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Abstract

Detailed MonteCarlo simulation of a complex system is the benchmark method used in probabilistic analysis
of engineering systems under multiple uncertain sources of failure modes; such simulations typically involve a
large amount of CPU time. This makée fprobabilistic failure analysis of complex systems, having a large
number of components and highly nonlinear interrelationships, computationally intractable and challenging.
The objective of this thesis is to synthesize existing methods to analyzactoddif failure of complex
systems which includes predicting the probability of the systems failure and finding its main causes under
different situations/scenarios. Bayesian Networks (BNs) have potentials in probabilistically representing
complex systemsvhich is beneficial to predicting the systems failure probability and diagnosing its causes
using limited data, logic inference, expert knowledge or simulation of system operations. Compared to other
graphical representation techniques such as Event Aredysis (ETA) and Fault Tree Analysis (FTA), BNs

can deal with complex networks that have multiple initiating events and different types of variables in one
graphical representation with the ability to predict the effects, or diagnose the causes leadirggrtain

effect. This thesis proposes a multifactor failure analysis of complex systems using a numbéasédBN
approaches. In order to overcome limitations of traditional BNs in dealing with computationally intensive
systems simulation and the ®mt having cyclic interrelationships (or feedbacks) among components,
Simulation Supported Bayesian Networks (SSBNs) and Markov Chain Simulation Supported Bayesian
Networks (MCSSBNSs) are respectively proposed. In the latter, Markov Chains and BNs asdeitémy

acquire analysis for systems with cyclic behavior when needisth SSBNs and MCSSBNs have the
distinction of decomposing a complex system to manysygibms, which makes the system easier to
understand and faster to be simulated. The effigi@ichese techniques is demongdhfirst through their
application to a pilot system of two dam reservoirs, where the results of SSBNs and MCSSBNs are compared
with those of the entire system operations simulation. Subsequently, tweorhproblems ioluding failure

analysis of hydropower dams and nuclear waste systems are studied. For such complex networks, a bag of
tools that depend on logically inferred data and expert knowledge and judgement are proposed for efficiently
predicting failure probabilies in cases where limited operational and historical data are available. Results
demonstrate that using the proposed SSBN method for estimating the failure probability of a two dam
reservoir system of different connections/topologies results in prayadsiimates in the range of 3%, which

are close to those coming from detailed simulation for the same system. Increasing the number of states per
BN variables in the statesé discretization stage m:
When Markov chains are integrated with SSBN (i.e. MCSSBN), the results depend on the MCSSBN approach
that is used according to the scenarios of interest that need to be included in the BN representation. Evidence
of system failure can be used to diagnogerttain contributors to the failure (i.e. inflow, reservoir level, or
defected gates). This posterior diagnostic capability of the BN is distinctive for the real world case studies
presented in this thesis. In Mountain Chute Dam that is operated by ORtawer Generation, the main
contributors to system failure, according to the logically inferred data and expert knowledgeadequate
discharge capacity of the sluiceway, electromechanical equipment failure, head gates failusafename

loading, hidn inflow, high rain/precipitation, sluice gate failure, and high water pressure. While for the
Nuclear Waste Management system, the main contributors to system failure according to the known and
assumed data are due to high pressures and bentonite failuresummary, modelling, validating, and
developing appropriate modifications of the BN method for applications in complex systems failure analysis is
the major contribution of this thesis.
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CHAPTER 1

| ntroduction, Problem Definition, and Hypothesis



1.1 Introduction

Failure analysisis animportant and challengingspectof the study of complex systemé
systemis defined to be consisting obmponentssubsystemsinputs andoutputswithin system
boundariesThe inputs providehysical resourcesnd information tdhe subsystems, which are
interacting among each other to produce some outplltisiteractions areassumedo takeplace
within system boundariesA complex systancan be defined as systemstructure that is
composed of many components that have complex interactions, [1]. Any failure in performing
the required interactions among system componentangr failure in getting the expected
output/result is considered to be contributing to system failure Tfa}s, analysi®f a system
with its components is a cruciatep in determining the difficulties and complexities that the
system willexperienceat any stageHowever, in the real worlggerformance oboth inputs and
subsystens is affected by probabilistic uncertaintgnd hence a failure may come with an
associated probahiji. Probabilistic uncertainty due to randomness of events or values and
limited knowledge are considered main sources of uncertainty in systems introduced in this
thesis, [3, 4].The main goal of this researchto evaluate the probability dilure of complex
systemswhile finding the failure causeand hence the analysscalled the probabilistic failure
analysis (PFA).For any given systemwith its inputs and subystems probabilistic failure
analysis depends on finding the probability of not getting the requiredimaésd output of that
system. The required outpumay be the effect that is producéem certain causes (i.e.
prediction reasoning), or the determination of the cagsgonsible focertain results and fefcts
(i.e. diagnostic reasoning). Thus, determining the caffeet relation isan importanfirst step
in the probabilistic failure analysis, which allows for better understandiegtiance the system
reliability andtake decisions for mitigating the negative effects or better enhancing the causes.
In this researchthe concept oprobabilistc failure analysiss applied to two mairrealworld
case studies: -1Nuclear Waste Management (NWM), and Qafety of Hydropower Dams
(SHPD) Thetype andcomplexity level varies in these two case studies; however,daotibe
analysedas fiComplex Systemé .For each case studyglevant literature is réswed to
understand the problemstudy existing solutionsand determinsystem fators, parameters, and
variables As a result, the syain can be represented graphicallgstly, probability measurese
applied to each systeins g r a p hi toadtimatethe probabikty of failure for given
scenariosituations In this thesis, lte graph representation of both systems islgoted using
Bayesian Networks(BNs) which allow for representingmarginal conditiona] and joint
probability measuresaffecting system componentsRepresenting systems of engineering
applications using BNs is affected by multiple factors that affect the probabilistic quantification
process. The aim ofhis thesis isto develop pproaches that facilitate the probabilistic
guantification of BNsand hence, facilitate prediction of system failueesfollows
1- Incorporatingsimulation ofthe entire system with the BN representation, given that
simulation may be challengingspecially for very complex systems that incladeuge
number of system variabl es . SUpporteBayesanr oac h
Network (SBN) 6 i n this thesis. I n t hsowceoh ppr oac
probabilisticinformation that isused to quantify the basic nodes aodditional relations
among system nodes/variablaad
2- Incomporating Markov Chainstothe B8N appr oach, named AdAMar kov
Supportel Bayesian Network (MCIBEN) 0 i n t h iagprodclnis suppssed td hi s
overcome the limitatiorof being acyclic in the BN representation of the system. This


https://en.wikipedia.org/wiki/System

allows for cyclic system analysis for different system scenarios/situations,easy
update for the system in caasey new data becomes avaikabl

1.2 Problem Definition

Failure analysis of complex engineering systems is challenging for different reasons. Most of the
complex systems include multiple factors and variables of different natures (i.e. technical and
nonttechnical). These factors are mostly associated with pigdiec measures which lead to the
requirement to represent marginal, joint, and conditional probabilities of the events contributing
to any system failure, resulting in probabilistic uncertainty. Current practices use exhaustive
simulation models, whicimay be computationally intensive when dealing with any complex
system of a huge number of system components, complex interrelations, and/or nonlinear
governing equations. This makes the probabilistic representation for system failure analysis not
easy to mterpret.Failure analysis of these systems is important in the sense that how likely they
will reach a failure state (probability of failure) and what will be the consequences of failure in
terms of expected loss or other probabilistic measures quagtifiimse consequences, e.g.
vulnerability, reliability and resilience. Estimating the probability of failure in such systems
could be hard because the state of the systems is a vector of multiple stochastic variables having
a huge number of possible valuiasa multidimensional state space. Particularly, when a failure
state results from multiple factors, this means that the probability of failure would be a joint
probability function of multiple variables and events. Knowing that the relationships between
input and output vectors of variables is complex, it would be practically impossible to determine
the joint probability function of output vector analytically even if the probability function of
input vectors are simply Gaussian and statistically indepéndeimereas in general the
distributions are noGaussian and dependeHidropower dams and nuclear waste management
using deep geological repository systems may be good examples of complex systems that have
multiple interrelated factors. Dam systems acnplex systems having a huge number of
interacting factors and components. The deep geological repository system is also complex in
terms of the interactions among system components and the lack of operational data for such
future projects. In such systepexhaustive simulations are challenging while predicting any
system failure, and while diagnosing the causes of such failure. Decision makers in charge of
such systems need a multifactor representation to overcome the challenges of current practices
andto facilitate interpreting the interrelations among system components while predicting the
failures or diagnosing the failure causes in terms of probability estimates during different
situations/scenarios. Data scarcity is one major factor that makesskhanalysis of such
systems challenging. A rational framework to analyze failures and risks of these systems is
crucial in both the short terms and the long terms and BN provides the foundation for such
framework.It is shown later in this thesibat Bayesian Network{BNs) have potentials that
helpsolvingsuchproblens. Bayesian Network provides a graphical representati@amy system

using basic probabilities, for system inputs, and conditional (transition) probabilities, for sub
systems and themutualinteractions There are some advantages amutationsin using BNs.

One of the main advantageghat BNs can integrate all types of dagag(social, environmental
technical, etq.because of the probabilistic nature of the BNs, as everythirgpresented as a
probability. Data mustalsobe available to be able &stimateprobabilities. This is not feasible

for systems which are still under research or will be applied in the filongever BN analysis



allows for integrating subjective probabilistic informationandbr simulations,which can be
improved with additional dataipdates,when available The main limitation is the acyclic
behaviour of tet BN t hat doesnot al | o weyclit behavi@thaais y si s
needed in somapplicationsWhen the system ifsllly representedby BN, the failureprobability

could beestimatedusing Bayesiannference Alternatively, BNs may beisal to evaluate the
performance of the system components and their interactions to getrsomeation about the
failure causes. If the post failure analysis stage is taken into consideration, determination of
causes and mitigation or treatment acti@hould beconsideredin order to improve the
performanceandlimit the overall system failurthat the system may experience in the future

this research, two case studies are used to dewolpabilistic Failure AnalysisPFA) for
complex systemst- is for high level radioactive Nuclear Waste Management (NWM), which is
still a future poject under development, ar®d is to analyse Safety of Hydropower Dams
(SHPD) whose risks of failure includiilure probability and onsequences of failur&or the
purpose of thighesis we are focussing mainly on the first pére. failure probabity) with

some extensions to be provided for the second (partconsequencesh the future The two
casestudies are totally different in terms of application, but they are both complegnsgsind

can be representgmobabilisti@lly, but the mairchallenge is the data type. In NWM, which is

still a blue print, only partial data for this system or its components are availadbleequires
detailed simulationsvhich are outside of the scope ofghthesis On the other hand, SHPD is a
known problemwith known technical databases but with a significantly larger number of
components than NWMhus havng large data requirements. this thesis, the BN is used as a
multifactor representation for complex systems in order to predict system failuresagndss

failure causes. In case of data scarcity, BN representation may integrate simulation and/or
subjective probabilistic information to facilitate the failure analy3iBis research presents
methodologies utilizingSimulation andBayesian and MarkoviarmNetworks for predicting
probabilities of failures of complex systems, using information of system components and their
interconnections.

