, proven in the future.

A summarizing variable, denoted gsound class is defined conditionally on the other
variables used for representing geotechnical conditions. The ground class has direct corresponden
to the utilized technology of excavation and support pattern, i.e. it should reflect all the geotechnica
and hydrological conditions that influence the selection of construction method and thus the spee
and price of the construction as discusseflection2.4.
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5.1.2 Construction performance

Construction performance is modelled by variables representing the tunnel geometry, construction
method, human factor and unit tifne

Geometry is a variable modelling the varyingrosssectionof the tunnel (e.g. typicatross
sedion vs. extendedarosssectionfor emergency parking places). The variable can also be used to
model inclination of the tunnel, special requirements on the excavation at the beginning and end of
the tunnel or in the position, where the tunnel passes stifuetures.

The variableconstruction methodrepresents the applied excavation method, round length and
support pattern. The construction method is selected based on the ground class and tunnel
geometry.

In reality, the selection of the construction ntethalso depends on the method utilized in the
previous segmest because the change of methods is commonly connected with additional costs
and time. In every cycle of the construction, a decision on optimal construction method must be
made with regard toctual construction method and to the actual and expected geotechnical
conditions. These decisions are made under high uncertainty. Techniques of modelling of such
decision problem exist, it is for example possible to combine DBNs with decision nodes. Such
model was presented for example (Bousa, 2010Q)but with highly simplified assumptions.
Combination of the DBN suggested in this thesis with decismtes would be computationally
very demanding and therefore not suitable for the-treed prediction and updating. The
applications presented Bection5.3and7.3 are thus based on the assumption that the construction
methods can be changed any time and these changes are not associated with additional time.

The variablehuman factor reflects the influence of common factors, which systematically
influence the construction process and thus introduce strong stocti@géndenceamong the
performance in each segment of the tunnel. These can be the quality of design amdy,plan
organization of construction works or other external influences rmtdad in other model
variables.The variable human factor can also be interpreted as the uncertainty in selection of the
appropriate probabilistic model (probability distributiaf)unit time and failure rate, similar to the
approach described @heung and Beck (201@nd used in Sectioh.1.1 To give an example, the
selection of a less experienced construction company or a suboptimal technology of the excavation
is likely to lead toa slower and rare variable excavation processmany or all sgments of the
tunnel. The quality of the construction company and the appropriateness of the technology are
uncertain in the planning phase. The uncertainty in these common factors and the resulting
uncertainty of the probability model of unit time incredle uncertainty in estimates of the total
construction time.

The human factor is supposed to be in the same state throughout the entire tunnel construction.
After the construction starts, human factor can be updated based on observed performarece, i.e. th
probability of the most suitable probability distribution of unit time is increasing.

The unit time represents the time for excavation of a tunnel segment with |eytht
corresponds to an inverse of the commonly used advance rate as will be discusse®é&tonn
7.1.1 The unit time is dependent on the construction metledl on the human factor. The
probabilistic distribution of unit time can be assessed by experts but recommendably it should be
based on analysis of data from other excavated tunnels as discuSsetion7.1

% The definition of variables described in this section applies to the storal tunnelling method (see Sect@). In
case of mechanized tunnelling, definition of some variabight requireadjustments.



Dynamic Bayesian network (DBN) model of tunnel construction process 55

The unit costsrepresent the costs for excavation of a tunnel segment with leagithe costs
depend partly on the volume of works (material costs), and partly on the constructiolaliong (
costs, madimery costs). In the model, they are defined basethewconstruction methgdhuman
factor and unit timeIn the application examples in this thesis, the modelling of costs is not
discussed. Including the construction costs increases the complexity ahddel and the
computational effort significantly. Additionally, no reliable data on construction costs are available
to the author.

5.1.3 Extraordinary events

For the modelling purposes, the extraordinary events are defined as events that cause a delay higl
than a threshold value (here selected equal to 15 days). The extraordinary events can represent
example a cavén collapse, tunnel flooding or severgislative or public obstructions.

The occurrence of a failure is represented by a varitdlere mode and it is defined
conditionally on the ground class and human factarthe application examples in this thesis, the
different types of failure mode ar e not di stinguished; the val
Ano f aThd probabifity of failure occurrence is calculated from the failure rates, i.e. the
number of failures per unit length of the tunnel. The assessment of the failufeonatdata is
discussed irsection7.2.2

The variablenumber of failures represents the cumulative number of failures, which occurred
from the beginning of the tmel excavation. It corresponds to the variableintroduced in the
previous chapterSection4.1.]).

5.1.4 Length of segment represented by a slice of DBN

By choosinga slice lengtre-tiin the DBN model, implicit assumptions about dependences among
the variables along the tunnel are made. In the model, changes of conditions can only occur betwe
slices. Therefores-must be sufficiently small to capture the varidypibf geotechnical conditions
along the tunnel axis (se&p al kov § and . Howaver,udecurate2 otlelling of
geotechnical variability is not the only and main criterion.

Because the model assumes that the construction method iriCicketermined purely based
on ground class and geometry, it implies full flexibility in changing construction methods between
slices. In reality, construction methods are only changed betexesavation rounds (in case of
conventionaltunnelling. Therefore, for the model to be realistic, the slice length should not be
shorter than the length of the round length.

5.2 Specific DBN model

A specific DBN model used for the tunnel construction prodgssgepicted inFigure 5.2, an
overview of model variables is given ifable 5.1. The definition of the random variables is
discussed in the following.
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Figure5.2: DBN for modelling the construction of Dolsan A tunnel. (dales are explained ifiable5.1.)

Table5.1; Overview of the variables in the DBN.

Id. Variable Type States of the variable

Z Zone Random/ Discrete 1, 2, é, 8

R Rock class Random/Discrete |, Il, lll, IV, V

(@] Overburden Determ./Discrete Low, Medium, High

G Ground class Random/Discrete  L-I, L-II, L-lll, L-IV, L-V, M-I, M-Il, M-lll, M -

IV, M-V, H-I, H-1l, H-lll, H-IV, H-V

H Human factor Random/Discrete Favourable, neutral, unfavourable
E Geometry Determ./Discrete 1 (begin/end), 2 (typical), 4 (chem.plant) , 5 (EF
M Construction Random/Discrete P.1, P.2, P.3, P.4, PB,6,P.21,P.22,P.23,P.EPP
method
T Unit time Random/ 0,06 ,c0 , é, 15 [days]
Discretized
F Failure mode Random/Discrete  Failure, No failure
Ne Number of Random/Discrete  0,1,2,3,4,>5
failures
Twm Cumulative Random/Discretizec 0,0 ,co6 g | 0 fdays]
time
Texwa Delays caused Random/ 15,06 ,¢c0 , &,  gldays]”
by failures Discretized
Tt  Total time Random/ 0,06 ,co , é,P o1 i g )[days]
Discretized

"0 s the discretization interval of time variables. In the application examplé it is T® Q @,®

*k

upper bound of cumulative time = 122 x 15= (number of segments) x (upper bound of urite time
0 i g is the 99.9 percenélof Teyy

*
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52.1 Zone

The variable represents the position of a tunnel segment in-lygprasigenous geotechnical zones
along the tunnel axis. The uncertainty in the location of the bourdddrgtween zone€andQ p

is described by the CDF of the location of the amg,”O « . To establish the conditional PMF
of &, let0 @> 'Qdenote the probability that segmé@is part of zong and0 @b Q the
probability that segmeri® p lies in zong. Assuming that a segmefitan only be in either zon@
or zoneQ p, the probabilityof the @ segment being in zor@s calculated as

0@ Q p O @a (5.1)

wherewais the length of the segment represented by one slice of the DBN.
The conditional probabilities defining the variabie(i.e. the values in the CPT) are:

0@ & Q ' (5.2

(5.3
0@ Q pI T p 0@ @ T p

. B _ (5.9
0@ @& Qp ™

If the segmenian be in more than two different zones (e.g. in Zon®, GandQ p), Eq.(5.1)-
(5.4) must be extended.

5.2.2 Rock class

The rock class describes the geotechnical conditions along the tunnel axis. Inc zoWl is
modeled as a Markov process. Parameters of the continuou®Warricess are obtained from
experts in form of the average length for which the rock class remains in st¥and transition
probabilitiesr) , i.e. probability that, in case of a change, rock ciassfollowed by rock clasé .
This definition followsthe application of the DAT model i@han (1981)esp.Min (2003Y.

In the DBN model, the Markov process is discretized into a Markov chain, i.e. it is transformed
to a digrete space represented by slices of the DBN corresponding to segments of3fength
Assuming that changes in rock class occur as a Poisson process, the conditional probabilities «
rock class in segmef@'Y, are derived from the parameters of the continuous Markov process as
follows:

° Note, that thelefinition of transition probabiligsry for continuous Markov procesdiffers from the definitiorof
transition probabilitiefor discretetime Markov chainwhich ispresentedn Section3.3.4and used in the DBN model
In the continuous Markov process, the transition probaligligpnditioned by the changé the state, i.e. the probability
of transition to the same state equals z@ro: T'Q¢ T2 & . This definition seems to benore intuitive and thus
moreeasily understandable for the experts.
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oy @y T 0 Agb I (5.5)
EY
00r asy WO 0 nep APl hQ a (5.6)
S

Note that due to the dependence introduced through the parent vaiiakbiesrock class isota
Markov process. (It is a Markov process only conditional on zone

5.2.3 Overburden and Ground clas

The variableb r epresenting the height of overburden ¢
Ahi gho. The variable is deterministic and it i
-0® ecll xpand0 @ ¢l T x aif the midpoint of the'® segment lies in the
area with the low overburden,
-0® ci AAEOpando @ ¢ i AAE Oftifthe midpoint of the'th segment
lies in the area with the medium overburden,
- 0@ cEECHKHand0 @ c¢ E E C Huif the midpoint of the'th segment lieqn the
area with the high overburden.
The ground clas®© is defined deterministically for giveM and0 . As evident fronirable5.1,

each’O corresponds to apecific combination ofY and0 , e.g. ground class-Lstands for rock
class | with low overburden,-H for rock class Il with high overburden. Therefore:

-0 , )Y ®W dow"pando OO , )Y @ d ow"T
000 ( )9 OB chighpando® ( )Y OO chi ght
- Etc.

5.2.4 Variables describing construction performance

The variable Human factd®, which represents the common factors influencing the construction
performance (see&Section 5.1.2 i s i n one of t he three state
Afavourabl ed throughout t h®s aafully dependent fromene ¢ o n s
slice to the net and the conditional probability matrix '‘QsQ  in each slice is the 3x3 identity
matrix.

The variable geometr@® is deterministic and it modiedifferentcrosssectiors along the tunnel
(a typical crosssectionvs. extendearosssectionfor emergency parking places EPP), the special
conditions at the beginning and end of the tunnel and at the location where the tunnel passes an
existing chemical plant. The definition of the conditional probabilities of the vari@bles
analogous withlihat of the variable overburden.

The construction method describes the excavation type and the related support pattern
applied in thé@h segment and is determined conditional on the ground @asw tunnel geometry
‘0. The conditional probalities of 0 follow (Min, 2003)and they are summarized in Ann&x
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For every construction method and human factofO, the unit time™Y is defined by a
conditional CDF,;’O0 g hQ . To facilitate the application of the exact inference algorithm which
will be presented later iSection6.2, the variabl€Yis discretized.

5.2.5 Failure mode

The \ariable failure modéO represents the possible occurrence of an extraordinary event in
segmentQit is defined conditionally orflO and "O. Assuming that failures occur as a Poisson
process for givefO and’O, in accordance with the Poisson model present&kation4.1.], the
conditional probability of failure mod®within a section of lengtktcan be approximated by:

510 O £AEKBOAGDD_ | ;20 (5.7)

CA

i"'0 OEAEBEOOAD AgDl ¢\ 34 (5.8)

where_ ¢ j is the conditional failure rate (correspondshtefailure rate_  in Section4.1.]).

5.2.6 Number of failures

Number of failures) j represents the total number of failures from the beginning diitielup
to the segmeriQWith & being the maximal number of failurés be considered (where state
representst  or more failures), the conditional probabilities are:

0 5 D j 0O pho EAEd OQfor Q pB M (5.9)
) ) B S s (5.10)
0 @ ; ‘@O0 d IEFAEd Ofor Q B
) § S (5.11)
0 a U f & RO eEAEd OQA
For all other conditional probabilities it holds
Pbtrey HRQ m (5.12)

5.2.7 Construction time

The main output of the model is the total construction titde, In the DBN, it is computed as the
sum of construction time excluding extraordinary eveiYs, , and the time delay caused by
extraordinary eventSy

The cumulative tim&Y  is the timeneededor the excavation of the tunnel tpthe location
‘B Itis defined as the sumof | and the unit time in segme®@'Y-"Y Y Y.
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Y j is the time delay due to occurrences of failures (extraordinary events) in the tunnel
construction up téhe segmentQThe distribution of Y for agiven number of failureg  can
be derived from thd>DF of the delay caused by one fedltevent,’Q Q, analogously with the
procedure for derivation d ¢ described irSection4.1.2 With ‘O being the delay caused by
the @h failure, the total delay due o j, failures is computed as the sum of the individual delays:

Y + B "O (5.13)

To compute the PDF 6% |, for agiven0 it is assumed that all delay® are independent and
have identical PDFQ Q . This implies the assumption that the expected delay ddysa failure
Is independent athe position where it occur$he conditionalPDF of"Y  for given number of
failuresU is evaluated analogously to Hg.11).

Assessment of the total construction timé, , is in most cases of interest for the tunnel as a
whole orfor a secton of the tunnel. Therefore,ig computed only at the end of the tunnel, in slice
‘Qas illustrated ifrigure5.2. The total timas definel as’yY Y Y , thePDFof"Y j
can thus be calculated as convolution of the PDF¥ of;, and™Y .

5.3 Application example 2 Dolsan A tunnel

The DBN model is applied tihe assessment @he construction time of a section of the Suncheon
Dolsan road tunnel in South Korea. The case study was originally publist{®tinin2003) and
(Min et al.,, 2003) where the DAT model was used for probabilistic prediction of the tunnel
construction time and costs.

The modelledart of the tunneis a 610 m long tunnel tube with two lanes, evhis excavated
with a conventional tunnelling method. A scheme of the tunnel tube is depidigpine5.3.

—> Dolsan A Dolsan B «— -
| ™ |
— T
—> Suncheon A Suncheon B —
Excavation >

Dolsan A tunnel, 610 m

Zone 1 ‘ 2 ‘ 3 4 5 6 7 8
Overburden Low (<200 m) Medium (200-250 m) High (>250 m)
Geometry 1 2 (typical) 4 (passing chemical plant) 2 (typical) 5 (EPP
T T T T T T
Posion S & g §¢ Y 88 ¢® 2 g 2
[km] ¥ < ¥ 0w © © N~ ~ @ @ p=
o o o o o o o o o o (<2} ©

Figure5.3: Scheme of the Dolsan A tunnel.

The DBN model and overview of the variables is giveRrigure5.2 andTable5.1. The description
of the geotechnical conditions (zone, rock class, overburden and ground class) as well as of some
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variables describing the construction process (geometry and construction method) are taken fror
(Min, 2003) The tunnel is divided into eight zones. Unlikgtin, 2003) the position of the zones
boundaries is modled as uncertain. In each zotiee rock class is modelled as Markov process.
The rock class definition combines the electrical resistivity, Rock Mass Rating (RMR)-aald&)

as shown inrable5.2. The height of overburden is categorized into three levels, as shdvguie

5.3. Variable geometry distinguishes between the typical tunnel profile, extended profile for
emergeny parking places and a sectiwhere the tunnel passes under existing power plant.

Table5.2: Definition of rock classes according(tdin, 2003)

Rock classY [ 1 11 v V
RMR > 81 80-61 60-41 40-21 <20
Resistivity ma@ > 3000 10003000 3001000 100300 <100
Q-value > 40 4-40 1-4 0.1-1 <0.1

5.3.1 Numerical inputs

The selected length of tunnel segment represented by one slice of the DN isi . The
locations of the zone boundaries are described by triangular distributions. The paramgters o
distributions for théboundarylocations"™O ® , for eightzones are summarizedTiable4.1

Table5.3: Paraneters of triangular distributio® @, describing the location of the end boundaries of the
zones in [m] from the beginning of the tunnel.

Zone Min Mode Max
1 15 25 35

2 60 82 100
3 110122 130
4 135142 160
5 250283 310
6 350379 410
7 440483 520
8 610610 610

The parameters of the Markov process describing the rock class in each zone are taken over fro
Min (2003) An example of the set of parameters for zone 2 is showmalle 5.4. The
corresponding conditional probability table #f derived from the parameters of the continuous
Markov process is show ifable5.5. CPTs for all eight zones are provided in the Ankex

Table5.4: Parameters dflarkov process describing rock class in zonesdurce:(Min, 2003)

Mean lengtht Transition probabilities)

[m] G O a O00a OG0 Owd
Q 0 10 0 0.66 0.34 0 0
Q ‘00 10 0.66 0 0.34 0 0
Q 000G 0.34 0.66 0 0 0
Q 0w 0 1 0 0 0 0
Q w 0 1 0 0 0 0
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Table5.5: Conditional probability table (CPT) of rock class in zone 2 for a DBN with slice lemgthul .

For example, the conditional probabilitythierock class in slic&beingy  “O’Qiven that the rock class in

sliceQ pis'Y "O"@i@ the zone inslic@s® ¢,isO1'Y O OWO ¢ 18 p.x

\Y Zi= 2

Ri Ri_j_: I Ri_j_: I Ri_j_: 1| Ri_]_: v Ri_]_: Vv

I 0.606 0.260 0.215 1

Il 0.260 0.606 0.417 O

I 0.134 0.134 0368 O
0
0

Iv 0 0 0
vV 0 0 0

[cNoNoNeN o

The overburden) , and geometryQ, are deterministic variables and yhean be derived directly
from Figure5.3. The overburden is in state Al owo in t1}
inslicesQ pkfBlw of the DBN), in state fimediumod in the
(le.inslicesQ vip Bhoxof the DBN) and in state fAhigho in
tunnel (i.e. in slicesQ w ip Th fp ¢ ©f the DBN). The variable geometry is described
analogously.

The CPT for construction methdd summarizing the conddinal probabilities & SQHQ is
presented in Anneg.

The conditional probability distributions 0 AQ of unit time”Y were determined based on
data recorded during excavation of a Czech tunnebéiction7.1 denoted as TUNI tube 1). An
example of the utilized neparametric distributions &ty for given construction methods and
human factorO e Q06 Geiisdslown inFigure 5.4. The means and standard deviations of
conditional onthe human factofO and the construction metho® , as applied in the numerical
example, are summarized Trable5.6. The discretization interval forY and™Y | is selected as
o MAAUO

1.4 : :
H="neutral”
1.2 . Construction method:
: ''''' - P.3:

L E=1.40, std=1.13 |
z s P.4:
£ 08} E=1.46, std=1.02 -
o —__ PS5
= 06! B E=3.21, std=1.78 |
3 —— P.EPP:
Qo
S E=1.83, std=1.48
S 04} ]

0.2

05— =50 12

Unittime T per 5 m [days]

Figure5.4: PDF of unit time"Yfor excavation of a segment with lengthofx va , on the condition of
neutral human facté® and for selected construction methads
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Table5.6: Means and standard deviations of unit titvifin days] for different human factors and
construction methods, for slices of lengilit va . The description of construction methods is taken from
Min et al. (2008)

Constr. Excavation type Bolts: Length/ Unfavourable Neutral Favourable
horizontal interval / human factor human factor human factor
vertical interval [m] Mean St.d. Mean St.d. Mean St.d.