1.3 Hypothesisand Proposed Methodology

In this research, failuns analyzedor two complex systems:

1- NWM (Nuclear WasteManagementiusng deep geological repositorpr high level
radioactivewaste gpentnuclearfuel) managementand

2- SHPD (Safety of Hydro Power Damg pilot study of awo dam reservoirsystemis
identified forapplying the proposed methodologidfen, a reaivorld case study for one
of the dams operated by Ontario Power Generation (@@ed to applyhe proposed
methodology, with the restriction of availability of operational data.

Firstly, in Chapter 2, the literature explaining both systems and their problaraseviewed.
Then, the different factors affecting the system failure in both of twenlustrated. Knowing

the different components, factors, parameters, angystems fomany system will facilitate the

task ofconstructinga graphical representation for the specified system. As Bayesian Networks
(BNs) have shown some advantages in represgrany system as grobabilistic grapical
network BNs are useal extensively in this mearch.Chapter 3 usesthe data available fahe

di fferent components of NWM c @reeethe sgtaphdofy thet o
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system is constructedhe data availablare used to quantify the probabilities of the Biddes
andtheir interactions(basic and condibinal probabilities).Depending ordifferent scenarios, or
change in data frorflocation to another (in case of the deep geological repository), or from time
to time (for the operation of dams in different seasonal condititims)robalities may change
resulting in increasing or de@®ng the failure probabilityThus, thee is aneed tocompile the

BN of suchsystens to obtain the joinand marginaprobabilities related to certain situatsoor
evens. To facilitate thistask Hugin Lite software was found teelp in therepresentation of the
BN and its compilatior]5, 6, 7]. So, the BN isconstructedand all the data and scenaria®
insertedin orderto start the compilatiof causeeffect probabilistic analysis, resultinfjom
interrelating system componestand affecting the failureWhile the BN representatiofor
failure prediction isdependent on available data in baipplications, itis shownthat failure
prediction is challenging. Robabilistic quantification rele on different sources of datae.
expert judgement, logic inference, elicitati@mpirical models, and simulatiowhich result in
differentlevels of inaccuracyin the estimated failure probability, which may be used for decision
making.In Chapter 4, the approach of incorporating simulation to the $BN) is introduced

and applied to a pilot two reseir system.The decompositional approach used for simulating
complex systems proposed in this thesisis introduced as a part of the SSBN metH88BN

is expectedto reduce the limitation of exhaustive simulation that may be computationally
expensive in some applicationis.Chapter 5, another approach that uskkrkov Chains to be
incorporated with simulation and BNs to better quantify the prdibabiof the system nodes and
their conditional relationshipsgs introducedand applied to the same two reservoir system.
Markov Chain Simulatin Supported Bayesian Networks (M@E&) arepropo®d to make the
analysiscyclic andmore dynamicwhile introducing different system scenarios/situaticarsd
allow for seamless updatef the system withany new available information/data that could
affect the prediton process of system failurds data and mathematical models are fatly
availabk for the realworld case studyas may be expected in most cases to@hagpter 6
illustrates howthe elicitation ofexpert judgement ahlogic inferences used for quantifying the
BN of Mountain Chute Dam and Generating Station, operated by, @RfBedct its probability

of failure. Finally, in Chapter 7, conclusions are presented regarding the proposed
methodologies and their potentialnd limitations in representing complex systems and
predicting their failure probabilities. Somecommenrdations arelsosuggestedThe mainfocus

of the proposed researdh this thesids on the stage dhilure prediction In addition, the work
proposed in this researamay help in identifying causes of failures by using diagnostic
capabilities of BN analysis.
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2.1 Introduction

This chapter provideareview of literature for the case studies used in this reseoclihe first
case studyNuclear Waste Mamgement (NWM) systendifferent factorsthat affectthe system

are discussedA brief description is also provided fond secad case study of this research
Safety of Hgropower Dams (SHPD) systeithis chaptemalsoprovides an introduction to risk,
reliability, and uncertainty. The cormueof Bayesian Netwoskis explained in details. Then a
comparison between BNs and other techniques, used for representing systems, is conducted.

2.2 Nuclear Waste Management (NWM)

Disposal is the final stage of the radioactive waste management by which the wastes are isolated
from biosphere in the repositorieSor the disposal ofadioactive solid wastes, mukarrier
approach may be followed. If suitable engineered barriers, fibaokaterials and the
characteristics of the geanvironment of the repository site are properly selected, safety against
radionuclide migration will be achieve@®isposal of radioactive solid wastes depends on the
nature and type of radionuclide presanthe wastes (longevity) and its concentration. Thus, the
repository can be nesurface or in deep geological formations. For long lived high level
radioactive wastes, deep geological reposif@®R) is the optionfor disposal of used nuclear
fuel and highlevel radioactivevaste, whichhas received worlavide attentionand may be the
best known method to do that permanently without putting a burden of continued care on future
generationsThe option of Near Surface [pigsal Facilities (NSDF) ipreferredfor low and
intermediate level radioactive wastes with comparatively large volumvbgh arise during
nuclear power plant operation, and from radionuclide applications in hospitals and research
establishments. At NSDFwastes are normally disposedd a depth around 50 neters
(intermediate depth)jn NSDF,sub-surface evaluation is carried out systematically by geological
and geehydrological investigationsTesting of full scale engineered barriers should be
conductedor bentonite clay buffers and clay sand as backfill materials in both deep geological
reposibries and near surface dispodatilities. It is believed that setting up dependency
relationships among the geological, hydrological, and ecological aspekcteduite the soges
of uncertainty in this area of reseafén9, 10, 11].
Canada, like many nuclear nations, has been investigating geological disposal of nuclear waste,
which is the approach that offers the best passive safety system for permarceat déspce the
early 1970s. The internationally accepted design of a deep geologic repository (DGR) involves
the following [12], see Fig.1
1. At depthof 500 netersbelow ground surface in a suitable location of dense intact rock,
used fuel will be disposed
2. Nuclear spent fuel will be sealed in a corrosion resistant used fuel container (UFC). This
container should withstand anticipated hydrostatic, lithostatic and glaciation loads. The
original Canadian UFC, which is duaklled with an inner iron (or steel)essel to



provide strengthand a separately fabricate®l mm-thick coppercoatedouter shell
corrosion barrierwasdesigned taontain abou#t8 CANDU fuel bundles
3. As an additional barrier, compacted bentonite clay will be surrounding the UFC.
Compactedbentonite clay swells on contact with moisture. This will tightly seal the
system with allowing very little chemical diffusion to occur.
In [10], afull explanation of the definitions and decrees (by Finnish governpreggrding the
disposal of nucleawaste is discussed. Spent nuclear fuel (which is considered high level
radioactive waste), along with low and intermediate level wastes are accumulated during the
operation and decommissioning of nuclear power plants. Spent nuclear fuel is intended to be
disposed in deep geological repositories, inside the bedrock, after being encapsulated. Selecting
and characterising the disposal site, developing disposal technology, collecting necessary data
for long term safety, excavation works, packaging the wastégransferring the packages to
emplacement rooms, and the engineered barriers installation, are required stages in the disposal
process. According to Finnish government decrees, dispadé#lfahall be designed to have the
average amual dose to thenost exposed individuals of the population not to exceed 0.01 mSv
during normal operation of the facility, with maximum of 5 mSv in the event of certain
accidents. Also iff10], exact and detailed definitiorare givento: Low level waste (activity
concentration not more than 1 MBg/kg.), Intermediate level waste (1 MB4@gGBqg/kg),
High level waste (>10 GBg/kg), Shdited waste (less than 100 MBqg/kg after 500 years),
Longlived waste (more than 100 MBg/kg after 500 years), disposal facilifgpshs site, and
barrier (engineered or naturalp [13], some definitions and management actions regarding
radioactive wastes are provided. The radioactive properties of radioactive wastes contains the
type of radionuclides, the radiation emitted (alpbeta, gamma), the activity level (number of
atomic nuclei disintegrating per unit time, expressed in becquerels), and the radioactife half
(i.e.time taken by a radioactive sample to lose half of its activity). Sived radioactive waste
contains adionuclides with a halife of less than 31 years, while lofiged radioactive waste
contains radionuclides with a hdife of over 31 yearsSee Tablel.

Radionuclide Half -life
Cobalt60 5.2 years
Tritium 12.2 years
Strontium90 28.1 years
Caesiuml137 30 years
Americium-241 432 years
Radium226 1,600 years
Carbonl4 5,730 years
Plutonium239 24,110 years
Neptunium237 2,140,000 years
lodine-129 15,700,000 years
Uranium238 4,470,000,000 years

Table 1: Different types of radionucliddth their halflives [13]




The following engineered barriers should be considered in planning the wasteadi0]:

1- The waste matrix;

2- The waste package;

3- The buffer surrounding the waste packages;
4- The backfilling of emplacement rooms; and

5- The closingstructures of the disposal facility.