P.1 Full face 3/>35/>2 156 136 140 113 124 0.89
P.2 Full face 3/3.5/2 156 136 140 1.13 124 0.89
P.3 Full face 3/2/1.8 156 136 140 1.13 124 0.89
P.4 Bench cut 4/1.5/1.5 162 135 146 102 135 0.83
P.5 Bench cut 4/1.2/1.5 349 235 321 178 283 1.44
P.6 Bench cut 4/1.0/1.5 349 235 321 178 283 1.44
P.21 Full face - 202 188 183 148 165 1.20
pP.22 Full face - 202 188 183 148 165 1.20
P.23 Full face - 202 188 183 148 165 1.20
P.EPP - - 202 188 183 148 165 1.20

The conditional probability of an extraordinary event (a failure) in segriggnt’ BORQ , is
estimated based on experience from the Czech RepubliSéstien7.2.2. The rate of failures is
dependent on human fact@ and ground clas®©, and he estimated values [in number of failures
per m] are assessed to range frg@np 11 to @& p 1 for unfavourable influence of human factor,
fromp® p 1 too® p 1t for neutral influence of human facti@nd fromu&p 1 top& p 1 for
favourable infubence of human factor.

To study the influence of introducing the variable human fa&@ortwo alternative prior
distributions are applied. The utilized probabilistic models are:

- H@:000 ¢ O £ZAOT O@0ide ¢ T AOOOH 0 O ¢ £ZAOT OOAT A
TiP.

- Hb):0 0 c O FAOT OwAgb Ba 1 A OO Omige
00 c¢ £ZAOI OO®icA e

Assessment of the probability distribution tfe delay caused by one extraordinary event,

nO 0 p,Iis discussed later iBection7.2.1 A shifted exponential distribution with

minimum at 15 daygshemean valuet 175 days anthe standard deviatioheing equal td60 days

Is used.

Performance datafor updating of the prediction

To demonstrate the ability of the DBN for updating the prediction as the construction proceeds,
hypothetical performance data are introduced. These are from the first 120m of the tunnel an
includethe observed rock clasy, the number of failureSO j andthe cumulative time’y | at
each segment.

It is assumed that no failure occurs in this section and that the cumulative time is slightly higher
(up to 10 per cent) than the mean prior prediction. The pestli@nd observed cumulative time
“Y jis shown inFigure5.5. Rock class Il is found in the first 49 meters, rock class Il in the next
41 meters and rock claBég in the last 30 meters of the section.
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Figure5.5: Performance data uséal updating the predictiongiHypothetica) observed excavation time
“Y in the first 120m of the tunnel, together with theanpredicted excavation tini&y

5.3.2 Results

The resulting probabilistic estimatestbk construction time for the whole tunnel are presented in
Figure5.6 andFigure5.7. Figure 5.6 shows the predictiowhile leaving theextraordinary events
out of consideratiorFigure5.7 includesthe extraordinary events. In both figures, results are shown
separately for the two-riori probabilistic models athe human factofO. In addition, results for a
fixed human factofO & Q0 Gedaredsihown, which correspond to a model that da¢sonsider
human factor as a random variable, i.e. which neglects the epistemic uncertainty. By comparing the
results forboth thefixed and uncertain human factor, the effect of introdu@hgan be observed:
The standard deviation of the constrantitime estimate increases due to the uncertaini®.inf
the average performance (e.g. advance rate) is uncertain, the overall uncertainty of the total
construction time is higher than in the case when this average value is known and only the
variability of the performance is considered (which is the casth@fixed human factorO
Jj€ Qo g wa

By comparingFigure 5.6 and Figure 5.7, the significant impact of extraordinary events on the
expected construction time and, in particular, on the uncertainty in the construction time are
evident. The resulting distributiorsf total excavation time are strongly skewed towards larger
construction times.
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Figure5.6: Prediction of excavation timé&  with no consideratiofior extraordinary events, for twe a
priori models othuman factor and for the case of fixed human factor. Comparison with the original estimate
by (Min, 2003)
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Figureb5.7: Prediction of total excavatiomtie”Y with consideration of extraordinary events, for two a
priori models of human factor and for the case of fixed human factor.

Updated estimates with performance data

The updated estimates thfe cumulative time’Y  (excluding extraordinary events) atite total
time "Y (including extraordinary events) for the whole tunnel, conditional on the hypothetical
observations described Bection5.3.1, are shown irFigure 5.8 and Figure 5.9. For comparisn,
the estimates computed without the observation data are also provided (corresponding to the resu
shown inFigure5.6 andFigure5.7). The updated estimates are identical for the two prior models of
human factorO, because the observed performance strongly indicates that the human factor is
0 Ol £A OT OThid dam be observed frofigure5.10, which shows the updated probitigil
of 'O as the construction proceeds.

The updated estimate 6%  (which excludes extraordinary events) shownFigure 5.8
exhibits a lower standard deviai, because there is no more uncertaintyOn i.e. in the
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appropriate probabilistic model of unit tifé However, the standard deviation of the updated total
construction timeY  (including extraordinary events) shownkigure5.9 is higher, because the
resultingO  eO1 A£A OT dintpieddn fcreased probability of failure (extraordinary events).

0.03

updated prediction:
E[Tcum]=218d.
std[Tcum]= 16 d.

0.025}

model H(a): -
0.02+ E[Tcum]= 201 ar <~
std[Tcum]= 20 d. I/ :

0.015| model Hb):~L -~
E[Tcum]=197d>" !
std[Tcum]= 23 d. / il
0.01} ‘i

probability density

0.005| i

0 ‘ N2 \ \ L
100 120 140 160 180 200 220 240 260 280 300
time Tcum [days]

Figure5.8: Updated prediction of excavation tirié  (without extraordinary events) for Dolsan A tunnel
based on observations made during excavation of 120 m of the tunnel.
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Figure5.9: Updated prediction of excavation tifié¢ (with consideration of extraordinary events) for
Dolsan A tunnel based on observations made during excavation of 120 m of the tunnel.
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Figure5.10: Updatal prediction of human factd® for Dolsan A tunnel, as a function of the observed
construction progress.

5.4 Summary and discussion

The proposed DBN model and computational algorithm for tunnel excavation processes is a ste
towards a quantitative assessment of uncertainties that is needed to support the optimization ¢
decisions in infrastructure projects. The significant uncertaméstimates of construction cost and
time observed in practice is not fully reflected in most existing models. In our view, a main reason
for this underestimation is the assumption of independence among the performances at differer
phases of the constiimn. This observation was also made recentlywag Dorp (2005) Yang
(2007) and Moret and Einstein2011b) In the proposed DBN model, we represent correlation
amongthepef or mance at different phases of the cc
factor o, which is assumed to represent t he
construction process and other external factors influencing the entieetpréjs observed iRigure
5.6 and Figure 5.7, the inclusion of this variableeads to an increased variance of the estimate of
construction time. As stated earlier, the variable "Human factor” can also be interpreted as a mod
uncertainty, which reflects the fact that the applied probabilistic models of tunnel excavation
performance are based on a limited amount of data or expert estimates. This second interpretatio
has the advantage of not being judgmental and therefore more easily acceptable in practice. As v
show in the example applicatioRigure5.10), the DBN model facilitates to update the estimate of
the AHuman factor o, i . e. as the constructia
automated manner to learn the model &mnidnprove the prediction for the remaining construction.

Another main reason for the underestimation of the uncertainty in construction time and cost is
that most existing models do not account for possible extraordinary events, which can be considere
asfailures of the construction process. These events are included in the DBN model; their effect is
also discussed later Bection7.3.2

The proposed DBN approads flexible with regard to changes in the model. One aspect that
should be revised in future work is th@odelling of the variablel to more realistically reflect
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changes of construction technology during the excavation process. The present moded &dsum
flexibility in changing the construction patterns based on changes in geology. In reality, the
construction pattern is not modified so frequently, as this is connected with additional time and
costs. This effect is even more pronounced when mextthixcavation is used. A second aspect
that should be addressed is thedellingof costs. The variable time can be replaced by the variable
cost to obtain a cost estimate. However, for a comlimedelling an extension of the DBN model

is needed to accmt for the dependence of construction costs on construction time.

The DBN is computationally efficient and applicable in practice. It is flexible in including
observations to update the predictions. Besides updating the model with performance daga and th
observed geology of the excavated tunnel sections, as shov@eciion 5.3 other types of
observations, e.g. borehole tests, can be included in the future.
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Algorithms for evaluating the DBN

To obtain probabilistic estimates of selected variables in the DBN (e.g. cumulative time, total time,
human factor), the DBN model must be evaluated. Several algorithms exist that perform inferenc
in BNs and DBNSs, an overview is given $®ction6.1 However, the DBN presented in this thesis
has a rather complex structure and contains random variables described by different probabilisti
models. When discretized, some of the variables have a large number of states. The available exa
inference algathms are therefore inefficient for evaluation of this DBN model. A modification at
the Frontier algorithniMurphy, 2002)is therefore proposed.

The modified Frontier algorithm (mFA) exploits the fact that the variables with a large nhumber
of states are defined as sums of other variables in the DBN. FB&s can be thus efficiently
calculated by using the convolution operation. The new algorithm is suitable for problems that
involve the development of a cumulative variable in time (space). Comparison of the computationa
efficiency of the modified andriginal FA on an academic example is presented in Adnex

The procedure for evaluation of the DBN including the mFA was previously published in
Gpal kov§ and. TiRtparametbr ada@alidn 2s)first chilsed in Section6.2.5 of this
thesis.

This chapter starts with introduction to inference of BNs and DBSkction 6.1). The
procedure for evaluation of the DBN for tunnel construction process is descril$sttion6.2
The technigas for updating the predictions with observations of the construction performance are
explained inSection6.2.4and6.2.5

6.1 Introduction to inference in Bayesian networks

Three groups of inference problems for BN can be distinguished:

- Inferring unobserved variables: Estimation of the probability distributionsaected
variables. If we are interested in estimation of the probability distribution given some
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observations (also called evidence in the BN terminology), we speak about updating of the
original estimate.

- Parameter learning: Determination of the cowndil probabilities (CPT tables) from data.
The CPT tables can also be updated with observed data; this procedure is called adaptation of
the parameters.

- Structure learning: Determination of the structure of the Bayesian network from data. This
type of infeence is not used in this thesis and is thus not discussed in more detail.

Several algorithms exist for solving these inference problems; they are either exact or approximate
algorithms. Selection of the appropriate algorithm depends on the complethity reétwork and on

the probability distributions of the variables included in the network. Generally, the computational
effort increases exponentially with the number of nodes and links in the BN and with the number of
states of discrete variables.

Many sdtware packages can be used for building and evaluating the BNs. These are for
example freeware codes such as Genie developed at the University of Pittsburg
(http://genie.sis.pitt.edu/), Elvira developed at the university of Grarwige/fleo.ugr.es/elvirj/or
commercial products such as Hughitp://www.hugin.comy, Agena (http://www.agenarisk.com/)
and Netica (http:{ww.norsys.comm An overview of the software solutions is available at
http://www.cs.ubc.ca/~murphyk/Bayes/bnsoft.ntml. A Bayesian network toolbox for Matlab has
been developed by Kevin Murphy and is freely available (http://code.google.com/p/bnt/). However,
for more complg problems and where changes of the existing algorithms are required, utilization
of the available software is impractical. The algorithm presente8eiction 6.2 is therefore
implemented in Matlab environment with its statistical toolbox.

6.1.1 Inferring unobserved variables

First we limit ourselves to BNs with discrete RVs. The same example BN which is presented in the
Section3.3.5is used for illustration. The BN is also displayedrigure6.1(a).

The first basic operation used in evaluating the BNs is cibibination of probability
distributions. This operation is used for calculating the joint PMF of selected set oflRvigseth
et al., 2009) It corresponds to the application of the chain rule. For the example BN it is illustrated
in Eq.(3.10) and it is repeated here:

nm R N QR asQn o oo (6.1)

The second basic procedure is #lienination of variables (also callednarginalization in the BN
terminology), which corresponds to removing selected RVs from the joint PMF. Because the states
of the discrete random variables are mutually exclusive and collectively exhausting events,
elimination ofa variable corresponds to summing a joint PMF containing the variable over all states
of the variable.

To eliminate the variable from the joint PMF describing the whole BN, the following
calculation is performed:

NG B R G Rk (6.2)

where the notatioB  denotes the summation over all states ofThe elimination operation can
be performed repeatedly for selected variables at any stage of the calculations; in this way, the
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marginal PMFof the variables of interest is determined. The order of the elimination operations
influences the efficiency of the computations.

Eliminating nodes in the BN graph must follow rules formulated irshachter (1986for
influence diagrams, of which the BNs are a special case. The specifiedprecfor BNs is
described irStraub and Der Kiureghian (2010A node can be removed from BN if it has no child
nodes and does not receive evidence (such node is also called a barren node). If the node, whi
should be removed, has a chidde, the elimination process requires reversing all the links
pointing from this node to its child nodes. If a link is reversed, both nodes connected by this link
inherit the parents of the other node. At any step of the process the BN must stay Hogaicer
of reversing the links is arbitrary as long as the acyclicity is assured. The order of the operations ca
influence the form of the final network.

The procedure of eliminating the nodefrom the example BN is illustrated in tifégure6.1.

First the link between nodas and“Yis reversed (step b). A new link pointing fro@to "Yis
established, becau$¥inherits the parent nodes 0f. “Yhas no parent nodes except there is
therefore no new link pointing @ . Second, the link between andd is reversed (step c). A new
link pointing from"Oto 0 is established, becauseinherits the parent nodes of. 0 has"Yas a
parent buthere is already a link frorfvto 0 from the previous step so no new link pointingtas
needed. Finally, nodé has no child nodes and can thus be removed. The final BN is depicted in
Figure6.1d.

Note that in the example BN, it is not possible to change the order of reversing links. If we
started with reversion of the link betweénandd, a cycle would be created connecting the nodes

LA R
OO
ololore

Original BN Reverting link M-T  Reverting link M-C  Removing node M

(a) (b) () (d)

Figure6.l: Elimination of node from the sample BN

The third basic operation for inference in BNs is caflestriction and it is used for including the
observations(Langseth et al., 2009for example, if the value 6O "Q is observedthe
information is included into the known (prior) joint PMf, "Gif, by setting the prability
000 QO M o® o mandnormalizing the probabilities of the remaining outcome states.
The normalization ensures that the sum over all states of the updated (posterior) joint PMF
A "M @ is equal to one.

When evaluating a BN\Ngne is often interested ralculating the conditional probability of a
set of variables given set of other variables in the BN. For example, we can want to know the joint
conditional probability of “Yand& given"@Using the joint PMF from Eq(6.2), this conditional
PMF can be obtained as:

n oEQ  n "o Q (6.3)

where tha) "Q is the marginal distribution 663
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In real problems it is not efficient to calculate the full joint PMF of all variables in the BN.
Therefore, it is necessary to find a sequence of operations (combination of PMFs, elimination of
nodes, restriction and lcalation of conditional probabilities), which gives the required answer and
at the same time is computationally efficient. Th@d inference algorithmsfor BNs generally
aim to find such an optimal sequence of operations using the graph theory decitingques. The
universally used ones are the junction trees and joint (de@sen and Nielsen, 2007he exact
inference algorithms require the RVs in the r@twto be discrete.

As evident from the previous description, a principal computational task in evaluating the BNs
Is the numerical integration of the joint probability functions (resp. their summation in the discrete
space). Theapproximate inference algeoithms are mostly using various sampling methods
(nondeterministic methods) or deterministic methods to perform such integstioka, 2001)

Only a brief overview of the approximate methods is given here, because they are not further used
for evaluation of the proposed DBN.

The commonly used sampling (nondeterministic) methods are for exdwgleov Chain
Monte Carlo (MCMC) simulatiorfGilks et al., 1996)importance samplingYuan and Druzdzel,

2006) likelihood weighting or rejection sampgrfRussell and Natig, 2003) The main advantage
of the sampling methods is their flexibility; they can be applied to any BN as they are not limited by
the type of RVs in the network. The main disadvantage is their computational inefficiency.

The approximate methods ngi deterministic methods generally aim to approximate the
required integrand, i.e. the (joint) PMF of required set of RVs. These are for example the
Variational met hods, Loopy bel i ef propagati ol
Expectation propag@in. These methods can be computationally very efficient but their application
Is limited by several restrictions, which the evaluated BN must fulfill. Additionally, they often
strongly simplify the results e.g. when assuming them to be Gaussian. Fail@ddgiscussion on
these methods, the reader is referrefllitika (2001)andMurphy (2002)

BNs with continuous RVs

A BN can consist otontinuous RVs (then it is called a continuous BN) or it can combine both the
discrete and continuous RVs (then it is called a hybrid BN).

BNs with Gaussian variables or hybrid BNs with discrete and conditionally Gaussian variables
have been studied extévsly and efficient algorithms for their evaluation are available. They
utilize the fact that under a linear dependence structure the joint probability function of Gaussian
variables is also Gaussian. An example hybrid BN with conditionally Gaussian Rké&sented in
Annex4.

The joint probability functions of ne@aussian variables are not defined. Therefore, evaluation
of the BNs containing continuous n@aussian RVs requires utilization of approximate algorithms
or discretization of the RVs. When tHeVs are discretized, the previously discussed exact
algorithms can be applied. The discretization process is described |8&ation6.1.3

In hybrid BNs, wherave are not interested in the probability distribution of the continuous RVs,
these can be eliminated from the BN and the resulting BN can be solved by the known exact
inference algorithm as proposedStraub and Der Kiureghian (2010)

Infer ence in DBNs

The algorithms for evaluating DBNs are based on the same principles that apply to inference in the
BNs. Because the DBN consist of repeating sets of nodes, the inference algorithms have a
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recursive nature. They generally involve thecatledforward and backward passes: The forward
pass evaluates the DBN slice by slice from the beginning (i.e. from left to right) and the backward
pass from its end (i.e. from right to left).

In most cases, only some of the RVs are observabled ldg#notethe observed RVs in slic
andf] denotethe unobserved (hidden) RVs in sli&Three types of tasks can be distinguished
(Murphy, 2002)

- Filtering: Estimating the state of the system in time/positerhaving observations from

slices Q plgiB AQ It corresponds to evaluating the probability; © ¢ and requires
application of the forward pass up to the she

- Prediction: Estimating a future state of the system in time/posifton'Q, whereQ T,
knowing the observations from sliceQ plgi8 hQ It corresponds to evaluating the
probabiity 1) 1 3)41, and requires application of the forward pass up to the Sic&y in
slicesQ ™~ Q p B h'Q "Q no evidence is included.

- Smoothing: Estimating a past state of the system in. the Qth slice of the DBN, where
‘Q m knowing the obseations from slicesQ pltF8 AQ It corresponds to evaluatlng the
probabilityn 4 and requires application of both the forward and backward pass.
This case is not further discussed in this thesis.

From these three operations, we only perfonradpction in this thesis, either with or without
evidence.