The bedrock of the disposal site is considered to be a natural barrier that lends support to safety
functions, but, there are also some factors that indicate the unsuitability of a dispg48]:site

1

Proximity to natwal resources;

2- High rock stresses;
3- High seismic or tectonic activity; and
4- Adverse groundwater charadstics,

Canister shaft ——-> .‘ S~ Access tunnel
Disposal tunnels (-420 m)

Personnel and ventilation shafts

Fig.1 Final Disposal Facility for spent nuclear fuel (High Level Waste HLYM) [

In Canada, Nuclear Safety and Control Act (2000) credlted Canadian Nuclear Safety
ssion (CNSC), Canadads si ngtletatethfacititiecse ar r e
and activities, from cradle to grave. CNSC, which is an independent commission, makes
continuous updates for its regulations regagdnuclear activities including regulations of safe

spent fuel and radioactive waste management. Nuclear Fuel Waste Act (2002), which established

a framework for nationallonger m management sol ut:i
the Nuclear Was Management Organization (NWMO) as a-fastprofit corporation funded

by waste producers. In the Government of Canada Radioactive Waste Policy Framework (1996),
both the federal government and waste producers and owners have responsibilitiesttevards
radioactive waste problemil5]. Full details for nuclear waste management program in Canada

Commi
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are provided in16], with understanding the fact that high level radioactive waste can stay in the
wet storage (in pools) for-X0 years, and in dry storage igp to 70 years before being disposed

into deep geological repository (DGRinternational Atomic Energy Agency (IAEA) provides

all the safety standards, in the disposal of radioactive waste, for protecting people and the
environment. Emplacing radioactiveaste in a facility or location with no intention to retrieve
the waste is called fAdisposal o of radi oacti v
doesndt mean that retrieval 1is not possible.
the retention of the radioactive waste with having retrieval intention. Both, disposal and storage,
aim at containing the waste and isolating it from accessible biosphere. Thus, waste storage is
considered a temporary stage followed by future actions mditoning, packaging, and final
disposal[17].

Figures 2, 3, and 4 give a representation for the problem under study. The used fuel bundle
(Fig.2) is placed in the container shown in Fig. 3. The container should contain an assembly of
48 fuel bundlesThese bundles generate both radioactive heat and mass that can be transferred to
the surrounding and needs to be shielded. For that reason, the used fuel container is made of
steel, with an outer corrosion barrier of copper. Then, the container is praeetiuffer box

made of bentonite clay as another barrier. Many buffer boxes are placed in placement room
(Fig.4) in the repository, which is 500 meters deep, and separated by backfill material as an
additional barrier. Then the whole placement room isdilvith gap fill material to fill the gap

with the rocks of the placement room.

Fig.2: ACR-1000 FUEL Bundle (~ 20 kg)Lp]
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it
)l{! Fuel Bundle

Used Fuel
O Container
E
o4
e
sl
Bentonite Clay
1. Surface Faciliies
2. Main Shaft Compk
— Lateral Tunnel Approach 3 Ha:;m:'lt Romrrﬁ: '
4, Ventiation Exhaust Shaft
Fig.3: The onceptual container design Fig.4: Schematic representation of the proposed
for the disposal of Canadian high level Canadian Deep GeologitRepository (DGR)12]

nuclear wastel]?]

Failure in nuclear sgtems is related to themissions of radioactive nuclidesr possible
accidental releases of radioactivitike the ones described nef [18]. From the nuclear aspect,
risk can be defined to be an exceedaxgectation of the magnitude of undesirable radioactive
releases ife. the product of probabilityof an accident/failureand the consequence of this
accident).In probabilistic risk assessments)certainty measures arise due to both, lack of the
knowledge and stochastic feature$ system component§o, complex uncertainty propagation
may result in future potential riskin the nextsections Bayesian Network ishown to bea
concept for reasoning complex uncertain problems, where network meaagshécal mode]9,

18]. In [19] and[20], different and effective waste managempalicies are investigatedwith
giving detailed explanation dhe radioactive waste anagement procesn overview is given

in [2]] of the nuclear data required to makearect prediction of the source of radioactive
wastes, and the radiation doses in the different activities of: manufacturing, production, handling,
transport, recycling, transmuag, and storing of radioactiver fissionablematerials.

2.3Factors Affecting the NWM System Failure

The operation of NWM Deep Geological Repository system is to keep the used nuclear fuel
away from interacting with the surrounding environment by encapsulating the fuel bundles in
used fuel containers. The system is considered to fail when the used ritehep fails to
prevent any interaction between the nuclear bundles and the surrounding envirdnntist.
section, thalifferent factorghat affect the NWM system operation and failure are explained in
details.
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2.3.1 Temperatue Effect (Geothermal Gradient)

Variation of surface air temperature, with the seasons and regional variations according to local
weather conditions, is a known fact. Thus, ventilation of current temperature in underground
openings may affédemperature variatiof22]. In [23], the surface average temperatures in the
Canadian cities all over the year are demonstrated, giwihg the maximum and minimum
annual temperatures based on weather data collected from 1981 to 2010. The numbers allow
comparing the average daily high afwmv temperatures for the 3&rgest Canadiancities
Temperature is known to increase with depth in the Earth influenced by the heat generated at
depthand transferred through rocks and sediment layers. This is called terrestrial heat flow
which is described by the following equati@4]:

S’/J
|Ifl T‘lA Eqgn.2.1
Where:
Qz = Heat flow per unit area in the vertical direction,
& = Ther mal conductivity, and
&/ D = Geot her mal gradient (difference in ter

Because of some data constraints in both heat flow and thermal conductivity, the princgal basi
for calculating geothermal gradients depends on bekiol® temgratures measured in
boreholeg24]:
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In Canada, geothermal favourability ranking, in areas with geothermal gradient data, is given in
[25]. It can be concluded that geothermal gradient falls in the range betw&eB53(C / km).

In [26], Government of CanadéEnvironment Canada) provides Historical Climate Data for
different Canadian Provinces by which monthly data reports for Canadian provinces and cities
can be easily gotten. While€7q] provides geothermal maps of Canada at different depths in
different locd@ions within he Canadian geological regiorGlobally, the average geothermal
gradientranges between 2529 C / km depth, with actual value of more than’65 km depth

in some regions. According to the above mentioned information, the surface temgeviit

affect the final temperature at the deep geological repository according to the average geothermal
gradient. Accordingly, and because the average seasonal surface temperature data is available, in
this research, the year divided into three seass: Winter (W), Spring Summer (SS), and Fall

(F). Each seasos assumed to have average weather conditions within its period. The maximum
geothermal gradient that will be used in this study will be th€ 2&m depth (assuming that the
repository will rot be built in any of the regions that have extreme temperature and geothermal
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conditions).However, for the postlosure processes in the repository, the surface temperature is
not showing significant effect or significant change in the temperature okfusitory from

season to season. The reason behind that is because the radioactive decay coming from the used
fuel will be much higher than the change in the surface temperature. The radioactive heat decay
will be the most dominant temperature changengdr after closure of the repositoAccording

to NWMO, there are studies for five locations (three crystalline rocks, and two sedimentary
rocks) where the repository is supposed to be placed in one of them. The location that will be
selected should hawn average surface temperature &, 5with 16C/km geothermal gradient;

in order to have about 12 temperature at the repository (500 m depth) resulted from the surface
temperature From another side, the maximum temperature at the surface of thefusted
container should be at maximum of iD@t any time during the radioactive decay. This means
that the radioactive decay may be responsible for more thah @Othe temperature in the
repository, or at least at tisarface of used fuel container.

2.3.2 Pressure Effect (Gedatic and Lithostatic Gradient)

Pressure increases with depth in the earth due to the ingeaass of the rock overburdérhe
geostatic pressure at a given depth is the vertical pressure due to the weight of a column of rock
andthe fluids contained in the rock above that depth. Lithostatic pressure is the vertical pressure
due to the weight of the rock onlfComputing the pressure as a function of depth in a
homogeneous crust is a straightforward calculation:

'E —— H Eqn.2.2
Where:
A (m?): surface area of the repository
} (Mass (M) [/ V¥ the demsity 0f\fgcks €n césg of fithostatic pressure), or the
summation of rock and water densities (in case of geostatic pressodeM (kg) is the rock
mass (in case of lithostatic pressure), or the summation of rock and water masses (in case of
geostatic pressure),
V (m®): volume of the repository = A (surface area) * H (depth),
g (9.81 m/9): gravitational acceleratioand
P (N/nf = Pascal Pa): Lithostatic Pressure (in case of just rocks), or Geostatic Pressure (in case
of both rocks and fluids).

Higher rock densities will yield higher pressure gradients. The geostatic gradient changes with
depth as the density increases. This is called crustal geostatic gradient. In that order, to calculate
the pressure in the deep geological repositorg,imhportant to know the densities of all the rock
types all over the countrccording to 8], Canada can be divided into six geological regions:

The Canadian Shield, Interior Platform (Canadian Interior Plains including Hudson Bay Low
Lands), Appalachian @gen (East), Eastern Continental Margin (St. Lawrence Low Lands),
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Innuitian Orogen (North Arctic Lands), and Cordilleran Orogen (Western Sedimentary Basin).
Each geological region has specific characteristics and different mineral resources saed-ig.
Table2).

Innuitian
Orogen

el

Cordilleran
Orogen

ppalachian

Orogen Eastern

Continential
Margin

Fig.5: Geological Regions of Canad28]

Percentage of

Geological Region Canadads

The Canadian Shield ~50%
Interior Platform (Canadian Interior Plains including Hudson Bay Low Lands) ~22.5%
Appalachian Orogen (East) ~3.6%
EasterrContinental Margin (St. Lawrence Low Lands) ~1.8%
Innuitian Orogen (North Arctic Lands) ~5.4%
Cordilleran Orogen (Western Sedimentary Basin) ~16%

Table2: Geological Regions in Canada

So, if the decision is not taken yet about the location of the repository, it will be impossible to
calculate the maximum effect that comes from the pressure factor. Thus, this led to considering
something else. The Earth crust contains both continendabesanic parts. The oceanic crust
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counts for the seas, oceans, rivers, and lakes, while the continental crust accounts for the rest. In
Canada §,984,000 krf), the continental crust counts for 92% of the Canadian Land, while the
oceanic counts for abou¥® The average density of continental crust is known to range between
25003000 kg/mi (2.5-3 g/cn?) according to the rock type. While the oceanic crust average
density ranges betweenr333 g/cni [29]. Accordingly, more realistic dataan be estimateabout

the maximum pressure that could be faced in casmidding the repositorypeneath rocks or

under (or near) oceans and sédereover, if there is ice accumulation at the location where the
repository is built, ice pressure should be taken intowadcfce loading). Another factor, that

will affect the pressure in the repository, is the bentonite swelling pressure. The used fuel
container will be emplaced in a Highly Compacted Bentonite (HCB) buffer box. If the bentonite
is hydrated or gets wet abyatime, it will swell to seal the buffer box and prevents any diffusion,
form inside to the outside or vice versa, from taking place. The swelling pressure of the bentonite
should be taken into consideration for calculating pressure on both the usednfiagher, and
thewalls of the emplacement roomn. the five location that are being tested by NWMO, the total

of geostatic pressure and the bentonite swelling pressure should count for 15 MPa, while the ice
loading will count for at most 30 MPa. That 46 MPa in total maximum pressure in the
repository.

2.3.3 Relative Humidity and Water Saturation

Relative humidity is the ratio of vapor pressure (mixing ratio) to the saturation vapor pressure
(saturation mixing ratio)aiven by another definitiorRelative Humidityis the ratio of the actual

amount of water vapor in a given volume of air to the amount which could be present if the air
was saturated at the same temperature. It is expressed as a percentage (percentage of saturation
humidity), and redwes 100% when the air is saturated with respect to water (the case of ice).

S LERT T~ p Eqn.2.3

At a given vapor pressure (or mixing ratio), relative humidity with respect to ice is higher than
that with respect to water. For unsaturated air, relative humidity is inversely proportional to the
temperature. Since warm air will hold more moisture thald air, the percentage of relative
humidity must change with changes in air temperature. In that order, relative humidity doubles
with each 20 degree (Fahrenheit) decrease, or halves with each 20 degree increase in
temperature. Generally, as temperatwesgup, relative humiditgoes down and vice versa. Ref

[23] alsodemonstrates the average relative humidity in the Canadian cities all over the year, and
gives the morning and afternoon annuwelative humidity averages based on weather data
collected fron 1981 to 2010. The numbers allow comparing the average daily high and low
relative humidityfor the 33largest Canadiancities. It is obvious that theelative humidity
average never exceeds 95% at the surface, with having most of the big cities below the 88%.
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Relative humidity measures the actual amount of moisture in the air as a percentage of the
maximum amount of moisture the air can hold (saturatidocordingly, at the repository, while

the temperature increases with going down in depth, the relatmeliy should decreasin the
postclosure conditionghe changes in surface temperature will not have significant effect on the
repositey tempeature, sochanges in surface relative humidity will not have significant effect

on the repository conditions as well. From the humidity saturation point of view, the dominant
factor in the postlosure case will not be the relative humidity, but ratiewnili be the water
saturation in the repository. Having wet, humid, or hydrated contents of the repository will affect
the swelling conditions of the bentonite clay used to cover the used fuel containers, and may be
considered a water diffusion in the osftory. Water diffusion may be taking place because of

the surrounding environment at the repository location, and may lead to corrosion factors for the
used fuel container. One example for the water diffusion and water saturation is the groundwater
in case it is present at any stage in the repository-gosure life time. The salinity level dfie
groundvater may affect the bacterial activity, and the corrosion factir the used fuel
containers. In summaryhe water diffusion, which leads to swellipgessure, will affect the
bentonite clay surrounding the containexsdprding tdts density or compaction factorgnd is
affecting the bacterial activity levels around the containers. If bacterial activity is present in the
repository, this leads tméreasing sulphide levels, which is considered the main corrodent for
the used fuel containerThus, proximity to hydrological resources is another measure that
should be taken into consideration, means, how far the repository is from hydrological
resoures?

Proximity to hydrological resources means that the probability of having water diffusion from
outside the repository to its inside may take place because of the underground water resources
(that is generated from sea, ocean, or precipitation infdtrat Groundwater flows through
aquifers, which are geological formations made up of granular or fractured material from which
a sufficient quantity of water can be extracted to serve as a water siippbyding to BQ], the

first subquestion that should e asked in this case is AWhat c
ability to evaluate the quantity of the resource, its locations and the uncertainties associated with
these evaluations?o0. Accur ate esti mates of
impossible to be identified. The Geological Survey of Canada (GSC) stated that, according to
[300 , Athe amount of groundwater stored in Cana

i n ecosystem functi oniln @notler meaning,ltetguwanbvdter unkn
consumption in Canada is known, but the actual volume is unknown. Because of that, the
proximity to hydrological resources will be determined from being located in or near to the
regions having oceanic crust (which is about 8% of Canadaa esult, if the repository is

located in a continental crust region, it may be assumed to be far away fromgraodd
hydrological resourcesiowever, for the locations that are being tested by NWMO, precautions

will be taken to locate the repositoryan aea that is known for low groumchter amounts, do

be far away from the groumghter aquifers. If the reposity is chosen to be in a groumater
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existing location, itshould be of low salinity levels and low concentration of potentially
corrosive agnts.

2.3.4 Bacterial (Microbial) activity

The sulfide content and salinity level of the tmk in which the repository will be located,
represent a crucial factor. Sulfides and salinity are influencing the corrosion process of metals
contained in theapository (spenfuel waste metal containers$alinity level is different for

every rock type, and may exist because of themaitfusion coming from groumdater, which

have different salinity levels depending on the aquifers. Bacterial (or micrawmality is
affected by salinity, as with the salinity increases, the bacterial activity decreases, and vice versa.
If bacteria are active, this will result in sulphide content, and sulphiden@d=yed a corrodent

to metals.Thus, in the bedck, in which the repository will be located, the existence of
microbial or bacterial activity affects the corrosion level of the metal containers. Moreover, if the
salinity increases, the tendency of aigetto corrode also increase¥n, care should be taken
when deiding which rock type and beatck in which the repository will be built, as choosing a
saline rock type will decrease the bacterial activity in the repository, but will increase the salinity
level in the repository, and then, increases the metal tendencgrrode, and vice versa.
Moreover, regular measures and field data should be available in order to realize the amount of
activity of the microbes and bacteria, as the
over time. In that order, the lo@ats, which are being tested by NWM8&houldbe chosen to

have low salinity levels and low concentration of potentially corrosive agents. And in order to
achieve that, locations of low salinity levels will be chosen, along with limiting the bacterial
activity with maintaining high pressure values in the repository in order to prevent the bacteria
from being active, and thus, not producing sulphides. For that reason, the compacted bentonite
clay used to surround the container should have high dry densitsgento reduce the bacterial
activity in the dry phase. While in the wet case, when having humidity, water diffusion, or water
saturation, the swelling pressure of the bentonite, of high dry density, will do the job of
preventing the bacteria from beiagtive, and limit the existence of free water (bacterial growth
increases in free water). This will lower the sulphide contents in the repository, and thus,
reducing the tendency of metal corrosion of the used fuel containers.

2.3.5 Corrosion and WeldingCorrosion of the Used Fuel Containers (UFCs)

Corrosion of the containers, in which the spent fuel assemblies (which assemble the fuel
bundles) are emplaced, is an important factor that may affect the diffusion snalgsise the

failure happensAccording to [L2] and [31], at a depth of about 500 m in Wwedk, where the

spent fuel will be deposited in the repository, the waste canister provides safety during handling
and emplacement of the waste in the repository. It also ensures complete isolation of the waste
for a desired period of time (minimum of 5Q@000years) during which most of the important
fission products will decay, and the heat generation (by radioactive decay) of the waste is most
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important. This temperature rise will resultadow humidity environment in the vicinity of the
container (lowerig expectation of corrosionjfter emplacing the canister in the emplacement
room, the room will be sealed with bentonite clay mixture. The dimensions and waste load of
each canister, which is double walled with thickness that acts as a radiation sieldelen
chosen such that the temperature on the outer surface of the canister never exceeds 100° C. The
external pressure in the repository may reach the value of 15 MPa resulting from a 5 MPa
hydrostatic pressure and maximum of 10 MPa bentonite swgiggsure. In31], corrosion is
discussed deeply: corrosion by oxygen (aerobic corrosion), corrosion by sulfides (anaerobic
corrosion), and other types of corrosion and how they may affect the canister and its welding
over time. The sulphides, which act th& main corrodents, can be supplied from the buffer
mass/backfill in deposition holes and tunnels as well as from the groundwater. In addition to
these sources, it can also be produced from sulphates through microbial activity. In order to face
all thee types of corrosion, copp@ras chosen to be the coating material of the canister, and
presented as a reference canister material, becaitsettoedrmodynamic stability in pure water.

In the Canadian repository, corrosion conditions will be taken ihtitd be aggressive and
extreme until reaching a benigtate[12]. Another aspect to be determined, what if the container

is emplaced in the repository with a throeuggating defect (in the copper coating or welding)?
Obviously, this situation can be aded by proper inspection of the container prior to
emplacement, but failure to detect defects will be considdrdd So, this arouses the need to
know the factors influencing the corrosion of weldments, which may be one or more of the
following [32]: weldment designfabrication techniquewelding practice welding sequence,
moisture contamination, organic or inorganic chemical species, oxide film and scale, weld slag
and spatter, incomplete weld penetration or fusion, porosity, cracks (crevices)esidhal
stresses, improper choice of filler metal, or final surface finistis means that if the welding
technology has any of the above problems, there may be some weak points present in the weld,
which will definitely be followed by a failure in theaugister.Fig.6 shows the UFC coating

Manageable weight

Integral backing with partial
penetration seal weld

Integral Copper Coating

Standard ASME/ASTM Materials and Sizes

Hemispherical Heads

Fig.6: Spent fuel container and its coatirgg|
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2.3.6 Bentonite Clay (Buffer Boxes, Gap Fills, and Back Fills)

Canada, China, Belgium, France, Germany, Japan, Sweden, and many other countries have
considered deegeological repository for higtevel radioactive waste (HLW). In present design
concepts, compacted bentoritased materials are supposed to be used as sealing/buffer
materials in the emplacement rooms of the deep geological repository of the high level
radioactive wastes (nuclear spent fuel) due to their low permeability, high swelling capacity, and
high radionuclide retardation capaci8d]. It is also supposed to use bentonite clay as a back fill
material in the repositornA fundamental property of béonite is that when it absorbs water, it
expands. However, not all bentonites have the same absorption capacity. Accordibg to [
thermal treatment of bentonite (up to 400°C) drastically reduces its swelling behavigs], In [
bentonite clay igvaluated as an alternative sealing material in oil and gas wells. As compared to
cement, which has the tendency to shrink, bentonite shows superior sealing ability during
hydration (as it swells and expands). Along with that, it has lower permeability,cément,

during hydration, with the ability to reshape itself and heal any cracks which may occur during
subsurface movements. 187], swelling test (swelling pressure test) and hydraulic conductivity
test are performed for bentonite clay under the semmelitions of deep geological repository.