The exact algorithms for DBNs with discrete RVs are the Frontier algorithm, which is in more
detail discussed later iBection6.1.3 or the Interface algorithm, which is a modification of the
Frontier algorithm optimizing the set of nodes operated at each step of the evaluation suggested |
(Murphy, 2002) A complex summary of the algorithms for DBNs is providetMurphy (2002)or
Russell and Norvig (2003)

6.1.2 Parameter learning

Two problems are solved when learning the BN parameters from data:

- Prior estimation of the model parameters (also callediraflearning), where a large set of
data is available at once.

- Sequential updating/adaptation of the parameters with observgtists called odine
learning), where model parameters are updated with every new set of observations.

Different methods must be used for complete and incomplete data sets. Only the methods used lat
in the thesis are introduced in more detail in tl@stisn. Techniques fdearning parameters of
BNs are also applicable for DBNSIurphy, 2002)

We assume that the structure of the BN is known and that the parameters for the various RVs i
the network are independent, i.e. that we can learn the parameters of each RV independéntly. Let
be the set pameters of the analyzed variabdeP be the best estimate of the parameters pbe
the data set. If the random variable is discrBteonsists ofthe values in the CPT. If the RV is
continuous and it is described by a parametric distribution (dagymal, Lognormal etc.)
conditionally on its parent®, contains the parameters of the parametric probability distribution.
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Prior estimation

The most common approach to the prior estimate of the BN parameters with a complete data set is
the Maximum lik elihood estimation (MLE), which aims to maximize the likelihood (resp.dog
likelihood) ofthe parameter sé&t giventhe observed data sgt

P AJCA@ Psy AJCAL 0P (6.4)
The likelihood is calculated as
OPsy BOW QF (6.5)

whereQ is a single observation of the varialdle For computational reasons it is more convenient
to work with loglikelihood, which isdefined as

ODOPsr BIT QW QF (6.6)

Note that Eqs(6.4) - (6.6) assume independence of observations for gizen

If the dataset is not large enough, we maagh to combine the data with experience. In this
case, theBayesian approachis suitable allowing one to combine a prior estimate of the
parameters, obtained for example from an older database, literature or expert judgment, with new
data. This techniquis not used in this thesis, for more details the reader is referred for example to
Russell and Norvig (2003y Gp a | k alv(B11p t

The Expectation maximization (EM) algorithm is a popular method for learning parameters
from an incomplete dataset. It is used when data in the dataset are missing or some variables are not
observablgJensen and Nielsen, 200T) is an iterative approach consisting of two steps: in the
expectation step, the missing data are replaced with expected values obtained based on the current
estimate of paraeters; in the maximization step, the new set of data is used to make new parameter
estimate.

Please note that in the exampleSafction5.3, we also deal with incomplete data, because the
variable human factor is not observed. However, for learning the model parameters we make
assumption on the state of the unobserved variabde (Wva s s ume it to be in t
Therefore the MLE algorithm is usefibr learning the parameters of unit time

Updating/adaptation of the parameters

The (epistemic) uncertainty in the model parameters can be convenientljeddaelintroducing
an unobservable model type variable into the BBhsen and Nielsen, 2QDér Kiureghian and
Ditlevsen, 2009) This hidden variable is automatically updated with obsemstiosing the
inference methods describedSection6.1.1 In the DBN model of the tunnel construction process,
the variabl€O is such a hidden variable. If thiype of updating is not sufficient, the parameters of
the BN (i.e. the CPTs) can be updated directly by means of Fractional updating or Badsen(
and Nielsen, 200. Both methods are approximate, fheactional updating is described in more
detail in the following:
We want to update the CPT of variablewhich is defined conditionally on variablésando.

let 0® ®O6 OM @ w & T be the prior estimate of the parameter and
00 OP o oy @ be the updated estimate. The reliability of the prior
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distribution is expressed by the fictitious sample sizethe higher the sample size is selected, the
higher the reliability (weight) of the prior estimate.

The evidence can have different forms: we can observe a deterministic vauer gfist its
probability distribution, we can know the state of its parent variables at the time of the observatior
with certalnty or not. Generally, the evidence has the following fdn® oo © m ¢
and0 @ &Y wl*. W . The updated estimate can be approximated as

@ D 6.7)

h m

For more details the reader is referretNaapolitan (20049r Koski and Noble Z009)

6.1.3 Discretization of random variables

For application of the exact inference algorithms, the continuous variables must be discretized. Th
following procedure is applied in this thedi®t & be the original continuous random variable with
parent variables) ¢xd , which is defined by a CDFOaGgI @ . Let & be the corresponding
discrete random variable whoée states are denoted ly, whereQ ph8 ha . Let statec
representan interval@ fw Oin the original continuous spacé is the upper bound of the
interval corresponding to stade. The conditional probability mass functioncthen equals

non Ow N Ow o (6.8)

The intervals are defined so that they have an equal lengtlcach stateo is represented by the
central value of corresponding interval, te. @ —

It is noted, that the discretization inttamges some inaccuracy. The discretization method
proposed here is not suitable for problems that require accurate estimation of probability of extrem
events, i.e. where an accurate approximation of tails of the continuous probability distributions is
requred. For these cases, a more general type of discretization called Mixture of truncatec
exponentials can be appli@dcangseth eal., 2009)

6.1.4 Principles of the Frontier algorithm

The Frontier algorithm(Murphy, 2002)belongs to the group of exact inference methods and is
applicable to DBNs with discrete nodes.

The Frontier algorithm utilizes the fact that in the DBN one can identify sets of nodes, which, if
fixed, dseparatehe nodes on their left side from the nodes on their right side. These sets of nodes
are Markov blankets of the sets of nodes on either their left or their right side. (See 3&chtor
introduction to the concept ofgkparation.) These sets are called frontiers (or frontier sets). To give
an example, all variables in slid@f a DBN representing a memoryless process create a frontier.
They dseparate varldes in sliceSQ “Qrepresenting future states of the process (right side of the
DBN), from the variables in slicE€Q "Qrepresenting past states of the process (left side of the
DBN).

For the evaluation of the DBN, the frontier is moved slice byesllong the network. We can
add a variable to the frontier, if all its parents are already included in the frontier. We can remove ¢
variable from the frontier, if all its children variables are included in the frontier.



76

Algorithms for evaluating the DBN

In the following, the Frontier atigithm is illustrated on a DBN containing variables in each
slice. One cycle of the algorithm moving frontier from sli@e p to slice (s shown inFigure 6.2.
The variables marked with grey are those included in the frontier at a particular step. At the
beginning of the cycleFigure 6.2a), the frontier contains variables
H is the known joint PMF of these variables.
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Figure6.2: Graphical represeation of one cycle of the Frontier algorithm for an example DBN. The grey
nodes are those included in the frontier at a given step; the nodes with dashed line are those operated at a
given step.

In step (b), a variablé ; is added to the frontier and varialgbe;

is removed from the frontier.

Adding (Qh corresponds  to  calculating the joint probability mass function
nowp, MBhy hoy through combination of known PMFs (compare with @dl)) as:

Nop Moy g Hop By /O oy (6.9)
Removingl ; corresponds to marginalization of this variable (compare witl{a22)):

no, 8 @r hog B . n j for 8 0 hop (6.10)

The above steps are repeated for other nodes until the frontier consists only of nodes(afsslice
shown inFigure6.2(d). The cycle is then repeated for the next slizep and so on. The marginal
distribution of any variablév; can be obtained from the joint distribution of any frontier that
includes this variable, through elimination of all other variables in that frontier.

As seen from Eq46.9) and(6.10) above, in each step the algorithm requires operating only the
joint PMF of the variables in the frontier, which reduces the computational dengaifecantly. In
every step, the frontier should include as few variables as possible. We therefore add a new variable
to the frontier as late as possible and we remove variables from the frontier as soon as possible.

Updating

Evidence (observations of m@om variables) can be efficiently included in the DBN. Consider

observation of nodeyy;

@ The frontier algorithm proceeds until a frontier includifdg is

reached. The observation is then included by setting the probability of all outconsevatate
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®p wequal to zero and normalizing the probabilities of the remaining outcome states. This
operation is called restriction Bection6.1.1

With this procedure, the probability distribution of a variable in slige updated with the
evidence from all sliceQ "QThe evidence in slice® "Qis not included. To include such
evidence, the updating algorithm must be extended by a backward computation, in which the
frontier moves from right to left. This case is not considered in this thesis. Details on the algorithm
can be found inMurphy (2002) (Straub, 2009)presents an application of the algorithm to
moddling the effect of inspection and monitoring of deteriorating structures.

6.2 Evaluation of the DBN

The application of the previously discussed infeeemlgorithms to the DBN model of tunnel
construction process is presented in this section and a modification of the Frontier algorithms i
proposed. The evaluation of the DBN proceeds in three steps: First, all continuous variables ar
discretized. Secondsome of the nodes are eliminated from the DBN in order to simplify the
computations in the modified Frontier algorithm. Third, the modified Frontier algorithm is applied.
The three steps are presented in the followingSéwctions6.2.4 and 6.2.5 the procedures for
updating of the prediction based on observed geotechnical conditions and performance are shown.

6.2.1 Discretization of random variables

Random variables defined in a continuous space (i.e. variables describing uriiY ame delay
caused by an extraordinary evéyit ) are transformed into random variables defined in a discrete
space. The discretization is performed followihg procedure described $ection6.1.3

Since”Y | is defined as a sum ofY ; and’Y, it is convenient to use the same
discretization interval lengtb for all three variables and to define the representative values of
their states as integer multiplications @f . This, however, implies that the number of states of
“Y  increases with every slice of the DBN as is illustrateBigure6.3. If & is the number of
states of Y, 'Q pfB FQthen the number of states &f  is & oo p p. To deal
with the resulting large number of states™¥f , a modlflcation to the Frontier algorithm is
proposed in sectiod.2.3
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Figure6.3: lllustration of the summation of two discretized random variables: PMF of cumulative time
Y j ,unittime”Yand cumulative tim&Y j for tunnel segmeniQ o, zone ® p, human factor
'O J&¢ Q6 §,iamddock clasy "'O'0OlBe PMF of Y  is obtained through convolution of ; and
“Y (seeSection5.2.7andSection6.2.3.

6.2.2 Elimination of nodes

Prior to the application of the Frontier algorithm, it is computationally beneficial to eliminate some
nodes from the DR. Such an elimination of nodes can be considered-arpessing of the DBN.

In the presented DBN, we eliminate ground cl&soverburdern) , crosssectiongeometryO and
construction method . This operation can be performed generically for all slices in the DBN. The
resulting DBN is shown ifrigure 6.4. When eliminating nodes from the network, additidigts

are added to the remaining nodes, to ensure that their joint probability distribution is not altered (see
Section6.1.1). New links are introduced froi to "Oand™Y, and from'Oto "Y. This new definition
includes all the information from the eliminated nodes, which ensures that the reduced DBN gives
the same results as the original DBN.

In principle, one could directly define this reduced DBBlt@ad of the original DBN. However,
because the effect of variables such as overburden or ground class is only implicit in this reduced
model, the direct determination of the conditional probabilities in the reduced DBN would not be
straightforward.

For the resulting network, due to the new links introduced in the elimination process, it becomes
necessary to compute the conditional PMF§5i i andr) 609 A AQ. The conditional PMF of
failure modé'Ocan be calculated as (compare witgure5.2 of the original DBN):

REAQ B RAAAQEAQ B nR'BOAQ B fpOfh né 8 (6.11)

hod fOfQ —B A'ed IO B Row AR B né& LAOR Q8 (612
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Figure6.4: DBN after elimination of nodes.

6.2.3 Modified Frontier algorithm

In the following, one cycle of the modified Frontier algorithm is presented. It advances the frontier
from sliceQ p, with correspondlng joint PMF) ¢ h o 5 By AQ ,toslice’Qwith
corresponding joint PMA) ah o & zHQ . The frontier is moved from slic"@ p to slice™Q
by sequentially adding nodes from sli€and removing nodes from slid@ p in the frontier. The
individual steps argraphically documented irigure6.5 and are described in the following.

At the beginning of the cycle, the joint PMF& H h R ; AQ s available from
the previous cycle. In the first step (a) of the cycle, the modeone is added and nod@ is
removed, as indicated Figure6.5 (a). The corresponding computation is

= xi
2«
3

Q
h FQ N as

= xi

" o
o (6.13)

o -_-T‘
3« &

B n

¢

wherery @  is obtained as described in Sectioa.1
In the second step (b) of the cydlee random variable rock cla¥sis added to the frontier and

Y is removed, as depicted kigure6.5 (b). The corresponding computation is:

h F RQ

o AQ nig

r]q f
B 1nah v

h

0]
5 (6.14)

wherer) i § hx is obtained as described in SectA.2
In the third step (c) of the cycléhe random variable human fact@ris added to the frontier
and’O is eliminated, as shown Figure6.5 (c). The corresponding computation is

nahh 5 By HQ B naimm ; REi FQ n'QsQ (6.15)
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Figure6.5: Graphical documentation of one cycle of the Frontier algorithm for evaluation of the DBN of
tunnel excavation processes. The grey nodes are those included in the frontier at a given step. The nodes with
dashed line indicate the nodes that are operated in a particular step (i.e. nodes which are added or removed

from the frontier in this step).

The conditional probability) '‘QsQ is defined by an identity matrix (s&ection5.2.4). Because
of this definition the calculation from E(6.15) can be skipped and the joint F\éan be obtained
simply by replacingQ  with "Qin the known joint PMF R b0 ; R ; RQ

In the fourth step (d) of the cycléhe random variablé ;, representing theumber of failures,
is added to the frontier and ; is removed. Sincé j, is defined conditional on the failure mode
"Q this random variable is also added to the fronfike step is shown iRigure6.5 (d) and the
corresponding computation is

\ ""QFi\Q

=y

3" B
¢
g(
¢

(6.16)

n ah
B . A4

=2
=yt
=

h

wherer| £ &€ ; HQ is computed as described $ection5.2.6andr) " HQ is obtained after
the elimination of nodes according$ection6.2.2

In order to complete the cycle, one could, in principle, perform the following two operation
corresponding to the fifth step shownhkigure6.5 (e). First, the random variabl®, representing
unit time, could be added affdremoved

nah B AQD B nafd ; R AQRQ [ o9 A AQ (6.17)
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Second, theumulative cost8Y j could be added, whikk ; and”Ycould be eliminate

a
B, B AGRm gD A0 fo 5 f (619
Because random variabléé ; and’Y j can have laje numbers of states, computation of Eq.
(6.18) puts high demands on computer memory, which can make exact computations infeasible. Fc
this reason, an alternative solution that avoids this computation is developed in the following.

We exloit the fact that the cumulative time in segmé&ps obtained as the suitY
Y i Y, by using the convolution function to compute the distribution functioiY of;. If
Y  and"Ywere independent random variable PMF of 'Y f could be computed as

R0 B . o ftn f (6.19)

where the summation is over all statesf “Y. This is the convolution functionllistrated inFigure
6.3), which is written in short notation as

R0 R, zR O (6.20)

However,”Y  and”Yare dependent ardirect application of Eq(6.20) is not possible. From
the graphical structure of the DBN, it can be inferredtat; and”Yare independent for given
vaues of®, 'Y, 0 and’Q (This follows from the eeparation properties of the BN.) Making use
of this conditional independence, we can write

N wshankh O N . sankm ZNshn O (6.21)

where the conditional PMF &¥, ) 0§ hy HQ, is known from Eq(6.12). Furthermore, from the
joint PMF of step (d), E((6.16), we obtain

v . T ) h h Rh A
no r ahhohQ 5 B . FF : F T (6.22

The convolution operation in E§6.21) is numerically efficient because it avoids the summation
over the states ofY | , which is necessary in the conventional approach (&G8)). This
reduces the number of necessary operations by a factor corresponding to the number of states
“Y i . Additionally, standard software like Matlab has optimized algorithms for computing the
convolution function based on Fast Fourier Transform. The computation times of both algorithms
are compared in Annek

With ) 0  &h RQAQ of Eq.(6.21) the final frontier shown irFigure 6.5 (f) is calculated
from:

)

hah

3(

fERRQ B /o ;ah RQAQR ah R ;AQRQ (6.23)

with

~ ~
\

nahr FofiQ B . nahi ; R zHQAQ (6.24)

h

o

wherer) ah b R zHQAQ is the joint PMF of step (d).
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The full DBN is evaluated byepeatedly applying the cycle described abatarting atQ ¢
and ending at the last slic@ “OTo initiate the calculation, the frontier in sli&@ p must be
known. It is

h

DY A} 137, 1 1 ”n, \ 1 ) Ly~ 2
B N3 hQnNeéyQnog iCHQ (629
Becaus€Y Y, the joint PMF of the initial frontier is obtained simply by replacingvith
0 j inthe above expression.

6.2.4 Updating

If observations of the tunnel construction performance are available, the predictions can be updated.
Commonly, the rock class, cumulative time and number of failures for individual segments can be
directly observed as the construction proceeds. The d@ismrs in segmeniQare denoted as

Y i Y 5 0 pand0d 5 € . Toinclude the evidence in the Frontier algorithm, the
joint PMF computed according to E@§.23), n dh o ;& [Q , is replaced by the conditional

PMF

nan ke FQd O R
| Mo Rk AQh A0 T o 0 ey & A (6.26)
mh Al OA
where | is a normalization constant to ensure that the sum over all states of

nah B FE ;FQ3 M FfE | is equal to one. This conditional PMF is then used as the
input for the next cycle of the Frontier algorithm.

6.2.5 Adaptation of the model parameters

Additionally to the automatic updating described in the previous section, the CPT of unit'time
can be adapted using the Fractional updating method descriBedtion6.1.2 Parameters of the
original DBN depicted irFigure5.2 are updated, where the unit tirféis defined conditionally on
construction method and human facto©. In this way, the updated conditional PDFs6tan
be directly compared witthe prior estimates.

The updated estimate with observations up to ¥ige is obtained as (compare to K6.7)):

() 00y 09 a RO QF- D i - - (6.27)
' =

whereg @ i . The sample size is setito i p and the joint PMFs
of "Y,"0 and0 given the evidence are calculated as

nofs fiogy N o & fOw: (6.28)

where0 OY 0 @ pforo o0 5 0 i andzero otherwise and the second component is
calculated as
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(6.29)

nQEh né nah o R A0 s R
h h
wheref) ¢h o R ;FQs o R is known from Eq(6.26) and the other conditional
probabilities correspond to the definition of the variab&esction5.2).

To include the updated probability distribution”fin the next cycle of the Frontier algorithm,
the conditional PMF from E¢(6.12) must be recalculatewith the updated PMK 0 RQhg:
instead of] 0 hQ .

To initiate the process, the prior sample dize must be selected. The prior sample size
reflects the reliability of the prior estimate of the distribution, the higherr the, the bigger weight
we give to the prior estimate.

This type of updating is not included in the application example presentetciion5.3 it is
only used in the example &ection7.3.

6.2.6 Calculation of total time

The total time"Y j is the sum of the cumulative tini®¥ j and delays caused by extrdimary

events Y i Yy Y 5 Y . For given value of0 , Y j; and Y j are

independent. Therefore, the distribution df ; can be computed via the convolution function as
Nohe 70 N s 72N 4s 5O (6.30)

The conditional PMF) s . is obtained from the joint PMR @f o zfE ) , which
resultsfrom the Frontier algorithm, as follows

=y
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= xi
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- : iR h B B iR
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n s IS evaluateas described in Sectidn2.7.

6.3 Summary and discussion

Chapter6 presents the algorithms for evaluation and learning the BNs and DBNs. The BNs are a
relatively new tool for probabilistic modelling of dependent systems, which has gained popularity
in many different fields of science and engineering in recent yearse Tie@s applications lead to
more complex BN and DBN models with specific requirements. Development of new efficient
algorithms for evaluating the BNs and DBNs is thusyoing.

There are generally two problems to be solved: inferring unobserved vargities, with or
without including evidenceSection6.1.7), and learning the model parameters (resp. structure) of
the BN from data $ection6.1.2. The algorithms can be divided into two categories: exact or
approximate. The exact algorithms, which are used in this thesis, require discretization of the
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continuous random vaiies in the network, e.g. following the procedure describe8eation
6.1.3

The specific procedure for evaluating the DBN model proposed in this thesis idddsori
Section6.2 The novel contribution described in this chapter is the modified Frontier algorithm
(Section6.2.3. Two modifications to the original FASEction6.1.4 are proposed, which avoid
defining large conditional probability tables: (a) the frontier is optimized by excluding some of the
variables; this modification was originally proposed by Murphg 0 0 2 ) under the nat
al gorithmo; (b) some steps of the original al g
of conditional PMFs; to our knowledge, this modification has not been previously published. The
new algorithm is computatiafly efficient; computations shown here were performed in Matlab
and take in the order of 80 CPU seconds on a MacBook Pro with a 2.53 GHz Intel Core 2 Duo
Processor, 4 GB 1067 MHz DDR3 RAM and Mac OS X v. 10.6.8. The computational efficiency of
the modifie Frontier algorithms in comparison with the original itrer algorithm is presented in
Annex 4
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Analysis of tunnel construction data
for learning the model parameters

To obtain realistic results from the probabilistic modelling, it is essential to properly describe the
model parameters. As was discussedSection 3.2, the majory of probabilistic models of
construction processes rely on expert assessment of the ifpetsit cost and activity durations

or advance rates are commonly described using uniform, triangular or beta distriblitipB003

van Dorp, 2005Yang, 2007 Project Management Institute, 2Q@@id et al., 2009)Triangular and
uniform distributions are especially popular, because the experts feel generally comfortable ir
assessing the boundary values resp. mean/motlee ofariables. Studies analyg the data from
construction projects, however, show that other probabilistic models, such as lognormal or Weibul
distribution, are more suitab{&vall, 1997 Chou, 2011)

In this section, data from tunnels constructedhia past are statistically anadygbsin order to
obtain realistic description of model parameters. Only data on constructioratenanalysd,
information on construction costs were not available. It is proposed to categorize the performanc
of the excavation process in three classes: (1) Normal performance, where the excavation round
commonly finished within one day. (2) Smaistairbances of the process associated with delays in
the order of a few days. (3) Extraordinary events, corresponding to cases when the excavatio
stopped for longer than 15 days.

The statistics of normal performance (1) and small disturbances (2) asségsed from the
observed excavation performance. Such analyses are preseStdian7.1 using data from three
tunnels in the Czech Republic. The analysiduites selection of an appropriate probabilistic model
and analysis of correlations of the construction process. For extraordinary events (3), statistice
analysis is only meaningful if it is based on a larger dataset including a large number of tunnel
projects, as presented $ection7.2

The findings of the data analysis are used in the application exampkctodn7.3. The DBN
model presented in Chapteis used to model the construction time of tunnel TUNS3. Inputs of the
model are determined with regard to the results of data analysis. TUN3 was used already in ca:
study ofSection4.2, where the risk of extraordinary events and partly also small disturbances was
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modelled using a simple model. The majwart of this chapte was previously published in
Gpal kou®12pt al

7.1 Unittime

The unit time”Yis the time spent for excavating a segment with fixed leagthinder normal
performance and small disturbances. In this section, a statistical approach to determining the
conditional probability distribution of the unit tini®&is presented and illustrated using data from
three tunnels. While the DBN model presented in this thesis uses unit time, the advance rate is also
introduced in thé&ection7.1.], because it is commonly used in the tunnelling practice.

7.1.1 Advance rate and unit time as a stochastic process

The unit time"Yresp. the advance rabecan be regarded as a random process. The advance rate is
defined as

60 — (7.1)
where® 0 is the location of the tunnel heading at titnén practice, we can measuieo only at

discrete points in time. If measurements are made ex@ryhe corresponding advance rate is
calculated as

6 6 —— (7.2)
0 and0 are related by:
0 0 — 000QO0 (7.3)

If the tunnel advance rate is a homogenous processpthedo  will be the same in the mean.
However, the variance @f differs from that o and is(Vanmarcke, 1983)

. 6AG, 60Q0 , > p — " 0Q0, I 30 (7.4)

where, is the variance antl is the corredtion function of the random proce3sd .| 30 is a
so called variance function of the random pro¢¥ssimarcke, 1983)

frso — p — 7 00QO0 (7.5)

The square root of the variance function is a reduction f@gtommarcke, 1983)which is applied

to redwce the standard deviation corresponding to a fully correlated process, similar to the approach
presented insaksson and Stille (2005yith| 30 the standard deuian for the advance rate
measured over any tins® can be determined by
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., Iy - (7.6)

where A is the standard deviation of the advance rate measured over a refiarence
[ 8 depends on the correlation function. For the special case of an uncorrelated process, it i
[ 30 T for afully correlated process itfis8  p.

Eqgs.(7.3) and(7.4) give rise to the averaging effect: The variancé of becomes smaller
increases.This must be accounted for when estimating the advance rate from observations.
However, in practice this effect is often neglected when advance rates are estimated by expert
which can lead to significant undenr overestimation of the uncertainty.

In the DBN model, unit timé&Yis utilized instead of the advance rate. It is defined as

Y 0w Oow 30 (7.7)

whereo w is the time the tunnel heading passes the positiand 3ais the length of a tunnel
segment.
For a homogenous process, the m@arof unit time increases linearly witltx

a —a (7.8)
whered is the mean of the unit timi& for a reference lengtha
The variance of théYis also a function ot In analogy to Eq(7.6), it can be expressed as a
function of, , the standard deviation of the unit tifdé for a reference lengtha
” —A — (7.9)

where the variance function is:
[ wa —, p — " 0Qw (7.10

where” is the correlation function of the unit time. Examples of correlation functions of unit time
along the tunnel axis are derivedSaction7.1.4

For more details on the analysis of stochastic processes the reader is ref&fagunsocke
(1983)andElishakoff (1999)
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7.1.2 Data

Data on the excavation progress from three tunnels built in the Czech Republic were collected for
the analysis of unit time. The basic information on the tunnels is summarizatlae.1.

Table7.1: Basic information on analysed tunnels.

Tunnel TUN1 TUN2 TUN3

Type City road tunnel with 2 City road tunnel with 2 Access and tectology
(partly 3) lanes in each  lanes in each tube tunnel for subway
tube system

No. of tubes 2 2 1

Length of mined 2231+2224m 1060+1053 m 491 m

Sections

Data available 1843+1543 m 661+980 m 480 m

from length

Technology of Conventional mechanied Conventional mechanizedConventionat mechanized

excavation (partly drill&blast)

Excavation sequencéleading/bench/invert Partial with side drifts Full face
(partly vertical division) (6 cells)

Crosssection area 124/174 125nf 37/43/46 M

of the tunnel tube

Crosssection area ~60/~85 M 13nt 37/43/46 M

of analysed heading~30/~42 nifor vertical
sequencing

Number of failures 2+2 1+1 0

The tunnel TUNL1 is one of the longest mined tunnels in the Czech Republic. The tunnel was driven
through Ordovician rocks comprising of sandy and clayey shalesgrhameed quartzite and
guartzose sandstone. The rock was hard to weakly weathered, amglystextonically affected

with many fault zones. In some locations, the rock overburden was critically low (up to 1.5 m). The
tunnel was mostly driven with crowmenchinvert pattern, in some sections a finer sequencing was
used. The maximal inflows of ater were about 120 litres per second. Before excavation of the
main tunnels, an exploration tunnel was built in the location of one of the future tubes.

The mining of the final tunnels proceeded from one portal. Two-raeellapses occurred
within a slort section of one of the tubes and the second collapse stopped the works also on the
other tube. The accidents resulted in total delay of approximately one year. In the most critical
section of the tunnel with minimal height of rock overburden, highwnftd water and blocky
jointing of the rock, the round length was reduced to 0.8 m and forepoling was used to improve the
stability of the system. After the collapses occurred, jet grouting from the surface and chemical
grouting was applied and additionabnitoring was prescribed.

The tunnel TUN2 was built under a densely developed area, the control of surface deformation
was therefore of immense importance. The tunnel was driven through homogenous geotechnical
environment consisting of Neogene clays cogldrg anthropogenic fills. The clays are stiff, locally
hard. They are highly plastic and in combination with water extremely squeezing. The total
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overburden ranged from 6 to 21 m, the minimal thickness of the clay layeB oh Z2bove the
tunnel crown wagnsured in all positions of the tunnel.

The mining of the final tunnels proceeded from one portal, just a short section at the other enc
of the tunnel was excavated in the opposite direction. To minimize the surface deformation, the
partial excavation wit side drifts was used (with 6 cells) in the whole tunnel. Minimal distance
between each heading was prescribed to be 6 m. The round length in each of the cell was 1 r
Auxiliary measures such as pipe umbrella were used. In the analysed sections ohehetvumn
extraordinary events occurred which stopped the construction of the main tunnel heading for 1
resp. 31 days.

The last analysed tunnel, TUN3 with total length of 490 m, was built within a metro line
extension project (see alstection4.2). The tunnel was mined in homogeneous conditions of
sandstones and clay stones under the water table. First 220 m long section of the tunnel sectic
serves as an accessmel for excavation of a metro station and it will not be used after completion
of the project. The access tunnel is followed by a 93 m long tunnel, which will be used for a
ventilation plant. The third section of the tunnel with length of 178 m is tcsed as a deaehd
tail track. The length of excavation cycles varied from 0.8 to 2.5 m depending on the geotechnica
conditions. No unexpected events occurred during the excavation.

In all three tunnels, inspections of geotechnical conditions at thel ta@aeing and controls of
construction performance were made regularly, commonly at the end of each round. From thes
records we obtained the following data:

- Date of the inspection
- Position of the main tunnel heading at this time

- Classification of the gdechnical conditions in the vicinity of the tunnel heading to ground
classes, which serve as the basis for selection of the construction method (support pattern) ar
for pricing and progress payments. The short characterization of ground classes ueed in th
Czech Republic and their representation in the studied tunnels is summarizédein.2, the
relationto the commormeotechnical classification systems is showRigure2.8

- Short descriptions of extraordinary events, when the excavation was stopped for more than 1
days.

Table7.2: Characterization of ground classes (NATM technological classes) and their share in the analysed
tunnels.

Grou Characterization of ground classes Length of sections belonging to the class
nd
class TUN1 TUN2 TUN3
Stability = Round Sequencingprimary suppor 15tube  2"%tube 1%'tube 2" tube
length
1 >2weeks Unlimited Not needed 0 0 0 0 0
2 2days - >2.5m Horizontal seq.; bolts + 50 0 0 0 0 0
2 weeks 100 mm shotcrete
3 2hours- 1.525m Horizontal seq.; bolts, 808 m 706 m 0 0 156 m
2 days shotcrete + mesh 44% 46% 33%
4 <2hours 1-1.5m Horizontal ev. vertical seq 618 m 230m 596m 843 m 289m
girders, ribs, shotcrete + 33% 22% 90% 86% 60%
auxiliary; closure of suppo
ring
5 unstable <lm Horizontal an vertical seq. 417 m 497 m 65 m 137m  35m
ground girders, ribs, shotcrete + 23% 32% 10% 14% 7%

auxilary; closure of suppol
ring
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Only the progress of the main tunnel heading is studied because it has decisive influence on the
overall excavation performance. As an example, the excavation progress in tube 1 of TUNL1 is
depicted inFigure 7.1. The two extraordinary events can be clearly identified. The plots of the
construction progress in other analysed tunnels are presented in@\nnex
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Figure7.1: Construction progress in the 1st tube of the tunnel TUNL1.

Figure 7.2 summarizes the relative frequency of times between records, which allows to identify
cases where thexcavation progress was delayed. Note that the time between two records does not
correspond to the unit time, because it is not related to the excavated length. In case of TUN 1 and
TUNS3, approx. 97% of the records were made within one day. Those wieeegdavation rounds

were not completed within one day, are considered to be associated with disturbances of the
excavation process. These are mostly caused by organizational problems. In TUN2, which was
mined in poor geotechnical conditions, only 76% lod tecords were made in less than one day.
The breaks in order of-2 days are likely to be inevitable parts of the excavation technology
associated with the synchronization of works at the parallel tunnel headings.

0.14
—— TUN1-tubet (0.97)
0.12]
TUN1-tube2 (0.97)
- 0.10]
o —4— TUN2-tubel (0.78)
8 0.081
s = TUN2-tube2 (0.73)
= 0.06; TUN3 (0.97)
0.04]
0.02]
0 |

2 3 4 5 g 7 8 9 10 11 12 13 14 =15
time between records [days]

Figure7.2: Relative frequency of time between records (numbers in brackets show the frequency of time
between records smaller than 1 day)
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7.1.3 Statistical analysis

For the statistical analysis, we follow the modelling framework providedhe DBN model.
Therein, unit tim€e'Yis the time for excavation of a segment with lengthlt is dependent on the
construction method (i.e. on combination of ground class and geometry). For given constructior
method, the unit time is a stationary randprocess.

Following the DBN model framework, the unit time is furthermore dependent on the human
factor. It is recalled that the human factor represents the deviation of the actual performance fron
the estimated performance. By definition, the humarnofais constant throughout one tunnel.
Based on the data alone, i.e. without knowledge of the original estimate, it is not possible to
determine the human factor. Therefore, the dependence on human factor is not explicitly included i
the data analysis.

In the analysis, a segment length v & was selected. Because the records were not made at
the borders of the segments, the unit time observé isegment of the tunnel, denoted ¢§swas
calculated by linear interpolation of the observed dathussrated inFigure7.3.

y time

=1

| o records

i+1 '

&

-

A AT A A position
Figure7.3: Determining the observed unit tim&sfrom the data with linear interpolah.

The variability of the observed unit tifigper 5 m in different locations along th&tlibe of the
tunnel TUN1, after excluding the extraordinary events, is depictegjure7.4. The graphs of the
observed unit time in other analysed tunnels are presented in Annex
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Figure7.4: Observed unit timéyer 5 m in differat positions of the tube 1 of the tunnel TUN1 after
excluding the extraordinary events.
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The probabilistic model of the unit tini¥must include both the normal performance (1) and small
disturbances (2). Given normal performance, the unit time is deddojpe probability density
function PDP "Q . Given small disturbanceasis describedoy a PDFQ . Furthermore, lef) be

the probability of normal performance in a segment; consequently the probability of small
disturbances ip 1. Following the total probability theorem, the PDF of the unit time including
both (1) and (2) is:

MO 0Q &1 MBEQOE 1 a@a 00 a OBF QN & WBA (7.11)
nNz'Q o p NzQ o '
From the data one cannot clearly distinguish between the normal performance and small
disturbances. If this was possible, we could calculate the probafility the share of normal
performance on the whole sample and fit common probabilistic mé@els) and™Q 0, to the
classified data. To avoid this manual classification, we use a probabilistic approach and we fit
directly a combined probabilistic model:

Qomih Khd nz'Q ah  p A Z2Q AT (7.12)

where "Q o h, is here modied as a lognormal PDF with parametefs and™Q ot as a
beta PDF with parametemifty bounded from 0O to 15 days. The parametgish, hihd are
estimated by means tfe maximum likelihood metho@eeSection6.1.2.

The left bounded lognormal distribution describes well the normal performance, which has
mean close to zero,legively small variance and is slightly skewed. The beta distribution is suitable
for the small disturbances, which have much higher variance and following the definition in our
model framework are bounded between 0 and 15 days. However, the model(8flBqis also
valid with other distribution types f6f2 and™Q .

Example PFDs and CDFs for tunnel TUN1 and ground class 5 are shdvigune 7.5. The
distributions of unit time for other ground classes and analysed tunnels are presented i&. Annex
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Figure7.5: Fitted PDFs and CDFs ohit time“Yper 5 m for tunnel TUN1, ground class 5, for different
excavation sequencing.
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The means and standard deviations of the unit tifog particular construction methods calculated
directly from data are summarized in the first parTable7.3. The second and third past Table

7.3 show the means and standard deviations of the two compaufetiiis unit time: the normal
performance described b2 N h, and small disturbances described By ofw. These
values are determined from the fitted distributions. The fourth part of the table shows the
probability ) of normal performancand the last part of the table summarizes the number of tunnel
segments with lengthat v , where the construction method was used (i.e. the sample size).

Table7.3: Statistical estimation of unit tini&per5 m of the tunnel tube in [days]summary of mean
values and coefficients of variation (in brackets) for different ground classsssectionareas and
excavation sequencing

Tunnel TUN1 TUN2 TUN3
Sequencing| Horizonlt  Vertical Horizont | Vertical Full face
rea ~60nf ~30nf ~85nf 13 nf 37 nf 43 nf 46 nt
Groun
class
Both 3 1.4 (0.5) 1.9(1.1) 1.9(1.1) - 1.5(0.4) 1.9(0.5) 0.9(0.1)
componen
. 4 1.4 (0.5) 2.0(1.2) 2.0(0.2)| 3.2(0.6)| 1.6(0.1) 2.4(1) 2.1(0.7)
5 2.6 (0.5) 3.5(0.5) - 3.7(0.5) | 2.1(0.3) - 3.0 (1.0)
Normal 3 1.2(0.2) 1.5(0.2) 1.5(0.2) - 1.4(0.3) 1.4(0.1) 1.0(0.2)
iTrfO::fG 4 1.3(0.2) 15(0.2) 2.0(0.2)| 2.9(0.6)| 1.6(0.1) 1.6(0.1) 1.5(0.2)
J
5 2.3(0.3) 3.3(0.4) - 3.1(0.3) | 1.6 (0.0) - 1.2 (0.1)
Small 3 3.2(0.6) 11.3(0.1) 12.3 (0.1) - 3.2(0.3) 3.5(0.3) 1.0(0.6)
gft“rba”c 4 3.2(0.5) 12.0(0.4) 2.3(0.4)|4.3(0.25) 1.8(0.1) 7.5(0.5) 5.2(0.2)
| R 5 5.8 (0.3) 6.8(0.4) - 8.1(0.2) | 2.7 (0.0) - 8.3(0.2)
Prob. of 3 0.93 0.95 0.95 - 0.93 0.75 0.95
normal
4 0.95 0.95 0.95 0.79 0.95 0.87 0.83
perf. @
5 0.93 0.95 - 0.87 0.55 - 0.75
Sample 3 245 28 28 0 19 4 8
size 4 138 45 9 286 3 47 6
5 88 95 0 41 4 0 4

The performance of the excavation in TUN1 and TUN3 is relatively similar. Even if thertosal
sectionarea of the two tunnels is different, the leading tunnel heading allows utilization ef high
performance machinery. A difference can be observed itutiteel TUN2, where the excavation is
significantly slower (i.e. the mean unit time is higher). TUN2 is excavated in very difficult
geotechnical conditions requiring complicated excavation sequencing and support measures. Tt
leading tunnel heading has prl3 nf, the utilized machinery is therefore not very efficient and the
support measures are demanding.