This work was conducted because the bentonite clay showed high swelling capacity, and good
durability under disposal environment, 8wt the penetration of grouwdter from the host
environment can be minimizedAfter closing the emplacement rooms, under hydration
conditions, bentonite will swell to fill the gaps among the bentonite brioksb(ffer boxes),
between the canister and the buffer box, between buffer box and the host rock, and fills the
fractures inthe host rock due to excavation. After that, the subsequent swelling is restrained by
the host rock and swelling pressisalevelopedthis pressure must be lower than certain limits).
Fig.7, Fig.8, and Fig.$how the bentonite buffer box and the placement robmus, proper
understanding of the behaviour of compacted benttraised materials during hydration is vital

for determining short and long term performancéhefdeep geological repositofg4].

Placement Room Concept

Highly Compacted
Bentonite

Rock

Gap fill

Used Fuel Container Dense Back fill

Buffer Box

Fig.7: Bentonite Buffer box33] FRy.Placement Room Conce®J
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2.4 Safety of Hydropower Dams (SHPD)

Dams are of different types and techniques of operaliothis researchmany types of dams
can be considered for the application of fhreposed failure predictioapproaches that are
explained in the next chapters. Howevembankment dams, which inde both earthen and
rockfill dams,arethe main type that is reviewed in tlsisction

In [38], a procedure for incorporating the risk of catastrophic failure in project evaluation is
presentedThe evaluation of risklependsnainly on estimatingthe probability of failureSo, the
main challengas how to determine the probability édilure of dams or dam systemBhe
different factors affecting the failure of dams are briefly explained in the next section.

2.4.1 FactorsAffecting the SHPDSystem Failure

Dams are complex engineering structures that incorporate huge number of interacting system
components. Failure in dam systems depends on failure in performing the required interactions
among system components, #nrdfailure to achieve at &st one of the required system
outputs/resultsin this section, the different factonelated tothe SHPD system operation and
failure, arereviewed

2.4.1.1 Hydrological Factors

Dams are used for controlling and/or storing water for different purpatés) mean that water
is the main factor affecting damsd operation.
the dam, the water storage, and the outflow from the dam. The water inflow to any dam is
affected ly upstream events.e. precipitation,flood, or connection to any upstream dams.
Depending on thenflow rate to the damyateris stored in the dam reservoir and/or released to
the downstream of the dam by water management techniques (i.e. gates). If the water inflow
resuls in exceeding thenaximum capacity that the reservoir can hold, there is a requirement to
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spill, and the extra amounts of water should be released using spillway gates. In hydropower
dams, water is also released from the hydropower turbines afterajing electric powarsing

the head difference between upstream and downstream water Feaiélse in dam reservoir
operatiors is considerec failure of the dam system

2.4.1.2 Structural and Design Factors

Dams are of different types like embankment dams, arch dams, gravity dams, saddle dams,
buttress dams, coffer dams, and diversion dams, amongst other types. In every type, there are
different designs and different operating conditions. The type of the itmesign, and the
structural aspects play an important role in dam failure. This section presents a review of some
literature onstructural and design aspects that affect the failure of dzspsgially embankment

dams, as they are the most widely udads in the world involved in the most historical dam
failure eventsincluding breaching

For dam failures, the input breaching characteristics, which are dependent on breetiorfio
mechanisms, are presented in referef@gsand[40].

In generalamounts of dataeported for dam failures are minimum, which limits the assessment
studies (qualitative and quantitative) for dam breaches and failures. One type of the important
data is the embankmedamcharacteristics, which includes size and shape of the embankment,
cohesion of embankment material, emband Kk ment
foundation geology[39, 41]. Availability, or prediction, of this data aboudam breach
characterists, dam characteristicgnd reservoir geometrig crucial in evacuation planning and

safe management of reservoir operatidngd40], analytical models for dam breach erosare
developed with discusthg their advantagesand disadvantages, and evaluatitigeir
applicability. Ref [42] tries to quantify the factors leading to breach and erodibility of dam
materials basedrohistorical data put in a d&tase.In [43], existing prediction models for
estimating embankment ddmeading parameters are summarized.

For an earthen dam, breaching process often has two ff#&esee Fig.Q):

1 Breach initiation phase, with breach initiation time defined as the time spent from the
first flow over the dam (in case of overtopping) the first erosion to form a seepage
pipe (in case of pipingand starting the erosion in the downstream face of the tdatime
point of lowering of theupstreamembankment crest of the dam or forming a seepage
pipe. Breach initiation time is importannhidetermining downstream hazard, warning
time, and evacuation planning.

1 Breach formation phase, with breach formation time defined as the time spent from the
point of lowering of theupstreamembankment crest of the dawr forming a seepage
pipe, until the breach is fully formedife point at which the upstream slope of the dam is
fully eroded to the entire depth of the dam
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Fig.10: Progressive headcutting breach of a cohesive soil embank#gnt [

Dam overtopping, which is one of the major causes of dam failures, isexiswvedin [44].
Reservoir overtops the dam if the inflow exceeds the capacity of the reservoir storage and
spillway outflow system. The main challengehisw to predict theperformanceof the damin
advance of any failure.

Failure of dams can be attributed to a large hydrologic event and the combination of several
factors,not only breachindjke [45]:
1 Inadequate spillway design,
Lack of emergency spillway gates,
Loss of permanent reservoir capacity duéong time of sedimentation,
Seepage piping faite due to poor dam maintenance, and
Human factors such as failure to act, wrong procedures, among others.

= =4 4 A

The most widely used dams in the world, involved in thestnhistorical dam failures, are
earthrenand rockfill dams. Failure of noncohesive dams, in which materials are removed in layers
by tractive stresses, is different than that of cohesive ones, where breaching takes place by
headcutting that initiates atehioe of the downstream slope and migrates to the upstream face of
the dam. Cohesive embankments rarely have seepage pipes because of the low permeability. On
the contrary, seepage pipes take place in granular embankments on the downstream slope
resultingin surface slips. Seepage piping is the progressive erosion of particles by percolating
water, leading to the development of seepage channels that allow water to flow through the
embankment oits foundation[46].

In the absence of sediment managenremhany dams, storage capacity loskich is along

term progressive process, makbhs dam increasingly vulnerable failure during large flood
events This results in terminating the usefulness of dams and reservoirs, and converting a dam
from an asdeto a flood control liability[45]. Study of dam failures and flash floods requires
modelling the loss of life (LOL)which depends on the time taken by the population at risk
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(PAR) to evacuatethat may resultdue to number of reasan®ef [47] recommends the
following:
1 To estimate the benefits of structural modifications and designs that wouldhtpesve
existing dam from failure,
1 Costs of potential dam failures should be considered in constrageaisions,
1 To consider the benefits of warnirgystems that may be installed at dams, and to
calculate the expected reduction in fatalitiee to these warning systems
In [41], results ofa statistical analysis of failures and accidentsembankment damsare
described based on the historic performance of damescording to 1], the International
Commission on Large Dams (ICOLas carried out extensive surveys of damdests
(ICOLD 1974, 1983, 1995).

Management procedures relatedéde operatioof dams has significancomplex and uncertain
social, economic, and environmenfaktors The increasing risk posed by failure of dams
aroused the need for rehabilitation of current dams. Changes to hydrological safety requirements,
changes in downstreaof rivers after building dams, and the modified priorities of watershed
management are all parts of the risk and should be taken into consideration. Moreover, lack of
knowledge of the effects of dams on floods downstraadhthe worldwide dam accidergsts

an additionalfactor of uncertaintyAs a result, and with increasing population and greater
development downstream, the overall number of dmnghard dams is increasing. Thus,
rehabiltation and/or redesignof aged dams is a mu$4g].

Preventionand mitigation processes of dam failures depend on dam risk analysis. So, a
guantitative angsis of the dam failuresiust be conducted.

2.4.1.3 Climatic Factors

Climate conditions affect the dam operation. Winds, precipitation, tornados, and winter ice
loading may affect the inflow rates, the reservoir water level, and the operation of different dam
componentsln [49], thesafety ofcurrent damss assessed according to whether ortheteffect

of the futurepossible climate changes wgakeninto account while building themClimate
change may provide increased precipitation and river flows that exceed the capacity of existing
reservoirs. Thus, there is a current need in some countries to thmldesign flood calculations,
required for safety agssments which are done every205years for their damsin order to
classify dams according to their damage potentials, damsfivavelasseon a0 i 4 measure
whereClass 0Ois for dams with minor failureconsequencesandClass 4 is for dams witlthe
highest consequenceshe design flood is the factor that dams should pass without failure.
Design flood for class R 4 dams is required toave a return period @it leastl,000years, and

is 500year for class 1 dams. Class 0 dams have no spesgficrement for design flood, but it is
recommended thave a 200 year return periodftifod. The damsarealsorequired to withstand

a safety check flogdvhich must be hyassed without causing failure, while some damage may
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be acceptedThe safety checitood for class 1 and class 2 dams is given to be 1.5 of the design
flood, [49].

2.4.1.4 Mechanicabhnd ElectromechanicalFactors

Dams include number of gates for different purposes. Gates are considered mechanical
equipment in any dam. Spillway gatbgad gates, and service gates are different types of gates
that are used in dams. Spillway gates are responsible for releasing water if there is a requirement
to spill and in order to prevent overtopping failures. Head gates are used in hydropower dams for
generating electrical power from the hydropower turbines by letting the water to flow through
penstocks. Service gates are usedngumaintenance action&ny failure in operating the gates

may result in a failure in the dam operation. Failure may happen due to different reasons,
including electric supply problems, ice loading during winter periods, remote control
connectivity issues, or manual control pernk.