The coefficient of variation (c.0.v) for the normal performance is in most cases in the range of
0.17 0.3. A higher c.o.v. can be observed in tunfeN2 and in case of vertical sequencing in
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tunnel TUNL. This indicates that for demanding excavation technologies the variability of the
performance is increased.

Excluding the cases for which the sample size is insufficient, we can conclude that the
probability of normal performance, as expressed by the parameiein the order of 0.8 to 0.95. It
is noted that the estimated values)aforrespond well to the observed frequencies of time between
records shown ifrigure?.2.

For several construction methods, the data basis is not sufficient for reliably estimating the
parameters ofQ . Nevertheless, the analysis shows that the small disturbances can éxplain
difference between the c.o.v. of the observed unit time and the c.o.v. of the normal performance.
The latter is the value that most experts would estimate.

7.1.4 Correlation analysis

In addition to assessing the marginal distribution of unit time, it isSsacg to analyse the
correlation of construction performance among different locations. For this analysis, the unit time
per 1 m of tunnel tube, denoted a6 , is evaluated. The sample coefficient of correlation of the
unit time”Y for two segmentsta distanced is calculated as:

—B R R

Yz (7.13)

where & andi are the sample mean and standard deviatioty of “Y  is the uni time
observed at positioffand”Y  is the unit time observed at positi& t. € is the number of
observations:¢ 0 1, where0 is the length of the tunnel tube excavated with a given
construction method.

A powerexponential functiori T is fitted to the observed correlation coefficient:

"t A@bdt (7.14)

where®andare the parameters to be fittéd. T is a correlation functiofVanmarcke, 1983)
Other correlation functions were investigated, but the pexponential function waotind to best
describe the data from the analysed tunnels.

Figure 7.6 depicts the observed correlation function for unit titfe, calculated from data of
geotechital class 4.
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Figure7.6: Correlation functiof 1 of unit time for ground class 4 in different tunnels. (The number in
parenthesis shows tiseale of fluctuation3

As evident fromFigure 7.6 the coefficient of correlation approaches zero alreadytfervd ,
indicating that the unit times observed at a distance of more than 5 m are uncofoelatgd/en
ground class. To objectively evaluate the distance at which the unit time becomes uncorrelated, tf
scale of fluctuation is calculated:

— ¢’ tat (7.15)

The scale of fluctuation is usddstead of the more intuitive correlation length, because the
definition of the correlation length depends on the type of the utilized correlation function and it
thus cannot be used as a consistent measure. The observed scales of fluctuation fortwalifeden

and geotechnical classes are summariz8abie7.4.

Table7.4: Scale of fluctuation of unit timey-for different tunnels and geotechnical classes.

Tunnel TUN1 TUN2 TUN3
Tube tube 1 tube 2 tube 1 tube 2

Ground class  Scale of fluctuations— in [m]

3 3.7 3.3 N/A N/A 2.4

4 4.0 2.0 1.7 2.0 2.2

5 3.7 5.2 1.7 1.9 2.0
All classes 43.5 30.9 1.6 1.9 2.3

When analysing the data from all ground classes jointly, a large scale of fluctuation can be observe
(for TUNL1). In this case, the correlation indicates that two observations nearby are more likely to
belong to the same ground class.

With known correldbn function, it is possible to assess the mean and standard deviation of the
unit time for any segment lengthg following section7.1.1 For example, to deteine the
statistics of Y(corresponding to segment length v m) from the statistics ofy , the following
relationships hold:

a VZ A4 (7.16)
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i ui — (7.17)

The variance function 8 can be calculated according to E@10) using the correlation function
" T fitted to the data, which is presented in Eq14). Alternatively, it can be determined using
the observed correlatiovf T for discrete value$ pd&hg a8 hu & according to Eq(7.13) by

' w6 —B B 'YsQ Q@ (7.18)

To demonstrate the validity of thé@ve relations, we compare the sample means and standard
deviations of unit time per 5 my, andi , with the means and standard deviations calculated from
a andi  using Eqs(7.16) and(7.17). An example of such a comparison is givefable7.5

for the tube 1 of tunnel TUN1

Table7.5: Means and standard deviations of unit time in tube 1 of TUN#Haiis]- comparison of values
obtained from data and calculated using Eg4.6) and(7.17).

Unit time per 1 m Unit time per 5 m Unit time per 5 m
From data Calculated From data
Ground class a \ a - a "
3 0.28 0.31 1.4 1.1 14 1.1
4 0.30 0.28 1.5 1.1 1.5 1.0
5 0.64 0.63 3.2 1.9 3.2 1.8
All classes 0.37 0.42 1.8 1.5 1.8 1.5

7.2 Extraordinary events

Extraordinary events (failures) are events that stop the excavation works for more than 15 days.
This section presents the assessment of the failure rate and the probabilistic distribution of the delay
due to a failure, based on historic data.

7.2.1 Delay caugd by a failure

Project delays resulting from failures of the tunnel exaction process are analySedsay(2010)

using data from sixtyour failures br which this information was available. The data are
summarized inFigure 7.7. Only one case of a delay shorter than 2 months is reported in the
database. It is liKg that events leading to short delays were not reported by the questioned experts
and were not stated in the available sources. To fit the distribution of the delay caused by one
failure, 'O , we therefore assume that data on events causing a del&yramtie of 150 days are
missing. Furthermore, we assume that these events are frequent and that a shifted exponential
distribution is therefore suitable to describe the deé@dy The applied shifted exponential
distribution with parametér is described by its CDF
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oA p AGEH Q pu (7.19

The observed delays frorfBousa (2010)re provided as a histogram with thirteen intervals,
O pbpO @ ip cdB RO  x ¢hb as shown irFigure7.7. The lower borders of the
intervals are denoted & HQ 8 AQ ; the number of observations in the intervals are denoted as
QhQM &1Q . Because data from the first interval are missiliy,is unknown. To fit the
probability distribution, the maximum likelihood method (&ection6.1.2 was used to find two
unknown parameters: the parameter of the exponential distribGitioand the total number of
observations including the missing data, =B Q. The likelihood function is formulated using
the binomial distribution as follows:

iR sasd B 5 N p A (7.20)

wheren is the probabity of being in the’th interval, which is determined from the exponential
CDF of Eq.(7.19) as

B 0Q I oan (7.21)

The resulting fitted distribution dD is depicted inFigure 7.7, together with the normalized data
from Sousa (2010) The parameters found by the mmawm likelihood method are
Tt @A  and ¢ ( 0 The missing data from the first interv@® p by 1 therefore
represent 24% of the cases. The mean and standard deviatnaoé 175 days and 160 days,
respectively
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Figure7.7: Distribution of delayO , caused by one failuredata collected in Sousa (2010) and fitted
shifted exponential distribution.

7.2.2 Failure rate

The failure raté ¢  is defined as the number of failures (extraordinary events) per unit length
of the tunnel tube. In the presented probabilistic model, it is defined conditionally on ground class
"0 and human factcO. Three different approaches can be used to estithatfailure rate: expert
judgment, reliability analysis or a statistical approach using data from constructed tunnels. Each o
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the approaches has its strengths and weaknesses. Ideally, several approaches should be used and the
results should be comparadd critically examined.

Expert estimations of probabilities of rare events are commonly not reliable. They can be
strongly biased by recent experiences (either positive or negative) of the expert and by many other
factors (Lin and Bier, 2008 Goodwin and Wright, 2010)Such estimates should therefore be
supported by other types of analyses and/or statistical data.

Reliability analysis of tunnel excavation processes is a highly complex task and it is possible
only with strong simplifications. Compared to the analysis of a completed structure, the analysis of
a tunnel excavation process must take into account additional uncertainties connected with the
construction process. One needs not only to analyse théiligliaf the final tunnel, but the
reliability of each of the interim states of the process (different levels of support, different phases of
excavation). Additionally, uncertainties resulting from the influence of human and organizational
factors, whichare of crucial importance during the construction process, are not included in
common reliability analysi@Blockley, 1999)

In the following, a rough estimate of failure rates using data available in the literature is
presented. The mosbmprehensive database known to the authors is presengmlga (2010)
other databases considered HI®E ( 2006) Seidenfuss (2006nd Stallmann (2005) see also
Section2.5.

To determiné ¢  based on data, one must know the total number of failure events and the
total length of excavated tunnels, ideally separately for individual ground classes. Because failures
are rare events, data collected from a large number of tunnels would be neealggh Astimate of
1 s p based on global data is made and compared with estimates using data from the Czech
Republic. Because no information is available on the geological conditions and other features of the
included tunnels, only the uncondit@l failure rate_ can be assessed.

According toHSE (2006) tunnels with a total length of 8750 krewe constructed in the years
19992004 worldwide, as summarized Tiable 7.6, their geographical distribution is displayed in
Figure7.8. These data were collected from freely accessible websites; their accuracy is limited and
their completeness cannot be verified. For this reason, the data reported for the Czech Republic by
HSE (2006)is compared with detailed information froBartak (2007)and from the overview
presented in Anne%. HSE (2006)eports construction of 29 tunnels wahotal length of 59.6 km
in the Czech Republic in the years 198%4. This number overestimates the length of constructed
tunnels by 15% if parallel tunnel tubes are considered as separate tunnels and by 35% if parallel
tubes are considered as one tunAelditionally, approximately 15% of the tunnels in the Czech
republic constructed in this period are excavated by the cut&cover method. Assuming that these
shares apply also to the data in other countries, we reduce the total length of tunnels meported i
HSE (2006)to estimate the total length of mined tunnels. The resulting estimates are shown in
Table7.6.
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Figure7.8. Total length of tunnels built in years 192904 in different continents accordingH&E
(2006)

It is likely that many extraordinary events are missing in the available databases, because the:
include mainly major collapses reported by media or remembered by theewtshexperts. As is
evident fromSection7.2.], at least 24 % of extraordinary events can be considered as missing. The
reported number of failures is therefonerneased accordingly. The resulting estimates are shown in
Table 7.6. These represent a lower bound, since many failures are likely to be missing in the
databases. Adiscussed irsection2.5, failures from the Czech Republic are not covered by any of
the considered databases. The estimated failurel rateported inTable 7.6 is determined by
dividing the estimated number of collapses with the estimated length of mined tunnels and is also
lower bound.

Table7.6: Global data for assessment of failure rate,from the years 19920041 sourceHSE (2006)
Seidenfuss (2006andStallmann (2005)

Type of tunnel  Total length of Total length of Number of Number of

constructed tunnelsnined tunnels collapses collapses

HSE (2006) (estimate) (reported) (estimated)
Road ~ 2000 km 1320 km 13 17 0.013 km'
Rail ~ 4200 km 2770 km 25 33 0.012 km'
Utility ~ 2100 km 1390 km 9 12 0.009 km'
Other ~ 450 km 300 km 1 1 0.003 kn*
Total 8750 km 5750 km 48 63 0.011 km'

Approximately 60 km of mined tunnels (incl. utility tunnels) have been constructed in the Czech
Republic since 1990 seeAnnex 5.In case of tunnels with several tubes, only the longest tube is
considered, because in case of a tunnel collapse or otleze ggoblems, construction of both tubes
is likely to be stopped even if the collapse is considered as one failure. Since 1990, 14 sevel
collapses have been reported (causing delay longer than 15 days or where the delay is unknowi
The failure rate canebthus estimated as® &= | . Assuming that around 24 % of cases are
missing, the failure rate rises t@® @E | . This failure rate is almost 30 times higher than the
failure rate computed from the global data.

A similar observation is made in the stully Srb (2011) which compares the number of
collapses and excateal tunnel lengths in the Czech Republic and Austria. The study reports 10
collapses in 35 km of road and railway tunnels in the Czech republic resulting in a failure rate of
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@ ot i and 8 collapses in 315 km of road and railway tunnels in Austriairesuit a failure
rate off@t ¢ B |

The presented estimates show a huge spread and can only serve as a basis orientation for critical
expert estimation.

7.3 Application example 3: TUNS3

The application of the DBN model is presented on the example of tlibiN8. TUN3 was studied
in Section4.2, where the risk of extraordinary events was quantified using the Poisson process and
ETA. Performance data from this tunnel were analys&gation7.1.2

In this application example, an estimate of the total excavation time is carried out using the
DBN model as would be done during the planning phase of the project. In this phase, the
parameters of the probability distribution of unit time are assessed by ¢xggement. The
prediction is further updated with the excavation time observed during the tunnel excavation.

The scheme of the modelled tunnel is showRigure7.9. The modelled tunnel is 480 m long,
each slice of the DBN represents a tunnel segment with lexgthud . i.e. the DBN has 96 slices
in total. The area is divided into 7 zones. Unlike in the application exam@edtion4.2, the
position of boundaries of these zones is modelled as uncertain. For given zone, the ground class is
defined deterministically, i.e. in each zone either ground class 3, 4 or 5 is to be expected. The height
of overburden is not explicitly consideredtie model.

The crosssection area of the tunnel varies from 37 to 46 Nine construction methods are
defined conditionally on ground cla%3 and geometnyO. For exampl e, c-onstru
370 is a method to be nneldubalhasemssspcticnareadf3chkos s 3 |
all excavation methods, the fidlice excavation is used. The primary support consists of rock bolts,
20 cm of shotcrete, two layers of meshes and lattice girders. Some characteristics of the
construction meéhods (average round length and length and number of bolts) are summarized in
Table7.9.

10m

Excavation —) TUN 3, 480 m
Future utilization Access tunnel Ventilation plant Dead-end track
Geometry (E) 37 m2 46 m?2 43 m?
Zone(2)/Ground class(G) |1/5 2/4 33 4/5 5/46/3 7/4
Zone borders - prediction '/\:ﬁ: : | i/\:ﬁ'ﬁ | :
Zone - observed 2 3 4/ 5 |6 7
Ground class - observed | 5 |4 3 5 3 4
Postion -85 : P% 8% ¢ 5

Figure7.9: Scheme of the ndelled tunnel TUN3. The predicted zone borders are modelled by triangular
distributions.
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The DBN used for prediction of the excavation time is depictdéigare 7.10. The variables are
summarized in th&able7.7 and described iBection7.3.1

Geotechnical
conditions

,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Construction
process

Extraordinary
events

,,,,,,,,,,,,,,,,,,,,,,,,,

Cumulative
time

Total time 1'

Figure7.10: DBN model for prediction of total excavation time of the tunnel TUN3.

Table7.7: Summary of variables of the DBN model for prediction of total excavation time of the tunnel
TUNS.

Id. Variable Type States of the variable
Z Zone Random/ Discrete 1, 2, é, 7
G Ground class Random/Discrete  3,4,5
H Human factor Random/Discrete Favourable, neutral, unfavourable
E Geometry Determ./Discrete 37 nt, 43 nf, 46 nf
M Construction Random/Discrete  3-37,3-43, 346, 437, 443, 446, 537, 543, 546
method
T Unit time Random/ 0,06 ,c06 , é, 14.5 [days]
Discretized
F Failure mode Random/Discrete  Failure, No failure
N Number of Random/Discrete  0,1,2,3,>4
failures
Tom Cumulative Random/Discretizec 0,0 ,c0 6 0 w {days]
time
Texwa Delays caused Random/ 15,06 ,¢c0 , &, j gldays]”
by failures Discretized
Twt  Total time Random/ 0,0 ,¢co , €0,0 WO i g )[days]
Discretized

0 is the discretization interval of time variablés, T Q ®,®

*%

upper bound of cumulative time = 96 x 14.5= (number of segments) x (upper bound of urite time
0 | g isthe 99.9 percentile of.}a

*:
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7.3.1 Definition of the random variables and numerical inputs

Probabilistic definition of the individual variables follows the one present&skation5.2 The

only exception is that in this second application example we do not model the rockYckass
overburden) (compare the DBNs frorRigure5.2 andFigure7.10). The ground clas®© is defined
deterministically for the zoné by the conditbnal PMFR "Qsx ° as shown inFigure 7.8. For
example, in zone 1 at the beginning of the tunnel, ground class 5 is expected, followed by zone 2
with ground clas 4, therefore:

-0 v p pando 0O v p T
-0 W ¢ pando 0O T ¢ T
- etc.

The positions of zone boundaries are represented by triangular distributions, the parameters of the
distributions are depicted Figure7.9 and they are summarizedTiable4.1.

Table7.8: Parameters of triangular distributio®, « , describing the location of the end boundaries of the
zones in [m] from the beginning of the tunnel.

Zone Min Mode Max
1 15 20 30

2 35 45 50

3 140 160 180
4 185 200 210
5 215 220 225
6 230 245 260
7 480 480 480

The geometry(, represents the varyirgosssectionarea of the tunnel tube. It is 37 in the first
130 m long section of the tunnel (i.e. in slié@s pltfB it @f the DBN), 46 Min the next 90 m
long section othe tunnel (i.e. in slice® ¢ xit 8 i Tof the DBN) and 43 fin the last 460 m
long section of the tunnel (i.e. in slic€s 1 & ¢8 hw @f the DBN).

The construction methad is defined deterministically for givei® and’O by the conditional
PMF R & sORQ as shown irFigure7.8. For example:

-0® cooxs® o0 coxepandO® coox$©® o0 € oxem
-0® co103©® o0 ctocepand0® cotTo3©® o0 €T OeETm

The human factoiOcan be i n one of three states: Aunf av
assumed that each of the states has the same probability.

The unit time,"Y, is defined conditionally on construction methbdand human factd©. The
conditional PDFs of unit time are described by combined distributions accordingly wif. E2).
The parameters of the distributions are assessed by the authors, the parameters of unit time for
'O e Q6 ccia® dummarized iTable 7.9. The means and standard deviations for both the

® For direct application of the algorithms describe&éttion6.2it is possible to keep the DBN structure from the

application exampl 1 Figure5.2) and to define the variables as followéte variable overburdein has only oe
state; rock clasy¥ has the same states as ground class and it is defined deterministically for eaetgzr@/

v p pand0 O vk p T the ground class is defined deterministicatiyditionally onY andl , for
exampled GO usY vl pand0o GO w3y v T
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normal performance and for small disturbances®r c¢QM L € 0 ic abey W% lower and for
O €& QU ¢ Eihayara [y 10% higher.

Table7.9: Parameters of probabilistic distribution of unit tiitvefor different construction methods and
for human factoi0 e Q06 cei”"Yistunit time under normal performan¢¥, is unit time under small
disturbancesq) is the pobability of normal performance.

Construction  Average Bolts: | Mean St.dev. Mean St.dev.
method0 round Length of Y of Y of Y of Y
length [m]/
[m] number pe
round
3-37 16 3/4 0.95 1.20 0.24 4.00 2.00
3-43 1.6 3/4 0.95 1.25 0.25 4.00 2.00
3-46 1.7 3/ 412 0.95 1.25 0.25 4.00 2.00
4-37 1.5 4/ 67 0.90 1.70 0.34 6.00 3.00
4-43 15 3/ 47 0.90 1.80 0.36 6.00 3.00
4-46 13 3-4/ 47 0.90 1.80 0.36 6.00 3.00
5-37 1.0 4l 67 0.85 1.80 0.38 8.00 4.00
5-43 - - - - - - -
5-46 1.2 4/ 10 0.85 1.90 0.38 8.00 4.00

An example PMF of unit time for construction metho@BandO e Q0 ceiisceépicted in
Figure7.11.