Hydropower turbines are considered electromechanical equipment responsible for generating
electric power for different purposes.

Mechanical and electromechanical equipment should have efficient monitadngantenance

plans in order to reduce thdendency to fail, because this may be responsible for the entire
system failure.

2.4.15 Economic and HumanFactors

The global boom in dam construction reveals that dams are important economic assets that affect
peopl ebs | ives. T to besoperated, smenitosed, and enairgaingd proerty dh
order not to be a liability and a risk for pe
dams depends on affording economic frhd if calculating the risk depends of the failure of

the system and its consequences, the consequences here are remooolyi¢ but they are

about lives of hundreds, if not thousands, of pedptenomics are crucial imaintaining proper
operationand limiting the failureswhich may lead to more expensive effects, beside the
expected loss of lives.

In the same direction, human factors are important in limiting the failures of dam projects. The
humans are operating the dams on site or remotely. Bneytaking decisions regarding
management of dam components (i.e. electric power generation, gates management, and water
storage amongst otheJsif the human operators of any dam failed to take the right decisions at
any time, the dam will have a higheossibility to fail in performing at least one of its
operations.

It is also important to mention the economic, social, and societal impacts on. géugpkm of
[50] is to unify scholarly understanding of dams' social impacts usingrbgysis of varios
frameworks.Referencesq1], [52], and B3] present he average need falectric power per
personglobally, and how some countries are investing in dams to proga®mic and societal
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developmentand environmenal improvement inside and outside their bordéhough the

public opposition to hydropower projects because of the risks resulted from the reservoirs
impounded by large dams, these projects may play an impootanh the future world energy.

In [54], break dowffailure of the engineering processvifich includesplanning, design,
construction, and operation) is discussed. Three causes are identified: absence of data or
theoretical knowledge, ignorance of prevailing practice, and rejection of cteoamlogy.lt is

obvious that the human factor is part of these cauisg55], two modes of hydropower dams

are explained: 1- Reservoir based dams, andRun of the River (RoR) mode In storage or

reservoir based project, the dam may be capable of holding water for sufficient time, in case of
flooding, to use it in power generation or other water demands. This also gives some time for
people on the downstream side to evacuate beforaligaster may take place (warning time).
From another point of view, huge reservoirs a
affecting human lives and properties on the downstream side. RoR piajctthe storage
advantageand in case of gremergency due to floods or breakdowns, less time will be available

for warning on the downstream side. The strength of RoR projects lies in the fact that they have
smal | reservoirs (or do evertspdéopeflom watesbempgshi r s at

2.4.1.6 Safety Management Factors

A statistical analysis oflam failures from 43 countries ingpindicated that earthock dam
failures included 49% due overtopping, 28% due to seepage in dam body, and 29% due to
seepage in foundatiomModern dam safety management (DSM) system involves regulations,
guidance system, and risk analysis system, safety monitoring system, danger control and
reinforcement system, early warning system, and emergency plan system. Two main methods for
studies of danbre& process are damreak experirants and mathematical modeling6].
Typically, reasons for dam failures are of two ty[:

1 Natural causes, like heavy rains, hurricanes, and earthquekesternal natural causes.

And aging of materials, dam body def® and foundation defects, as internal natural
causes.

1 Human attributedjke global warming (increased precipitation rates), terroristic attacks,
inappropriate design (like putting large number of dams on the same river to form system
of damsor a floodcontrol syster)) construction problem, or operational problem.

The purpose ofhe studyin [57] is to investigate therimary causes of the dam failures and the
effect of falure of one or several dams ¢ime safety of other dams inflmod controlsystem.
Important lesson to be understood from this failure is poaverful warning and emergency
response systemust be available. Moreover, although flood control system of dsrinances

the control mechanisnit, poses higher risk during extreme evefetg).if a dam on the upstream
fails). Small dam safety assurance policy benchmatksat are availablédrom international
literature are reviewed and synthesised 38][to determine their applicability in developing
countries.In [59], the formaton and failure of natural dams is discussed. Natural dams are
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formed from landslides, glacial ice, and late neoglacial moraaftes an excessive rainfall,
snowmelt, or earthquakkandslide damareformed due to mass movements of rock and debris
avalanches; rock and soil slumps and slides; and mud, debris, and eartivitowslandslide
dans fail shortly after formation, which should be taken into consideratibite designing
safety monitoring syems and danger control systems.

2.4.2 Dependability Approaches for Representabn of Dam Failures

Dam failures incorporatenany differentfactors. Technical problems in dam construction or
operation may lead to environmental and seatiproblems from one side, or catastrophic events

of dam failures from another side. The main concern in this reseatohbitter predicdam

failures according to different types of causes, and lomeduce the probability of thédilure.
Generally, the primary causes of dam failures come from structural failures, inoperable gates,
control system errors, operator errors, mechanical failures, or power supply failure. Representing
the dam system as causkect relation representation is cral in this case.

Failure predictionis related tothe problem of dam aging in the dam safety dilemra&[60]
mentioned that while dam systems involve multiple failure modes, conventional assessment and
prediction models often neglect the correlatiomaoag failure modes. Accordingly, the
remaining service life of dams predicted by these methods is relappipximate and could be
overestimatesSo, there is a certain need for a better method in predicting thennegnservice

life time for dams, with taking the correlations of different system components and modes of
operation into consideration, to predict the risks that might exist.@pfoposes a prediction
model of remaining service life for gravity dam systems based on the illustratetation
analysis and timearying theory As an example, in Figll the failure of a dam is viewed as a
systemand analysed based on Fault Tree Analysis (FTA) technique.i$=®Ae of many types

of dependability analysis techniques that are used for ndepey modelling of system
components.Ref [61] explains the different types of dependability analysis techniques.
Generally, all these techniques share the distinction of being able to represent thietoaduse
effect relatimships among system comporgefithe principal dependability approaches that are
widely used in similar dam studies are: failure modes and effects analysis (FMEA), event tree
analysis (ETA), and fault tree analysis (FTA). R& has provided list of advantages and
disadvantages of théiree typical methods versus theay®sian network analysis (BNA).
Although still a new approach for engineering applications, Bayesian Networks are found to be
suitable for studying complex systems with multiple elements and their interrelationships.
Disadvantages of other methods can be overcome by applying the Bayesian network technique,

[7].
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The BN may be considered asnaultidisciplinary approachhat includes the probability of
failure of the geotechnical, hydrological, anstructural subsystems of a am. Therefore, it
provides a promising framework fan integratedystemfailure analysisn a more global and
holistic way, p2] and [63].

2.5 Risk, Reliability, and Uncertainty

There are many definitions of risk. Two common definitions of risk are: (i) probability of failure

and (ii) the product of the probability of an undesired outcome (failure) and the consequences of
that outcomd3, 64, 65, 66, 67, 63, 69, 70, 71, and72]. Here in this thesis we generally refer to

(i) and occasionally to (ii) depending upon the contéke development of risk estimates or the
determination of risks in a given context is called Risk Analysis, while Risk Assessment is the
process of evaluating the risks and determining the best course of action. Uncertainty of
outcomes i common coneptin all definitions of risk. Uncertainty may be definedtasstate

of having limited knowledgesurrounding existingevents andiuture outcomesor imperfect

ability to assign a character state to a process that forms a source of 8pdibiis, uncertaity

is an intrinsic property of risk and is presentadll aspects ofisk management (see Fig)1l

including risk analysis andisk assessment. Generally, risk analysis is a systematic tool that
facilitates the identification of the weak elements of a complex system and the hazards that
mainly contribute to the riskn [73] hazard analysis i s denscri be
before it occurso, with the aim of identifyin

27



Basis for risk management

established by company

Establishing context

!
ﬁ [ Risk ideatification J Qh

P“ls‘k. monitoring and ] Rask analysis }
TeVIEwW
\

S J

| Risk control and J N | [ Risk assessment J

DOCUMENTATION

coverage

Fig.12: Risk management proce€#!]

According to p1, 71, 72, and74], availability is the ability of a component or system to function
ataspeci fied interval of ti me. This is <c¢closel
describes the ability of a system or component to function under stated conditions for a specified
period of time. Reliability engineering is a sdiscipline of sygeems engineering that emphasizes
dependability in the lifecycle management of a product. In reliability engineering programs
where reliability plays a key role in the cost effectiveness of systenisstability,
maintainability, and maintenance are padfs these programs. In reliability engineering,
estimation, prevention, and management of high levels of lifetime engineering uncertainty and
risks of failureare common areas to be dealt with. Theoretically, reliability is defined as the
probability of success (Probability of successPrbbability of failure). Sometimes, probabilistic
stability analysis is referr edgrobaolity assmatiom,el i ab
reliability analysis cannot be used solely, and the results of such analysis must be moderated
using engineering judgment and appropriate models as useful tools in estimating conditional
probabilities.

Generally, according to4[ 66, 72, and 75], uncertaintyi which is a common concept for
expressing inaccuraciesneans that a number of differenfuas can exist for a quantity,hve

risk means the possibility of loss as a result of uncertainties. éogty, any uncertain varide,

which can take various valuewer a rangeshould be providg with an uncertainty analysis that

is used to assess output uncertainty and to identify the most efficient ways to reduce that
uncertainty accordop to the contributing variableHence, interms of statistical concepts,
uncertainty can be thought about as a statistical variable and can be calculated using well verified
statistical procedures. In a broad sense, the value reported for a measurement describes the
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central tendency (mean); whilee uncertainty describes the standard deviation (deviation from
the mean). Ideally, this measure of uncertainty is calculated from repeated trials, or to be taken
from estimates in whole or part in many engineering tests or research experiments.skhus, ri
analysis forces the engineer to confront uncertainties directly and to use best estimates and
predictions, especially, while taking decisions regarding the safety of large technological
(complex) systems. Increasingly, such decisions are being bagbe oesults of probabilistic

risk assessments (PRAs), which must be associated with adequate quantification of the
uncertainties. Uncertain parameters can be treated as random variables with appropriate
probability distributions. Such distributions areigsed on the basis of available data (which is
often scarce), combined with the judgement of experts (which can vary widely), adding another
element of uncertainty into the uncertainty analysis itseffis means that there might be
different sources of wertainty due to data available, limited knowledge, and subjective
judgement, and uncertainty here is assumed to be available in probabilistic terms either from data
or from expert judgement or logical infereng®, 4.