0.7

o
o))
:

mean: 1.34

o
[4)
:

st.dev.: 0.80

probability
o o
©__»

o
[\
‘

©
o

5 10 15
unit time, T, [days]

Figure7.11: PMF of unit time per 5 m for construction methc8B30 ¢ Q06 i G

The probability distribution of delay is taken over fr@ection7.2.1 The probability of failure
mode™Obeing in state Afailured i s 8S<toOrR/IL&dRE ba
failure rates for different ground classes and human factors are summarizatlerv.10. The
failure rates were chosen close to the values estimated bassbahdgtabase§ éble7.6). Unlike

in application exampl (Section5.3), where much higher failure rates are applied, close to the
estimates based on the Czech datalfslgghtly higher failure rates are used also indpelication
example 1 $ectiond.2), because there the definition of failure is broader (also events causing delay

shorter than 15 days are considered as failures).
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Table7.10: Failureratein [km™] for different ground classé® and human factor®.

0 @& WO & Q6 ED b &

O o 0.040 0.020 0.010
0 1 0.060 0.030 0.015
O v 0.090 0.045 0.023

Performance data for updating

The prediction of excavation time can be updated with the performance observed during the
excavation. The preliminary prediction is updated with observations of thedzotie cumulative
time"Y  and the number of failures .

The first ©ne with ground class 5 is 19m long, here construction me#83li$ used and it is
excavated in 9 days. In the second zone with length 15 m, the ground class 4 is found and the
construction method-83 is used and it is excavated in 5 days etc. Kgpee7.9 andFigure7.12).

No failures occur during the excavation.

200

180! dicted (mode)
---- predicted (mode gl
160 __ observed ol

[days]
N
e

cum
N

120
100
80}
60 | o

40" 45 days 2

20! 150 m

cumulativ time T

0 . . . . . . . .
0 50 100 150 200 250 300 350 400 450
position [m]

Figure7.12: Predicted (mode) and observed cumulative fivhe in tunnel TUN3.

Two types of updating are carried out: (1) Bayesian updating of the probability distribution of
human factofO as described iSection6.2.4 (2) Bayesian updating of the conditional probability
distribution of unit time} 0% FQ by means of fractional updating as describe8egtion6.2.5

The prior sample size is selected to be equal to 20.

7.3.2 Results

Prior prediction of the construction time (planning phase)

The estimated progress of the tuneetavation without consideration of extraordinary events, i.e.
the cumulative time'yY  for Q p w@is depicted inFigure 7.13. The uncertainty in the
prediction is illustrated by the lines depicting 5th, 25th, 50th, 75th and 95th percentiles of the
cumulative time in each position of the tunnel. The uncertainty increases with length of the tunnel,
as the uncertaintfpr longer section is higher.
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250
—— 50" percentile (median)
''''''' 25" and 75" percentiles (quartiles)
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Figure7.13: Estimated excavation progress for the ®IfAUN31 prior prediction in the planning phase.

The predicted cumulative timi&  and total timeY j, for the whole tunnel, i.e. fo2 w @ is
depicted inFigure 7.14. Besides the PDFs, also the exceedence probability is shown, which is

defined as the probability that the variable is greater than a salecordingly, the exceedeence
probability equals one minus the CDF evaluateaBat

0.018 ‘ ‘ ‘ o
0.016 =y _-Cumulative time, T_ : A
e \ mean: 195days, | £ 102 N
0.014 st.dev.: 22 days o \
2 . 10+ X total time, T,
20.012 total time, T, : ] € o
3 mean: 197 days,| £ 1gs
2> 0.01 st.dev.: 38 days 1 o
3 3 10 . .cumulative time, T
§ 0.008 g 10° cum
Q. \‘
& 0.006 § 10-1° )
0.004 % 1012 ““
O \
0.002 3 10 \
O L L L L L I '
140 160 180 200 220 240 260 280

200 300 400 500 600 700 800 900 1000
excavation time t [days]

(b)
Figure7.14: Prediction of construction time made during the planning phase for the tunnel TUN3.
Probability distribution of cumulative tim& , which excludes extraordinary events, and total tivhe
which includes extraordinary events. (a) Probability density functions; (b) exceedance probability.

excavation time t [days]

(a)

The results show a small difference between the estimated cumulativértime which excludes

the extraordinary events, and the total tifve ;. The effect of failures is small because the
probability that one or more failures occur during the construction is only 0.016 as is shown in
Figure7.15. Even withthis small probability of failure, the standard deviation of construction time
increases considerably when including the extraordinary events, which is also evident from the tai

behaviour depicted iffigure 7.14b showing that the probability of extreme values is significantly
higher in case ofY .
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10°

probability, Pr[N.. =k]

0 1 2 3 >4
number of failures, k

Figure7.15: Prediction of number of failurds f,, for thewhole tunnel TUN3.

As is evident from comparingigure7.15 with Figure4.3, the number of failures predicted with the

DBN model is close to the prediction obtained from the Poisson model. The lower failure rates used
in the DBN model make only minor difference in the results, e.g. the probability that one failure
occurs during castruction of the tunnel i® @ y p T8t p,@vhile in the application of the
Poissonmoded @ p Tm@ip.Y

Sensitivity analysis

The effect of the variabl® and the sensitivity of the results to the selected failure rates are shown
in the Table 7.11. The first row in the table corresponds to the results presentejtne 7.14,
where theéO is uncertain and the failure rate is as showiiable 7.10. The 2%to 4" rows of he

table show the estimates of total time for fixed value®©ofThe last row of the table assumes a 5
times higher failure rates than the one present@aliote7.10.

Table7.11: Sensitivity analysis of estimated total tini¥, .

Human factoiO Failure rate Mean St.dev. &8
uncertain Acc.to Table7.10 197 days 38 days 19%
O @& QL Acc.to Table7.10 218 days 43 days 20%

O & Q6 i Owa Acc.toTable7.10 197 days 32 days 16%
O QML € 6ic © Acc.toTable7.10 177 days 24 days 14%
uncertain 5x higher 209 days 73 days 35%

Updated prediction with observed performance

The estimated progress of the tunnel excavation without consideration of extraordinary events
updated with observations from 150 m section of the tunnel is depidtéglire7.16.
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Figure7.16: Estimated excavation progress for the tunnel TUNS3; updated prediction based on performance
observed in the first 150 m of the tunnel.

By comparingrigure7.13 with Figure7.16, the reduction of the uncertainty in the prediction can be
observed. There is no more uncertainty in the excavation progress in the first 150 m long section ¢
the tunnel and the uncertainity the remaining part is reduced. The uncertainty reduction is also
depicted inFigure 7.17b, which compares the prior estimate of total tiife with the posteor
estimate. The PDFs of updated estimate of cumulative“tfme and total time'Y for the whole

tunnel are depicted iRigure7.17a.

0.03 . . . . . . . 0.03
_____ updated
0.025! cumulative time, T_ 0.025
mean: 188 days, updated T :

2 st.dev.: 15 days = mean: 190 days
7] 1)
2 0.02} < 0.02 st.dev.: 28 days
° updated ©
= total time, T, 2
=0.015 tot 5 0.015
] mean: 190 days, 8 il prior Ty,
s 3 . mean: 197 days
o st.dev.: 28 days <} s st.dev.: 38 davs
S 0.01 2 0.01 DR y

0.005) 0.005

0 ‘ ‘ ‘ ‘ ‘ ‘ oL - ‘ ‘ ‘ ‘ hLLT
140 160 180 200 220 240 260 280 140 160 180 200 220 240 260 280
excavation time [days] excavation time [days]
(a) (b)

Figure7.17: Prediction of construction time for the tunnel TUN3 updated with observations from
construction phase: (a) PDFs of cumulative tivie , which excludes extraordinary events, and total time
“Y , which includes extraordinary events; (b) comparison of prior and uptéated

The epistemic uncertainty modelled with variable human factor is reduced. The probablllty
distribution of O updated with observations from the 150 m sectiof i€D 0 ¢ 'QHOUL €d Gwa Q
g 000 & QO cei ot 0 G0 EQOU £ 1 ek crBt@® The most likely state is

'O & Q06 ccjiberause the probability distribution of unit time 1or e Q6 Geiis ©lasest to

the observed pormance.
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The second type of updating is adaptation of the conditional probability of unit
timer) 60 AQ . An example of the prior and posterior estimate of the conditional probabilities is
for construction method -37 and'O e Q6 ceiiswdepicted inFigure 7.18. The updated
conditional probabilities for other construction methods and human factors are shown infAnnex

0.7
0.6} = original distribution
mean: 1.34

0.5; std=0.80
E 0.4} = updated distribution
g mean: 1.38
S 0.3 std=0.81
a

0.2¢

0.14

ol 0. . ‘

0 5 10 15

unit time, T, [days]

Figure7.18: Prior and updated PMF of unit time per 5 m for construction metf®&® e Qo6 &t O
compare withFigure7.11.

Reduction of uncertainty with continual updating

Next, we demonstrate Bayesian updating of the estimate of the total time in the course of the entire
construction phase. After excavation of each segment, an updated distribution of the totél time

is computd, like the one shown ifigure 7.17. These updated distributions are showriigure

7.19in a form of a contour plot.
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Figure7.19: Contour plot of the distribution (PDF) of total tifié for the whole tunnel TUN3 updated
with observations from the excavated tunnel section, as a function of the construction progress.
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The uncertainty reduction with increasing amount of observations is represented by narrowing o
the prediction spread from left to the right of the chart. Tieeliption of total time for zero length

of observed section (i.e. for no observations) corresponds to the results preséhteaeid.14.

The prediction of total mhe for observed section with length equal to 150 m corresponds to the
results presented ihigure7.17. The prediction of total time for observed section with leregthal

to 480 m (i.e. for complete observations) equals to 193 days, which is the total observed excavatio
time of the tunnel TUN3.

The jumps in the updated predictionsHigure 7.19 are caused by small disturbances observed
during the construction process. The largest jump in the predapioearsifter excavation of 280
m of the tunnel, where the exadion stoppeddr 13 days. If suchlisturbances observed, the
mean predicted total time increases suddeidigitionally, the standardeviation of the prediction
increase as well The increaseof the standard deviatiohastwo reasons (1) the uncertainty
introducedby the human factorwhich isupdated following the procedure described in Section
6.2.4 increass and(2) the standard deviation afonditionalPMF of unit timer} 0 RKQ , which
Is adapted following Sectio.2.5 increases due to th@gher probability of small disturbances.

The adaptedconditional PMFs of unit time for different construction methods and human factors
are shown in AnnexX.

The trends of the updated distribution of in Figure 7.19 are related to the updated
distribution of the human facté®, which is shown irFigure7.20. It is reminded thdD represents
common factors that systematically influence the construction process and it takes the same valt
throughout the entire construction. However, its probability distribution changes throughout the
construction as it is contiously updated with the observed performance. Note the correspondence
betweenFigure 7.12 and Figure 7.20: When the excavation proceeds faster than originally
predicted, i.e. where the increment of the cumulative time in most segments is smaller then th
predicted one (e.g. in the last 200 m of the tunnel), the probabilityfafoarrable human factor
increases. Conversely, when the excavation proceeds slower, the probability of a favourable hume
factor decreases. The increased probability of an unfavourable human factor indicated in the earl
phases of the construction is calisy a slightly slower performance in the first segments of the
tunnel.

1 ‘ ‘ ‘ ‘
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Figure7.20: Updating of the variable human factor based on observed performance for tunnel TUN3, as a
function of the construction pgress.

From theFigure7.19 andFigure7.20it can be observed, that theduetion of epistemic uncertainty
is not straightforward. Performance in different sections of the tunnel indicates different levels of
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human factors and therefore the prediction of the total excavation time varies significantly
depending on the length did excavated section. For example, after excavation of first 200 m of
the tunnel we would strongly underestimate the total excavation time. This can be caused by the
fact, that some characteristics of the modelled tunnel (e.g. the inclination, crossmgstofg
structures) are not considered in the model, because the information is not available. As is evident
already from theTable 7.3, performance in some of therstruction methods {43 and 246)

shows unexplained deviations. From fhigure 7.20 it can be observed that at the beginning of
using construction method-4B8 (in the section between 24@nd 338" m of the tunnel), the
performance is obviously worse and later (in the section betwedhaB8048 m of the tunnel) it
improves signifiantly.

7.4 Summary and discussion

The analysis of data from the excavation of three tunnels presented in this section confirmed the
assumption that three different phenomena can be distinguished in the construction process: (a)
normal performance and (b) srhalisturbances of the construction process, which are both
modelled within the variable unit time in the DBN model, and (c) extraordinary events or failures,
which are modelled separately.

The empirical analysis of tunnel performance from data of pagtgsomust be performed
separately for different utilized construction methods (excavation technology and support pattern).
In the presented model framework, the construction method is defined through the ground class and
tunnel geometry. Because in turlime practice the definition of ground classes depends on the
projectspecific geotechnical classification system (s®ection 2.3.4, they are not directly
comparséle among different projects. As a consequence, also the data is not directly transferable
and a purely statistical approach to learning model parameters for prediction purposes is not
feasible. The statistical analysis must be accompanied by a geolegitahtion, which links the
different classification systems.

To cover the many possible tunnelling conditions, a large database of constructed tunnels would
be needed. Therefore, the data presented in this thesis cannot serve as a general database for
probabilistic modelling of excavation performance in future tunr@&stion7.1 however makes the
following general contributions: (1) It presents a methodologystatistical analysis of tunnel
performance data, which is broadly applicable. (2) It suggests a combined probability distribution
(see EQ(7.12)) for the unit time, which allows distinguishing the normal performance and the small
disturbances on a probabilistic basis without using expert judgment. These two types of
uncertainties cathus be studied separately. (3) The obtained coefficients of variations and other
parameters of the proposed combined distribution can serve as a basis for expert assessments used
in future probabilistic models. The results Bection 7.1.3 show that small disturbances
significantly influence the probability distribution of the unit time. When experts make the
estimates of the distribution of advance rates resp. tuimé, only the normal performance is
modelled and the effect of small disturbances is commonly neglected.

The modelling of the extraordinary events during the construction process is arguably the most
critical part in the probabilistic estimation of tgling performance. The significant influence of
the selected failure rate on the predicted excavation time is shovabla7.11. The influence of
failure rate caralso be observed when comparing results of application exafpled2 in Figure
7.14 andFigureb5.7, respectively In the exampl&, significantly higher failure rates were used and
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the resulting estimate of total time is thus strongly skewed. The failure rate has not been studie
systematically in the past and cannot be assessed reliably from the available data, as discussed
Section7.2.2 At present, available databases collect detailed information on selected observec
extraordinary events. However, for the purpose of estimating failure rates, records of all
extraordinary events within asple of tunnels would be needed. Such a sample could e.g. be all
tunnels of a certain type in a specific region and time period. Ideally, additional information on
geotechnical conditions and construction method should also be available in such a.0athbase
modelling a specific tunnel construction, the statistical estimate of the failure rate should be
accompanied by expert estimates and/or structural reliability analysis.

The utilization of the resulting statistical models for the probabilistic ptiedi of tunnel
construction time using a DBN model is illustrated in the application exam@eation7.3. For
the prior prediction during the design phase, gaeameters of the DBN model are determined by
expert assessments informed by the available data. During the construction, the prior prediction i
updated using observed performance data. A significant part of the prior uncertainty is due to the
epistemic acertainty modelled by the random variable human factor, which represents the
deviation of the actual performance from the mean predicted performance. In the present mode
this human factor is assumed to take on one value during the entire constrdotioasdlts of the
case study indicate that a more refined model, which allows for different values of the human facto
for different construction methods, might be more accurate. In spite of this, the results show that th
proposed model enables learningidg the construction process.
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8 Conclusions and outlook

The construction time and cost in infrastructure projects are systematically underestimated. A mail
reason for this underestimation is the fact that the uncertainty of the estimates is not considered |
the planning of the projects and estimators are asked to provide deterministic values. Because
psychological and political reasons, they tend to estimate the construction time and costs to
optimistically. However, even if the estimators would provierect expected values of the
construction time and cost, such estimates might not be sufficient for making optimal decisions,
because the decision should also reflect the attitude of the decision maker to risk.

In current practice, the project riskseartommonly analysed on a qualitative basis. Qualitative
analysis is an irreplaceable basis prioritizing the hazards and risks, for development of risk
treatment strategies and for allocating the responsibilities. The identification of hazards adrried o
during the qualitative analysis is a basis for risk quantificatitmwever, direct use of risk registers
for assessment of the overall risk, which is often applied in the practice, is incorrect. The risk
registers do not take into account the interemtinity and dependences amongst different hazards.
They therefore cannot provide a correct numerical estimate of the overall risk.

To make the investments to the infrastructure more effective, it is thus needed to change th
present practice and to estiimadhe construction time and costs on a probabilistic basis. The model
for such estimation must realistically assess the uncertainties influencing the construction proces:
the assumptions and logic of the model must be understandable and transpanepiitshef the
model should be based on analysis of data from past projects and the evaluation must be efficie
enough in order to be utilizable for reahe management of the construction process.

This thesis is a step towards realistic quantificatiboonstruction risk. It presents two models
for probabilistic prediction of tunnel construction &ma simple model for estimatirtglay of the
tunnel construction due to failures using Poisson process and Event Tree Analysis (Qhamder
an advanced model using Dynamic Bayesian Networks (Ch&ptefhe models consider the
common factors (e.g. quality of planning, organization of the construction works), which
systematically influence the construction performance, and the epistenectaimy, i.e. the
uncertainty in the expected construction progress due to incomplete knowledge the estimator has
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the planning phase. The DBN model allows taking into account the uncertainties in geotechnical
conditions and the common variability ofoawation performance. Further, it allows updating of the
predictions based on excavation performance observed after the construction commences. The
utilization of the models is demonstrated thyee applications examples.

The use ofheprobabilistic estimtion of construction time faherisk assessment and decision
making is illustrated in Chaptdy taking into account the risk perception of the decismaker by
means of a utility functionTwo alternative tunnelling technologies are evaluated based on
comparison of the associated risk and costs. It is shown that including the risk aversion of the
decisionmaker changes the decision; the risk aversion of theamtat outweighs the benefits from
the cost savings.

A methodology for statistical analysis of excavation performance data is shown in Chapter
using data from three tunnels built with conventional @llimg method. The results shahat three
types of phenomena can be observed in the construction performance: (1) the normahpeeform
(2) small disturbances of the construction process, (3) the extraordinary events. All of these
phenomena have a significant impact on the estimate of the construction time. Expert estimates
based on such statistical analyses are more likely to treallig appraise the effects of small
disturbances and extraordinary events on the total construction time.

An algorithm for the efficient evaluation of the DBN is described in Chaptdihe existing
Frontier algorithm was modified to better address specific features of the proposed DBN. The
modification enables one to deal with discrete random variables th&Harge numbers of
outcomes states that result from thscretization of continuous random variables such as time or
cost. We exploit the fact that these variables are defined as cumulative sums of other random
variables in the DBN and that the probability distribution of a sum of two random variables can be
efficiently calculated by means of convban.