For any given systenmcludinginputs and sulsystems, probabilistic failure analysis depends on
finding the probability of not getting the required or estimated output of that system. The
required output may be the effect that is produfreth the system causes (i.prediction
reasoing), or the determination ofause responsible for certain results and eféegi.e.
diagnostic reasoning). Thus, determining the cafifeet relation is an important first step in the
probabilistic failure analysis, which allows for better understapdim enhance the system
reliability, and take decisions for mitigating the negative effemtbetter enhancing the causes.

A complex systencan be defined assystemstructurethat iscomposed o manycomponents

that have complex interactionand may be represented as a network where the nodes represent
system components and the edges (links) are their interadBoren any complex systethat
includesinputs, outputs, subystemsand boundaries, it is reasonable to assume that all of these
system components are interacting either directly with one anathéndirectly. In order to
estimate the probability of failure fosuch system, the interactions should be represented
mathemécally including any probability measures. A full representation of the system facilitates
its analysisfrom the failure point of view. The main obstacle in failure analysis of complex
systems is how to represent the system componenthaindasicandconditional probabilities.
Bayesian Networks (BNsare found to solve this problem. Bayesian Network provides a
graphical representation of any system using basic probabilities, for systens, ioak
conditionalprobabilities, for suisystems and their teractions. One of the main advantagés

using BNs isthe ability of integratingall types of data (social, environmental, teiclal, etc.)
seamlessly in one representatidrhis is because of the probabilistic nature of the BNs, as
everything is represéed as a probability The mainchallengein BNs is that data must be
availablein orderto estimateprobabilities. Wien the systemis fully represented, the failure
probability could beestimatedusing Bayesian equations. An alternative oseéhe BNis to
evaluate the performance of the system components and their interactions to get some
information about the failure causes. If the post failure analysis stage is taken into consideration,
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determination of causes and mitigation or treatment actionslcsith@ considered in ordeto
improve the performancand limit the overall system failurdn the next sectionBayesian
Networks are definedyith introducing their different typesnd their probabilistic calculations.

2.6 Bayesian Networks (BNs)

According to b, 7, 9, 76, and77], Bayesian networks (BNs), or belief networks, are probabilistic
graphical models used to represent knowledge about an uncertain domain using a combination of
principles from graph theory, probability theory, computerrsme and statistics. In the graph,
nodes (vertices) are representing random variables, and the edges (arcs) represent the
interrelationships (conditional probabilistic dependencies) among these variables, which can be
estimated using known statistical aoomputational methods. BNs can model the quantitative
strength of the interrelationships among variables (nodes), allowing their probskitit be
updated usingny new available data and information. BN is a graphical structure known as a
directed acyat graph (DAG), which is popular in some fields of learning (statistics, machine
learning, and artificial intelligence). This means that a set of directed edges are used to connect
the set of nodes, where these edges represent direct statistical de@snderang variables,

with the constraint of not having any directed cycles ¢annot return to any node by following
directed arcs). Thus, the definition of parent nodes and child nodes is obvious. The directed edge
is often directed from a parent noaeat child node, which means that any child node depends on

its parent node(s). BNs are mathematically rigorous, understandable, and efficient in computing
joint probability distribution over a set of random variables, along with beg&jul in risk

analyss. In BNs, there are two main types of reasoning (inference supperBretlictive
reasoning (tomlown or forward reasoning), in which evidence nodes are connected through
parent nodes (cause to effect), andiagnostic reasoning (botteop or backwardeasoning),

in which evidence nodes are connected through child nodes (effect to cause). Firstly, the
topology of the BN should be specified (structuring of graphical causality model), then, the
interrelationships among connected nodes should be qudntifee conditional probability
distributionsusing conditional probability tabke (CPTs). Also, the basic probabilities of basic
(evidence) nodes should be determinsthgbasic probability tables (BPTs). As the number of
parent nodesand/or their stat increases, the CRTget very large. Fid3 introduces the
different types of reasoning in BNNodes without any arrows directed into them are called root
nodes and they have prior (basic) probability tables, while nodes without children are called leaf
nodes. Nodes with arrows directed into them are called child nodes, while nodes with arrows
directed from them are called parent nodes. The prior basic probability tables, for the root nodes,
and the conditional probability tables, for the parent andl dlellationships, may be obtained

from historical database currently available, which can be updated in case of having any new
data or information. Generally, quantifying BNs depends on four sources of data: statistical and
historical data, judgment based experienceif. expert judgement), existing physical models

(or empirical models), and logic inference. Where no such sufficient data exist, either subjective
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probabilities from experts or detailed simulation models can be used to estimate conditional
probabilities whichis discussed in detailater in this thesis

DIAGNOSTIC PREDICTIVE
Query

direction of reasoning
Suruoseas Jo uondap

=

& . if:gvidence
—
-

SHE
[} :
— N 3 ==
Evidence
INTERCAUSAL
(explaining away) COMBINED

Fig.13: Types of reasoning in BN3T]

An example of BN with seven variables is shown in Fg:he joint probability function of
random variables in a Bayesian network can be expressed as shown in éjdiation

0 oxfB 8 ho B 0 ol O® Eqn.2.4

Whered oxf8 8 Fro is the joint probability of variables;, %, Xs.. %, andPa () is the parent

set ofx. If x; has no parents, then the function reduces to the unconditional probabity)of

For more illustration of BNs and their applications, includimgthematical relations and
equations, se&|[7,9, 76, 77, 78, 79, 80, and81].
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Fig.14: An example of BN with seven variables]

In [79], another simple Bayesian network of earthqulgggered landslidesf five nodes (with
their possible states) and five arcs is illustrated inlbig.

M=Small magnitude =/--i\’a-17z_a_gni t;c;\ " pistance )| Di=Smal distance
M=Large magnitude | . ﬁ__,.-// N - Dy=Large distance
Tas
/7 Seismic ™\ ~ Landslide ™, | Ls=Low severity
S,=Low severity '\\_feven't\{_// N severity /| L=High severity
S=High severity S /,,./‘_:'7_ -
haT
/7 Building ™
N damage
By=No damage
B,=Some damage
B==Collapse

Fig.15: Bayesian network of earthquakéggered landslidesrp]

The marginal prior probability oB havingno damageP(B = B;) can be calculated through
marginalization of equatioR.4 by equatior2.5:

~ N

06 6¢ B B B B 06 6gd 0O H ORY YR O
Eqgn.2.5
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The joint probability can be derived according to equatidnwith the conditional probabilities
arequantifiedusingavailable information (e.g., statistical and historical data, expert judgement,
and physical and empirical modglg79]. One of the features that BN allows is entering
evidence as input, resulting in updating probabilities in the network when new information is
available. This information will propagate through the network and the posterior probabilities
can beestimated An example of the posterior probability of BBjiven that the evidence
M=M; and D=0 already took place, is shown by equatitér

e e 00 0pHO 'Ocgé 6p 0 8 &p
DO O0psL LPHO O 55 bpf0 o

B B 06 6gd 0dio ORY YR O

B B B 06 6 0di0O ORY YR 0

Eqn.2.6

be vambre b4

The concept ofposteior probability allows for identifyingthe events which havehigher
contributing impact on the undesired/failurevent, and then the decision maker may pay more
attenton to these important factorg82]. In BNs, the main concern is the caussffect
relationships, andderiving causal inferences from a combination of diverse assumptions.
Generally, the use of Bayesiaetworks helps to answer queries even when naiexgetal data

is available.

The structure of a relatively complex BN of the IERES system is shown in Fig. This

shows how complicated the system interrelationshipgdcbe when represented as a BN,
especially when large number of system components/nodes need to be represented. This also
reveals that BN may be used to represent different applications due to its probabilistic nature.
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2.7 Advantages of BNOver Other Network Representation Techniques

Network representation using sequence diagrams may not be an easy task forx comple
engineering applications. The twoost commonly used sequence diagrams, for representing
engineering applicains, are Event Tree Analysis (ETA), and Fault Tree Analysis (FTAl
research proposes using Bayesian Networks (BNs) for representing complex systems. Detailed
Simulation is another way of representing the engineering system when appropriate amount of
dataand models aravailable.

Table3 showsa detailed comparison, withe advantages and disadvantages of four techniques
(methods) that can be used in representingesyst These four techniques aren@ation,
Bayesian Network (BN), Event Trémalysis (ETA), and Fault Tree Analysis (FTAY].
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Technique

Advantages

Disadvantages

Simulation

1 Can represent any system wi

any number of variableswith
detailed statéds def i ni t

Sampling problem (depends «
the sample nature arnits size).
Sampling mainly depends c
randonty generated data

Too complex with multiple
number of system variables al
their  corresponding  state
Relations among variableare
complicatedto be obtainedThis
maylead tomisleading results
Takes much moretime to
estimatethe results in case ¢
huge number of system variabl
(good for estimation not for risk
decision making)

Probability estimation may be
computationally complicated

BN

Depends on historical data al
statistics, not on sampling

Can integrate different types ¢
data due to probabilistic nature
It can represerda huge number o
variables and states

Estimating  probabilities  ir
shorter times

Simplify any system t@ number
of nodes having
interrelationships among eac
other (nodes and eg)
Representdasic and conditiona
probabilities using basic and
conditional probability tables
(BPTs and CB®B), which
facilitates the representation ai
makes it easieotinterpret

Being acyclic makes it faster i
solving problems that do nc
require gclic representation

Results depend omonnections
and topologies used fc
representing the system as a E
That is why relying on expel
and domain knowledge i
representing any system
required. If such knowledge i
not available, estimatin
different configurations tha
define different scenarios (wor
case, best case, and other ca:
will be beneficial

Has acyclic behaviour, which i
not suitable for  dynami
situations which may includ
cycles
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ETA

Simplifiesthe system in terms c
fyes/ noo steps
events that the system may
experience

Each step can be represen
using probability (conditional
probability) if there is a relatiol
between the grent state and th
child state

Not suitable fordescribing anc
representing multiple initiating
events

Not suitable to represer
dependency among differel
evernts with multiple number o
states, or between any event ¢
a new initiating event.