8.1 Main contributions of the thesis

This thesis had two main objectives (&extionl.1): to develop probabilistic nuels for realistic
estimate of tunnel construction time (costs) and to andghesperformance data frorthe tunnels
constructed in the past. The thesis focuses on quantitative analysis of the uncertainties. Compared to
previous works carried out in thield, the thesis makes the following new contributions:

- A simple model forthe probabilistic estimation othe delay due to tunnel construction
failures (e.g. cavn collapses) is proposed. It can be usedomunctionwith a deterministic
estimate of te construction tira. The model has the followimgw features:

- It takes into account the uncertaintytite edimatesof the failure consequences.
By now, the consequences of the construction failures were commonly
represented by their mean values or thveye evaluated qualitatively.

- The model takesnto account the variability of théailure rate in different
sections of the tunnel; the failure rate changes with the changing geotechnical
conditions along the tunnel axis.

- The model includes the epistemigcertainty inthe estimation of the failure rate.

- The model framework enables learning the model parameters from data. The
logic of the model is analogous with modelling of failures in the complex DBN
model, the parameter estimations #ras valid for both models.
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- An advanced DBN model was proposed including both types of uncertainties, i.e. the
common variability of the construction performance and extraordinagyteVv(failures).
Compared t@xisting models it has the following maidwantages:

- It includes the epistemic uncertaintyhich reflects the fact that the applied
probabilistic models of the construction performance are uncertain. The
uncertainty is caused above all by the unknown effect of human and other
external factors. Thee factors cause strong correlation among the performance at
different phases of the construction. The inclusion of the epistemic uncertainty
leads to an increased variance of the estimate of construction time.

- The proposed DBN approach is flexible widgard tathe changes in the model.
Modelling of geotechnical conditions can be adjusted depending on the specific
conditions of the tunnel; the modelling of construction performance can be
modified for other tunnelling technologies or even for other itrnatures.

- The DBN model allows for an efficient updating of the predictions with
additional observations.

- The graphical nature of DBN strongly facilitates the representation and
communication of the model assumptions.

- The results of the model demonstrhte two application examples seem to
realistically reflect the uncertainties of the construction time estimates.

- An efficient algorithmfor evaluatingthe DBN model is proposed. The algorithm can be used
in varous applications of DBN modelshich includerandom variables that are defined as
sums of other random variables in the DBN.

The analysis of data from previous projects makes the following contributions:

- A methodology for statistical analysis of tuhreerformance data is presentedhich is
broadlyapplicable also to other types of linear infrastructure.

- It is shown that the commonly used probabilistic models of variability of unit time (activity
duration), i.e. the triangular, beta or lognormal distributions, are likely to miss an important
part ofthe uncertainty the small disturbances of the construction process.

- A novel combined distribution for representing the unit time is therefore proposdidws
distinguishing the normal performance and the small disturbances on a probabilistic basis
without using expert judgment.

- Data from available databases of world tunnels and tunnel failures are analysed. The analysi
gives a rough indication ahe construction failure rates. Hitherto, such analysis was not
available in the literature.

- The delay=f tunnel construction due to occurrence of failures are studied statistically using
data from an existing database. A shifted exponential distribution seems to accurately
describe the delay.

- An overview of tunnels and tunnel construction failures inGzech republic since 1990 is
collected. These data were missing in all the available databases of tunnel failures.

8.2 Outlook

The presented thesis addresgest a part of the problem of optimization of the decisions in
infrastructure projects. Fumerresearch and work is needeéfore the new concept can be applied
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in the practice. Additionally, the proposed models may require improvements in the future.
Limitations of the presented work and directions for future research are discussed in the following

The models presented in thisesis are applied to estimate t@nel construction time; the
construction costs are discussed only briefly. The construction costs might be assessed using
the DBN model by replacing the time variables with cost variables. This approach, which is
used in many existing models, is howelikely to oversimplify the reality. The costs, or at

least a significant part of them (labour costs, machinery costs), are strongly time dependent.
They should therefore be modelled as a function of the construction time. Further
investigations in the fld of construction costs are needed. However, this research might be
hindered by the sensitivity of the cost information and by the complicated system of cost
monitoring and control.

The presented DBN model neglects additional time (costs) needed whegincha
construction methods and the influence of this additional time on the decisions on changes
(seeSection5.1.2). This omission is not critical in the presehepplications, because ground
classes and the corresponding construction methods do not change frequently. However, this
factor should be included in the future.

In the present DBN model, the epistemic uncertaintynaglelledby one random variable
(called human factor), which is fully correlated through the whole construction process. The
results of the last application exampt®e¢tion7.3.2 indicate that a more refined model,
which allows for different values of the human factor for different construction methods,
might be more accurate.

Performance data from three completed tunnels were analysed in this thesis. For making
predictions in @iture tunnels, establishment of a much bigger database covering the whole
variety of the tunnels is needed. The tunnels in the database should be categorized depending
on the geotechnical conditions, type and geometry, construction technology and atnsy fac
which influence the construction performance. Concurrently, it is necessary to make links
between the geotechnical classification systems used in different projects.

The modelling of the extraordinary events during the construction process isa pstt in

the probabilistic estimation of tunnelling performance. The failure rate has not been studied
systematically in the past and cahbe assessed reliably fraawvailable data, as discussed in
Section 7.2.2 At present, available databases collect detailed information on selected
observed extraordinary events. However, for the purpose of estimating failure rates, records of
all extraordinary events within sample of tunnels would be needed. Such a sample,could
e.g, be all tunnels of a certain type in a specific region and time period. Ideally, additional
information on geotechnical conditions and construction method should also be available in
such a dataase. When modelling a specific tunnel construction, the statistical estimate of the
failure rate should be accompanied by expert estimates and/or structural reliability analysis.

The understanding of the benefits of probabilistic modelling gstakeholdrs should be
raisedwhich should lead them to more systematically manage and statistically analyse data
from available projects.

Application of the proposed models to mechanized tunnelling eventually to other types of
linear infrastructure (roads, railysetc.) should be investigated.

To make full use of the probabilistic estimates of construction time and costs in the project
planning and management, the topic of decision making under uncertainty must be further
developed. This thesis only briefly mamts the concept of utility theonséction3.3.7) and

gives a simple example of the risk quantification and decisiaking Section4.2). To
realigically capture the whole complexity of the problem, the application of the utility theory

in infrastructure projects should be further investigated. The decision concept should allow
taking into account both measurable criteria, such as construction amecost or
maintenance costs, and soft criteria such as environmental or social impacts.
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Abbreviations

BN
CBA
CDF
CPT
DAT
DBN
EM
ETA
FA
FMEA
FTA
IRR
MAUT
MC
MCA
MCMC
mFA
MLE
NPV
PDF
PMBOK
PMF
QIRA
QnRA
RV

Bayesiametworks

Costi Benefit analysis
Cumulative density function
Conditional probability table
Decision Aids for Tunneling model
Dynamic Bayesian networks
Expectation maximization algorithm
Event tree analysis

Frontier algorithm

Failure Mode and fect Analysis
Fault tree analysis

Internal rate of return
Multi-attribute utility theory

Monte Carlo (simulation)
Multi-criteria analysis

Markov chain Monte Carlo
modified Frontier algorithm
Maximumlikelihood estimation
Net present value

Probability density function

Project management body kafowledge(guidance)

Probability mass function
Quialitative risk analysis
Quantitative risk analysis
Random variable
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ANNEX 1: Basics of probability theory, notation

SAMPLES AND EVENTS

Sample space

Sample point
Event,0

Complementpl

Intersectiord Z 6
Uniond z 6

Mutual exclusivity

Collective exhaustivity

Collection of all possible outcomes of a random phenomenon, set of all
sample points.

Oneoutcome of the random phenomenon

Any subset of the sample space. Sometimes it is distinguished between
the simple event (consisting of single sample point) and compound event
(consisting of more sample points. The events are commonly denoted
with capital letters.

Complemen of an event is a complementary event consisting of all
sample points, which are not includeddinlt is commonly denoted with
a bar line.

Intersection of event® and 6 is a set of sample points, which are
common to both the even

Union of event® ando is a set of sample points, which belong to any of
the events.

Mutually exclusive (disjoint) events are events, which contain no sample
point in common, i.e. which have an empty intersectianedent and its
complement are mutually exclusive from definition.

Collectively exhaustive events are events whose union includes the entire
sample space. An event and its complement are collectively exhaustive
from definition.

PROBABILITY THEORY

Probability measure

Axioms of probability

A number associated with each point of the sample space determining the
(assessed, believed) relative frequency of selection of the sample point
from the sample space.

1) For probability of an eveidtit holds,m 0 @ p.

2) If an eventd contains all sample points in the sample space, then
0 p.

3) For union of mutually exclusive everitsand¢ it holds:0 ®z6

0® 0@ , 6 becaus® @Zz6 ™

Probability of complemera @l p 0 @

Probability of union

0GWz6 0OG® 0G 0W®GZO
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Conditional probability Conditional probability of everii given6 occurs. It is defined as:

., 00276
008 g
Independence Eventsd and 6 are independent if iholds0 @ 0 @ , i.e. if it

holdsO @ Z & =Pr[A]Pr[B].

Bayesd t he oAbroadly applicable theorem relating the conditional and unconditional
probabilities of two events: .
0 BD OB

00D .
D 0 G
It is especially important for including new information.

RANDOM VARIABLES (RVSs)

Random variablep A function defined on the sample space assigning a numerical value to
every possible outcome of a random phenomenon.

The random variables (RV) are déed with capital letters, e.gy, an
outcome of the RV is denoted with the same letter in lower dase,

Discrete RV A RV with discrete (countable) number of sample points.
Continuous RV A RV defined on an interval or on a collection of intervals.

Probability mass function

(PMF),n w* PMF is a way to describe a discrete RV. The PMF of varidble
definedas) ® O @ . Sum of all values in the PMF must equal
to 1. In calculationsy) @ is conveniently treated as a vector with
number of &ments equal to number of possible outcomes. of

Probability density

function (PDF);Q @ PDF is a way to describe a continuous RV. For the PDF of varalile
holds Q @Qw 0@ & & Q It must hold:"Qw T and

NQwQw p.

Cumulative distribution

Function (CDF);O w CDF is an alternative way to describe a discrete or continuous RV. It is
definedasO @ 0 @ .
for discrete RVIO w B n o;

for continuousRVIiO @ | Q6 Q0
The CDFis a nondecreasing function between 0 and 1.
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Joint PMF#)

Joint PDFQ o

Mean'

and expected

value'O @

Variance6 A ®

Standard deviatiopn

Coefficient of variation

DATA ANALYSIS
Histogram

Cumulative frequency

distribution

whw 7 The joint PMF is a way to describe a set of discrete RVs,hea@dd .

Itis definedasy who 00O w Z&® ® .IF® and®d

are independent, it holds:n) o n wn w3 In
calculations, the joint PMF is conveniently treated as a multidimensional
array.

The joint PDF is a way to describe a set of continuous RVs,thesad

® . Itis defined as:

Al so first moment or MfHaverage val

for discrete RV:' Oo® B wn

for continuous RV:' Ow |, dQwQw
Sepqnd moment of the RV:

6AD O & ° Oo® O

for discrete RV:6 A® B ®w ‘N w
forcontinuousRV.6 A® . @ ' "QoQ®
. 6 AD

AMags , 1$ s

Graphical representation of observed data (corresponding to PMF resp.
PDF)

Graphical representation of observed data (corresponding to CDF)

" Because the notations for PMFs can become intrieafecially when working with joint PMFs
of many RVsijt can besimplified as follows:
f w is used as the short notation for PMF @

N & Mo L ho

is used as the short notation for joint PMF ; x5 6 Mo B fo

N & B i is used as the short notation of conditional PKIF; r G M o






ANNEX 2: Input sfor application example 2: Dolsan A tunnel
Conditional probability table (CPT) for rock clabs
R R,=I R,=Il R,=1ll R,=1IV R,=V
= 0.082 0.243 0.243 1 1
sl 0.606 0.287 0.471 0 0
2 0.312 0.471 0.287 0 0
R |iv 0 0 0 0 0
Vv 0 0 0 0 0
R Ry=I R,=Il R,=1ll R,=IV R,=V
o i 0.607 0.260 0.215 1 1
s [ 0.260 0.607 0.417 0 0
oy 0.134 0.134 0.368 0 0
Riv 0 0 0 0 0
Vv 0 0 0 0 0
R R,=I R,=Il R,=1ll R,=1IV R,=V
o i 0 1 0 0 1
s [ 0 0 0 0 0
2y 0.500 0 0.607 0.393 0
Riv 0.500 0 0.393 0.607 0
Vv 0 0 0 0 0
R R,=I R,=Il R,=1ll R,=1IV R,=V
~ 0 0 0 0 0
sl 1 0.574 0.160 0.276 1
2y 0 0.281 0.757 0.535 0
R v 0 0.145 0.082 0.189 0
Vv 0 0 0 0 0
R R,=I R, =l R, =l R,=IV R,=V
o | 0.189 0.243 0.102 0.193 0
s 0.406 0.189 0.255 0.289 1
2y 0.243 0.406 0.490 0.482 0
R |iv 0.162 0.162 0.153 0.036 0
Vv 0 0 0 0 0
R R,=I R,=1l R, =1l R,=IV R,=V
o i 0.490 0.153 0.049 0.162 1
s [ 0.255 0.490 0.121 0.243 0
oy 0.153 0.255 0.757 0.406 0
Riv 0.102 0.102 0.073 0.189 0
Vv 0 0 0 0 0
R R,=I R,=Il R,=1ll R,=IV R,=V
~ | 0.535 0.373 0.312 1 1
sl 0.307 0.435 0.606 0 0
2y 0.158 0.192 0.082 0 0
R |iv 0 0 0 0 0
Y, 0 0 0 0 0
R R,=I R,=Il R,=1ll R,=1IV R,=V
@ i 0.890 0.088 0.145 1 1
s [ 0.072 0.867 0.281 0 0
2y 0.037 0.045 0.574 0 0
R v 0 0 0 0 0
Vv 0 0 0 0 0
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Conditional probability table (CPT) for construction metHo
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ANNEX 3: Validation of the DBN model through comparison
with the DAT model + sensitivity analysis

In this annextwo simplified versions of the DBN model are presented. These DBN models are
shown inFigure AN1 andFigure AN2. The variables of the models are describetiable AN1.

The first DBN (denoted as DB is constructed with the same assumptions as used in the
DAT model presented iNlin (2003) The DBN was estdished in order to validate the DBN model
by comparing its results with those obtained from DAT. It should be remembered that the DAT
does not use BN, yet every probabilistic model can be interpreted as a BN.

The second DBN (denoted as DB displays an xended model including additional
variables and dependences in the construction process. This model was used for performing son
sensitivity analyses.

The models were originally introduced@p a | k o v § @01LH)wits & smalludifference:
the variable Ahuman factoro was denoted as
purpose was the same.

Geotechnical
conditions

Construction
process

Cumulative
time

Geotechnical

conditions

Construction
process

Cumulative

time

Figure AN2. DBN-2: Extended modelDBN-2. (The vaiables are explained ifable AN1.)
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Table AN1. Overview ofDBN model variables

Id. Variable Type States of discrete/ type of continuous
distribution

R Rock class Random/Discrete |, II, I, IV, V

O  Overburden  Determ./Discrete  Low, Medium, High

G Ground class Random/Discrete  L-I, L-II, L-lll, L-1V, L-V, M-I, M-Il, M-IlI,
M-IV, M-V, H-I, H-II, H-IlIl, H-IV, H-V

E Geometry Determ./Discrete 1 (begin/end), 2 (typical), 4 (chem.plant) , 5
(EPP)

M Construction Random/Discrete P.1,P.2,P.3,P.4,P.5 P.6.R,P.22,P.2

method 3,P.EPP

T Unit time Random/Cont. Triangular

H Human factor Random/Discrete  Favourable, neutral, unfavourable

Z Zone Random/ Discrete 1, 2, é, 17

The DBN models are applied to compute the total excavation¥méor the Dolsan A tunnellhe
definition of nodes follows the description of Sectm2 with three differences: (1) Unlike in the
application examples in the thesis, the calculations are performed with segmengtength . (2)
The probability distribution of human factds asigned as0 GO "Qod T, 0 CO
£§'Q00i dfrand0 GO 0 & "GO 1. (3) The conditional distribution of unit timeY is
obtained from a reference timg .“Y is the time for construction of tunnel segment with length

30 pl . Following Min (2003), Y is assumed to have a triangular distribution. Correlations
are not considered, therefodbe 30z & and, 30z, i for reasoning, see Section
7.1.1

Validation of the DBN - DBN-1

DBN-1 reproduces the DATodelpresented iMin (2003)with few dfferences:The DAT model
is based on continuous Markov process modiisthe DBN model, the Markov process is
discretizedinto a Markov chain (i.e. transformed to a discrete spaeasented by slices of the
DBN). Unlike in DAT, the delay between excavation of heading and bench was not considered in
the DBN as it has little impact on total construction tirdditionally, the excavation of the tunnel
portal was not modelled becausecessary data were not available.

Even with these differences, the calculated mean valii¢ ois within 3% of the value given in
Min (2003) and the standard deviation of is within 10% ofthe value given iMin (2003) as
seen fronTable AN2.

Table AN2..Comparison of results from DAT ari@BN-1 model

DOLSAN A
Simulation type Total constr. time (days
Mean St.dev.
DAT acc. toMin (2003) 195 3.39
DBN-1 191 3.06

Sensitivity analysis- DBN-2

In the extended DBN, variables human faci@rand zoned are introduced. The probability
distributions of the excavation time¥ are now defined conditional on the human factor; for
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'O "QOL £ 1,dhé diskibutions from the DAT model used above are applied. For projects with
'O £ QOO0 adO 06 & "QOU £, distibulibns with higher variances are usethe
conditional distributions ofY , from which the distributions ofY are calculatedare shown
exemplarily for a particular construction methodrigure AN 3. The calculations were performed
under two different assumptions: (a) the mean value of the excavation ¥isasot dependent on

the human factor and is as Min (2003) and (b) the mean value of the excavation tifités
increased by a factor of 1.07 in the caséf & Q06 0andiy a factor of 1.15 in the case of

0 6&RHUEAT GOEQ
9 ; X X X
! H=favorable --------

>8 - B H=neutral -
A /% H=unfavorable -+ ~
C ! :
o 6 -
o N
>0 —
54 i '
.g 3 —~ |
Sal /i

AV i N

0 / N ' 1 ‘,‘ \ ..........

0.2 0.4 0.6 0.8
Reference unit time T

o

Figure AN3. PDF of unit time per 1 m of the tunnel tub¥, , for construction method 4 under assumption
(a) - same means for all qualities.

The comparison of the total excavation tiiYe as calculated by means of the DBNmodel with
the original assumptions and the extended BEBiModel is displayed iRigure AN4. The variance

of the”Y s signficantly higher with the DBN2, in particular when including a dependence of the
mean excavation time on the quality (case b).
0.35
0.3
2
@ 0.25
9 {i, DBN-1
S 02 H
Z 015 { i DBN-2: same means (a)
c i
g 0.1 /“\</ E‘;BN 2:-higher-means-(b)
0.05 N
j s, l‘>,\ M
0 AN b, ! S —

170 180 190 200 210 220 230 240 250
Total time (days)

Figure AN4. PDF of total timé'Y for excavation of Dolsan A tunnelinfluence of humandctor and
selected probabilistic distributions of unit time.

Figure ANS displays the results of the sensitivity analysis to other model parameterguta AN
5a, the influence of the spatial discretization is shown. With increasing slice bipgtie variance
of “Y slightly increases. This is due to th&samption that the construction method can be freely
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selected for each slice. With the choice of a lasgea limited flexibility of the construction
technology is assumed, which leads to a higher varianté ofFigure AN5b shows the influence

of including the human facté® in the model. IfO  "Q U ¢ 6 |, thedvarignee ofY is smaller

than in the case of uncertai®. Finally, Figure AN 5c illustrates the effect of including the
variables®, which allow the position of the geotechnical zones to be modelled as random, in the
DBN model. For this gpication, it is found that the consideration of this randomness has a
negligible effect on the estimate 6f . However, this effect might be larger if the excavation times
“Ywould vary more strongly between different construction methods.

(@) (b)
‘ ‘ 0.25 ‘ ‘
0.14 =1m e 8 H=favorable
gd=4m —— o uncertain H,
2 012 d=10m - 2 02 i
§ o1 A i=30.5m- -~ i .
S 008 A S 015 i
2 0.6 13 3 o1 N
© 0.04 4 o /\
= o2 \ d 0.05 e
0 = : : ‘ 0 S
170 180 190 200 210 220 230 170 180 190 200 210
Total time (days) Total time (days)
(©)
0.14 uncertain poéition of zones- =
>, deterministic position of zones---~
= 0.12
= 2\
.E‘ 0.08 ‘! \
S 0.06 ;" \
Qo
© 0.04
2 / o\
0.02 J \
O 1 L L
170 180 190 200 210 220 230

Total time (days)

220 230

Figure AN5. PDF of total tim€'Y for excavation of Dolsan A tunnélinfluenceof other parameters
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ANNEX 4: Validation of the modified Frontier algorithm,
comparison of computational efficiency

In this annex, a simple DBN is evaluated using the original Frontier algorithm (FA) and the
modified Frontier algorithmnFA). The example is applied in order to validate the propoded

and to compare itsomputational performance with that of the original FA. The utilized sample
DBN is depicted irFigure ANG.

1 i-1

ES
OCROREG
ONNey .*®

Figure AN6. Sample DBNcalculated with FA and MFA.

Each slice of the DBN consists of three random variables. Vamabias two statesy ¢, and
is defined conditionally o> . The conditional probability table (CPT) of this random variable is
shown inTable AN3.

Table AN3. Conditional probability table (CPT) of random variatie

Vi Vi_1= | Vi_1= Il
I 0.3 0.6
I 0.7 0.4

The variablew is defined as a Normal distributed random variable conditionatbowith
parameters as given Trable AN4. For the application of the FA amaFA, the variabley must be
discretized according to the procedure describefleiction6.1.3 Here, the variable is discretized
into & p cstatesTiplB p ¢

Table AN4. Parameters of the Normal distributed variablefor given

W, Via=1 Vii=1l
Mean 4 6
St. dev. 1.5 2.5

The variable® is defined as the sum @ andw . The interest is in calculating the PDF of
variablew B  ® , whereQs the number of slices in the DBN.

Frontier algorithm (FA)

Prior to the application of the FA, we eliminate the variabbessince they do not have links to
nodes in neighbouring slices. Elimination of these nodes can be understood gsagssing of
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the DBN, reducing the computational demand during apgmitaf the FA. The elimination ab
is performed for the whole DBN at once, variafileés then defined directly ot and ont

f g o B N0 nod b 1)

where N0 is known from the discretization process  ofw and
N oY hw O@W wIw LM @  takes value 1 fow 0 and value 0
otherwise. The number of statesiofis & ‘Ca p P

One cycle of the FA, i.e. moving the Framtfrom slice’Q p to slice " Qis shown in the
following. First, the variable is added and> removed from the Frontier:

nof B A0® A0 M @

wherer 0 D is defined inTable AN5andry 0 Fo  is the joint PMF known from previous
cycle of the FA.
Second, the variabl® is added and> removed from the Frontier:

noho B novhw no (3)

where 1} @ fw and 1) U fw are known from Eq.(1) and (2), respectively Eq. (3)
represents the most demanding computational step in the algorithm. The computation of this
equation of the DBN requiras & a time in the' dice. The evaluation the whole DBN

with "Oslices therefore requires 'O & a 00 Ca P P a time. It is
evident that the computation time increases exponentially with the number of states of the variable
W, a , and with the number &lices of the DBNO

Modified Frontier algorithm ( mFA)

One cycle of thenFA is presented in the following. First, varialbeis added and» is removed
from the Frontier according to E¢R). Second, the PMF ob is calculated using convolution
(analogously to E(6.19) and(6.20) from Sectior6.2.3:

Mg @ N 2 ¢ @ BN ¢ & th ¢ t, @)

wheren] ¢ No L QO O, 0D is known from the discretization of
variablew and the summation is over all state®f w . Finally, the joint PMF describing the
Frontier in slicéQs calculated ag 0 ho nw Y NL .

The number of states @b is increasing in each slice of the DBNis & ; p for
"Q plkfB "'OThe nost demanding computational step of th€A is the calculation of Eqi4),
which in the"@h slice of the DBN requires & & 5 G time. For computation of the
convolution, the Fast Fourier Transform (FFT) is commonly ({¥ealker, 1996) With FFT, the
calculation of theth slice of the DBN requwes a G gl 1 c(; r time and evaluation of the
whole DBN with Gslices require® & B & il 1aC;, 0 a B " pl 1@
p time(Walker, 1996)
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Analytical solution

Because the continuous variables in the DBN have conditional Normal distribution, the DBN can be
solved analyticallyby evaluating the moments of the variabl&se evaluation proegls slice by

slice, analogously with the previous algorithms. One cycle of the calculations is presented in the
following. The expected value and variance ofdheonditionally onw is calculatedhs

o0 OO LW OwwW, (5)
6 ADI 6 AD W 6 AdDW, (6)
whereO & 0 andé A® v can be obtained frofable AN6 and

o I B 0 @ Q0D W o) (7)

6AD B 0@ OO o Q0O w. (8)
O 3w andO® s  are known from the previous cycle of the calculation and the
conditional probability) 0 D Ny nouU MO .

Theexpected value and variance of theconditionalkv is calculated as:

O¢ B 0@ TQodmw 1 9)
6 A®d B 0@ QOd ® 0 0 &, (10)
where

oM & 6ADL O OW. (11)

Egs.(8) and(11) utilize an alternative calculation of variance using expres§oh® O ®
O @ -seeAnnex 1.

Results

Computations are performed for the DBN with varying number of si@&be computation times
depicted inFigure AN7 show the theoretical computatidime estimated based on the number of
performed operations as presented above and the observed time of computations performed
Matlab on the computer speei in Sectior6.3. The time needed for evaluation of the DBN with
only 'O p m slices is almost 1000 times higher with the original FA than withnmRé. The
observed increase in computation time with the number of cycles is lower than the one estimate
above.The likely reason for this is that the FFT algorithm implemented in Matlab is more efficient
than the estimate given above (which represents a general upper bound).



146 Annex 4

102

10" |

100 |

10711

computation time

1072¢
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- - - - estimated time
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number of slices in the DBN, /

Figure AN7. Computation time for evaluation of the sample DBN with different number of si@es,
comparison of FA and MFA.

A comparison of the mean and standard deviatiab @bmputed with FA andhFA with the exact
analytical solution is given iffable AN7. FA andmFA give exactly the same results, which differ
slightly from the analytical results due to the small discretization errors.

Table AN7. Comparison ofo for'O p TandO p 1 eomputed with FA and MFA with exact analytical
solution.

FA/MFA Anal. FA/MEA Anal.
Mean 50.78 50.77 507.76 507.69
St.dev. 7.04 7.05 22.19 22.23




ANNEX 5: Overview of tunnels constructed in the Czech Rep.
after 1989 and database of tunnel construction failures

for more details see:

c&c
mech.

cut & cover
mechanized (TBM)
** . small town or edge of a bigger town/city (passing small settlements is clasified as No)

http://www.ita-aites.cz/cz/podzemni_stavby/
Bart8k, J., 2007. Underground construction in the Czech Republic. SATRA.

Aldorf, J., 2010. Underground construction projects in the Czech Republic: Completed, under
construction and planned from 2004. Tunel 19, 837 99.

magazine "Tunel" (also in English): http://www.ita-aites.cz/cz/casopis/casopis_pdf/

No. [Ty [Name Urban [Locatio|Total Technol[Begin [Begin of [No. No.of [Length [Length of |Failure
pe tunnel |n (road |length |ogy* of oper. Of lanes |of tubel [all mined |ID
No.) [m] constr. tubes [per mined  [tubes (m)
tube
| 1] Blansko (Novohrady) [No 557]- - 1992 1 1 0
| 2 VepSk (MIl echvosty) |[No 390(conw. 2000 2002 1 2 272 272
| 3 Tatenice No 143|conv. 2003 2004 1 2 85 85
| 4 Krasikov No 1101|conv. 2003 2004 1 2 1035 1035
| 5| [Trebovice No 95|c&c - 2005 1 2 0
| 6] Mal§ Huba No 324|conv. 2004 2005 1 2 300 300
| 7 Hnlvkov | No 180|conv. 2004 2006 1 2 132 132
| 8| z|HnMvkov Il No 462|conv. 2004 2006 1 2 432 432
| 9| 2 |[B®zno No 1758|prevault 2000 2007 1 1 1478 1478|9-1,2,3
| 10] ® |V &ov Yes Prague 1364 conv. 2004 2008 2 2 1224 2400
| 11| [Jablunkov YIN** 612|conv. 2007] 2?2013 1 2 588 588|11-1,2
| 12 Olbramovickl No 480|conv. 2009 22013 1 2 360 360
| 13|  [Votickl No 590|cé&c 2009] 22013 1 2 0
| 14 Tomickl | No 324|conv. 2009| 22013 1 2 216 216
| 15] TomickI |l No 252([conv. 2009| 22013 1 2 204 204
| 16 Zahradnickl No 1044(conv. 2009 7?2013 1 2 936 936
17 Osek No 324|c&c 2009 2011 1 2 0
| 18] Liberec Yes Liberec 280|- - 1993 2 2 0
| 19 Strahov Yes Prague 2004 |other 1985 1997 2 2 1544 3088
| 20| Hbel No E442 355|conv. 1994 1997 1 3 270 270]20-1
| 21 Pis &y Yes Brno 511[conv. 1995 1998 2 2 286 581
| 22| Husovice Yes Brno 585|c&c 1996 1998 2 2 0
| 23 Doln? Djezd No R35 93|c&c 1997 1999 2 2 0
| 24 Zlchov Yes Prague 195|c&c - 2002 2 23 0
| 25| [Jihlava YIN** [E59 304|c&c 2003 2004 1 2 0
| 26| o [Mr ®vka Yes Prague 1486|conv. 1998 2004 4 1-3 1167 2130|26-1,2..
| 27| S [Valk No D5 390]conv. 2004 2006 2[ 23 330 630|27-1
| 28| ~ |Panens k § No D8 2168[conv. 2003 2006 2 2| 19941 3972
| 29 Libouchec No D8 520{conv. 2004 2006 2 2 480 868
| 30 Klimkovice No D1 1088|conv. 2004 2008 2 2 865 1740
| 31 Komo&ny YIN* |E50 1937|conv. 2006 2010 2[ 23 1677 3351
| 32 Lochkov Y/IN* |E50 1662|conv. 2006 2008 2[ 23 1295 2557|32-1
| 33 Blanka Yes Prague 5503|conv. 2005| 7?2014 2 2-3 2766 5540|33-1,2,3
| 34 Dobrov s ka® Yes Brno 1261conv. 2006 7?2012 2 2 1053 2113|34-1
| 35 Prackovice No D8 270|conv. 2008) ?2012 2 2 138 293
36 Radejl 2n No D8 20]|conv. 2011 - 2 2 446 892
| 37] IV.C1 Yes Prague 3981|conv. 2000 2004 1-2 1-2 1548 1548
| 38| - [IV.C2 Yes Prague 4602|conv. 2004 2008 1-2 1-2 2325 2325
| 39 g A-Skal.-D.Host. Yes Prague 700]|conv. - 2006 700 700
| 40| S |A-Dejvic_k-Blotol Yes Prague 1000{mech. 2010f 22014 6134 6134
|41 © |IV.B-Vys.-Kolb. Yes Prague 6447{conv. 1991 1998 2832 2832
42 V.B Yes Prague 3000{c&c 1988 1994 0
| 43| L_ervenl vrch Yes Prague 7111- - 1998 711 711
| 44| |Gtvanice Yes _ |Prague 585|- 1999 2001 585 585
| 45| « [Brno-Phasel collectors |Yes Brno 1790|- 2001 - 1790 1790
| 46 E Brno-Phasell coll. Yes Brno 1651)- 2005 - 1651 1651
| 47| © |Brno-Phaselll coll. Yes Brno -- - - 0
| 48| * |coll.Ostrava | Yes Ostrava|  2360|- 1997 2005 2360 2360
| 49| £ [coll.Ostrava Il Yes Ostrava -|- - - 0
| 50| = [coll. Jihlava Yes Jihlava 1700]|- - - 1700 1700
| 51 Jelen? pSkop Yes Prague 84|- 2001 2002 84 84
52 collectors Prague Yes Prague 14732|- 1990 2011 14732 14732|52-1
TOTAL 73973.9 58725 73614
* construction technology: conv. conventional tunnelling
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Overview of tu nnel constr uction failures

Failure |Type of failure |Date Geotechnical conditions Other factors Damages Measures Delay [Sources
ID
9-1 cave-in collapse (May Plastic clay and No previous 77 m of the tube collapsed, |access shafts, 17 Hilar, M., John, V., 2007. Recovery
with crater 2003 claystone,discontinuities, experiance with progresive deformations transverse pile walls, months |of the collapsed section of the
previous mining activities, "prevault” (>2months), machine conventional method for Blezno tunnel. Tunel 16, 647 69.
overburden:30m construction method |blocked the rest of the tunnel
9-2 cave-in collapse [~2005/2 |see 9-1 - smaller cave-in collapse grout injections, pipe - He't, J., 2007. B!ezno tunnel
with crater 006 umbrellas construction. Tunel 16, 517 60.
9-3 cave-in collapse [~2005/2 |see 9-1 - smaller cave-in collapse grout injections, pipe - -
with crater 006 umbrellas
9-4 cave-in collapse [~2005/2 |see 9-1 - smaller cave-in collapse grout injections, pipe - -
with crater 006 umbrellas
11-1 portal instability |~2008 |sandstone, claystone, located |- - - - -
in pass between mountains -
water, previous mining
activities, overburden <24 m
11-2 cave-in collapse [May see 11-1 collapse during crater with 10 diameter - - M &a, J., Korej" %, J., 2009. New
with crater 2008 excavation of the old Jablunkov tunnel - design and
tunnel construction. Tunel 18, 217 26
11-3 cave-in collapse [Nov. see 11-1 - c. 100 m of tube collapsed, |- >lyear |Vesel#, V., Jandejsek, O., 2010.
with crater 2009 operation in the old paralel Tunnels in flysch environment -
railway tunnel stopped (10 geotechnical risks, practical
days + later monitored) experience. Tunel 19, 2471 30.
20-1 portal instability [April ?clays, claystone, shallow - - - - http://www.ita-

1995 overburden (5-17m) aites.cz/files/Seminare/2011_04_to/
salac_bartak-tunel_hrebec-
havarie_portalu.pdf

26-1 extensive summer [shales - thretening buildings above |vertical sequencing, ?no Bucek, R., 2003. Solution of
deformation (20 |2001 the tunnel (no damages at [grouting delay |stability problems at the northern
cm) the end) portal of the Mrazovka tunnel. Tunel

12, 18i21
26-2... |cave-in see 26-1 - smaller cave-in collapses |- - -

collapses
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Overview of tu nnel constr uction failures

Failure |Type of failure [Date Geotechnical conditions Other factors Damages Measures Delay [Sources
ID
27-1 extensive metamorphosed shale, heavily [small distance of - micropiles - Svoboda, J., 2006. The Val%k tunnel
deformation fractured and slightly tubes - central - D5 highway PlzeRby-pass. Tunel
weathered, overburden <16 m |reinforced concrete 15, 287 31.
pillar
32-1 cave-in collapse |early tectonic fault, overburden - 30 m before the end, - ?5 days|-
without crater {2008 11.5m, slope loams containing volume 160m3
rock debris, clayey shales
33-1 cave-in collapse |May shales, highly weathered, in - collapse occured under a |grouting, slower 2 Kvag, J., Zelenka, M., Salal , M.,
with crater 2008 location of collapses very low popular park, crater progress, months [2010. Mined tunnels on the Blanka
overburden, water diameter c. 30 m replacing/reducing of complex of tunnels. Tunel 19,
emergency parking 12i18.
bays,
33-2 cave-in collapse [Oct. see 33-1 during side crater with diameter of c.  |grouting, slower 6 -
with crater 2008 construciton of the 20 m, very close to the progress, months
emergency parking [previous collapse replacing/reducing of
bay emergency parking
bays,
33-3 cave-in collapse |July - (other section of the tunnel  |mistakes in crater 20x35m in garden of |- >2 -
with crater 2010 complex) technological a office building, 1 worker months
procedure affected without injury
34-1 extensive ~2009 |higly plastic, heavily squeezing|- thretening of residential - ?no -
deformation clays, 6-21 m overburden buildings above the tunnel delay
(no damages at the end)
52-1 cave-in collapse |Jan. sand-gravel terrace, many exiting occured in the centre - - - http://lwww.ita-
with crater 2005 overburdenc. 7m structures, highly fruquent street, traffic aites.cz/files/Seminare/2010_03_T

rebuild environment

disruption

D/Bartak-
Havarie kol.Vodickova.pdf

for more info see:

http://www.ita-aites.cz/files/Seminare/2010_03_TD/Bartak-Havarie_kol.Vodickova.pdf
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ANNEX 6: Statistical analysis of performance data

This annex summarizes the results of analysis of performance data from three tunnels constructed
the Czech Republic, which is presented in Sectidn

CONSTRUCTION PROGRESS
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Figure AN8. Constructiorprogressn tunnel TUN1: (a) 1st tube, (@ndtube
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Figure AN9. Construction progresa tunnel TUNZ2: (a) 1st tube, (@ndtube
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Figure AN10. Construction progress in tunnel TUN3.



152

Annex 6

OBSERVED UNIT TIME AFTER EXCLUDING EXTRAORDINARY EVENTS
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Figure AN11. Observedinit time™Yer 5 m in different positions of tunnel TUN®) 1st tube, (b2ndtube
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Figure AN12 Observed unit timéyer 5 m in different positions afinnel TUN2: (a) 1st tube, (Rndtube
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Figure AN13. Observed unit timé&yer 5 m in different positions of tunnel TGN
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FITTED PDFs and CDFs OF UNIT TIME FOR DIFFERENT CONSTRUCTION
METHODS (COMBINATIONS OF GROUND CLASS AND EXC . SEQUENCING)

Horizontal sequencing, ~60m?
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Horizontal sequencing, ~60m?
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