FTA

Simple to understand and easy
implement

Qualitative  descriptions 0
potential problems an
combinations of events causir
specific problems of intes¢

Lists recommendations  fc
reducing risks

Displays information in &
structured, graphic way the
makes it egy to interpret anc
communicate

Risk of inaccurate informatior
which compromises the accura
of the results (because it
mainly based on jugement anc
subjective opinions)

Can be a relatively time
intensive and complex techniqu
especially with very large
systems

Correlations between  basic
everis are difficult to be
modelled

Table3: Comparison oBN, ETA, FTA, and Simulation

To show the difference between BN and ETA representations, an example of ssdwmire
system is represented. UsiBis to representwo dams in series and in parallelith dependent
inflows, is shown in Fig.T and Figl8, respectively:
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Spillway Gates 1

Spillwey Gatez 2

Diam Failure 2

Fig.17: BN of two seies dependent dams/reservoirs

ReservoirLevel 2

ReservoirLevel 1

Spiltway Gates2

Spiltway Gates 1

Dam Failure 1

Dam Failure 2

Dam System
Failure

Fig.18: BN of two parallel dependent dams/reservoirs
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Both dams in this case are representethby inflows, reservoir leved, andthe event ohaving
excess water more than the reservoir capacity (named spill). If spill took place, and the spillway
gates failed to open, the dam will fail due to overtopping. Then, the failures of bogwilam
represent the system failure probability.

ETA, for examplecanalsobe usedo represent the sansgystem of two das)in series or in
parallel,having two dependent inflowsee Figl9). Both cases, seriesdparallel,will have the

same represerttan using ETA whichis misleading in terms of the form of representation of the
system under study. Moreover, if the two dams are in series, there should be an effect of the
outflow andthefailure of the first dam on the second one, which is hard t@sept in this case.
Similarly, for the pardél case, the outflowsf both dams should be addedrépresent the total
outflow of thesystem which cannot also be represented whittng ETA as a representation
technique.

Dam Fail

Gate
closed

S=Smax

Dam Fail

Gate closed
Gate open Dam No Fai

High Inflow 1 —ﬁ Dam No Fai

Smin<S<Smax Dam Fail

Dam Fail
Gate closed
Gate open
Dam HagFai
S=Smi _n
g Dam F: Dam No Far

High Inflow

Gate open Dam Nj

Dam Fail

Gate D
closed
Dam No Fail
S=Smax
Dam Fal Dam Fail
Gate closed
Gate open Dam No Fai
High Inflow 2 —ﬁ Dam No Fai
Smin<S<Smax Dem Faﬂn
Dam Fail
Gate closed
Gate open
Dam JaFai
S=Smin Dam Fp Dam No Fna
Gate open Dam Nj f .

Fig.19: ETA of two dependerdams/reservoirs
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Accordingly, whenthe BN is used to represent the systetime networkis found to bemore
readable and understandable than otbpresentatiomethods. This facilitates the analysis part

of the system, which leads to easier system queatiibn. Quantifying the sequence diagram
depends on available data, expert judgement, logic inference, empirical models, or detailed
simulation of the systenBNs need probabilistic quantificatidior the basic and conditional
probability tables of thenetwork, whichallows for using the Bayesian inference in predicting the
failure probability of any system under study.

2.8 Summary

In this chapter, the different factors affecting the Deep Geological Repository (DGR) disposal
system have been reviewedh &8 di ver sity of the systembs dif
unified in a single representation that includes all the interrelationships among these components.
This research focuses mainly on the failure of the Used Fuel Container (UFC) that contains the
nuclear fuel bundledt is shownthat there are different causes that may affect the failure of the
UFC. The main goal is timit the failure for such systemsyhi ch ar e not yet ap;f
have ag kind of historical databaseés the main purpose of this research isptedict the
probability of failure the way of representation should be probabilistic. BNs have the distinction

to represent the differercomponents of the system with their interrelationships, along with
defining the different causes leading to cerefiiect(s) in a probabilistic representatiddne of

the main advantages of BNs is that they can incorporate any kind of data (presspeeatiere,

relative humidity, etc.) because all of them are represented in terms of their probabilities of
occurrence, not their valueSimilarly, asdams incorporate a huge number of factors of different
natures and characteristics (mahan that of th&N\WM case) it would be crucial to have a
simplified representation that includes all these factors. Like the NWM case, the different factors
affecting dam failures are of different types (technical, s/maidle, economical, societal, etc.),

and for that ream a probabilistic representation like the BN is useful. In the case of dams, BNs
are supposed to use the historical databases to determine the different probabilities of the
interacting system components and factors.

Probabilistic uncertainty is one olie main sources of inaccuracy inopabilistic results. In
complex syst ems o6 representations t hat depend on
uncertainty propagation is one of the main challenges. While BN is having more advantages over
other sequencaliagrams and dependability analysis techniques, isti$é not mature in
representing complex engineering networks havingehnumber bsystem variables. In BN
representation, uncertainty comes from quantification sources, like expert judgement, logic
inference, or empirical modelWith that, BNs as Directed Acyclic Graphs (DAGstill have

the ability to representany network quantitatively (using probability measures), and
gualitatively (using simple representation and dependency structldied net chaptes
introduce different approaches of using BNs when dealing with different types of complex
networks, i.e. NWM and SHPD. Thegmposedpproachesy to make the BNs more mature in
dealng with such complex networks.
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CHAPTERS3

BayesianNetwork Approachfor Nuclear Waste
Management in Canada
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3.1 Introduction

This chapter appliethe BN to study the Nuclear Waste Management (NWM) systéms

future application includes a number of system components that have complex interrelations.
According to the literature that has been reviewed, studies and analyses for system components
and factors of this application are mostly done for each sepematponent/ factor. This thesis

tries to addresananalysis for the combination of most of the interrelated components/ factors of
this system in order to predict/ estimate a combined outcome for system failure.

In order to better analyze the system Niiclear Wate Management (NWM) using Deep
Geological Repository (DGR), BNs are used to represent the interrelationships among different
system componentfue to the nature of this system as a future project, limited data available
and lack of knowledge arthe main obstacles in representing the system and its interacting
components, which adds some complexity to the sysiéis.chapter focuses on analysing the
system, explaining the underlying assumptions, and studying all the related variables and
comporents of the DGR systeitnat will help in predicting the system failufgloreover, the

main contributors to system failure can be estimated in order to better design the project.

3.2 System Assumptions

In the NWM case studythe following key attributes arasumed for the hypothetical sif84,
85]:

1- High- level (HL), longlived nuclear waste.

2- High volume of spent fuel wastes. Thus, a deep geological repository (DGR) concept is
applied (500 m depth).

3- The repository is locateak a depth of 500 m, with sufficient volume of rock and depth to
host the repository.

4- Groundwater at repository depth provides a chemically reducing environment and a low
concentration of potentially corrosive agents.

5- The host rock is capable of withstanglimechanical and thermal stresses.

6- Seismic activity and the risk of volcanism are low.

7- Host rock formation does not contain economically exploitable natural resources at
repository depth.

8- Designs araccording to the Canadian standards (CANDU fuel bundlaste container,
and bentonite clay buffer boxes).

9- The repository contains a network of placement rooms that are assumed to hold 4.6
million used fuel bundles encapsulated in about 100,00Clieed used fuel containers,
which is the total reference us@uel inventory projected over the expected lifetime of the
current fleet 6Canadian CANDU power reactorse&Fig22 and Fig23 for the layout of
the repository and the placement room geometry
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10- The container design consists of an owerrosionresistant material (copper), and an
inner supporting material (steel), which provides strength for the container to withstand
expected hydraulic and mechanical loads. Se€Fignd Fig2l for the copper coated
used fuel container and its manutaig process

11- Used fuel bundles are at leastyars old at time of placement in the repository.

12- Repository operation (i.e., filling of repository rooms) lasts for 38 years (about 120,000
fuel bundle per year).

13- The postoperation monitoring period, witliccess tunnels open, lakis 70 years.

14- Final decommissioning/closure takes up to 30 years.

15 Main goal is to calculate or to estimatlke probability of failure of the spent fuel
container placed in the repository after the DiSRIlosed (post closure) his facilitates
management and improvement actionsthe design stagen order to minimize the
failure, and to estimate the main contributors to system failure.

16- Different scenarios are taken intmnsideration regarding groumdter at repository
depth tobe of either high or low salinity.

17- Extreme conditions of causal factors such as pressure, water, chemical, biological, and
thermal pollutions, can be taken into consideration in probabilistic modeling.

18 The coppercoatedused fuel containers have a desigmuirement for a minimum
functional life of not less than 100,000 years.

19 Future impacts are assessed over amitle®n-year baseline

FACTORY - ELECTRODEPOSITION HOT CELL - COLD SPRAY
STEEL ‘LOWER ASSEMBLY" °_| |—° FUEL LOADING
N 0 G =P
COPPER COLD SPRAY
U ——Tl
COPPER ELECTRODEPQSITION ‘
q 9_\ + FINAL USED FUEL CONTAINER
STEEL “UPPER HEMI- —
SPHERICALHEAD” i ‘ i —

Fig.20: Used Fuel Container Manufacturing Proce3& [
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Fig.21: Copper Coated Used Fuel Contairts][
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As of June 30, 2017, a total of approximately 2.8 million used CANDU fuel bundles were in
storage at the reactor sites (seeZdor major storage locations in Canadéhe Nuclear Waste
Management Organi zation ( NWMO) has a | egal
nuclear fuel, which exists now and that will be produced in the future. The NWMO continually
monitors new devefaments to be prepared to assume its legal respotsitulimanage used
nuclear fuel[86].

1. Whiteshell Laboratories
2. Bruce

3. Pickering

4. Darlington

5. Chalk River Laboratories
6. Gentilly

1. Point Lepreau

Fig.24: Current Nuclear Fuel Waste Major Storage Locations in Cargéfla [
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3.2.1 Pressure

The used fuel containers (UFCs) are designed to be corrosion reasfamtbust, with an inner

steel vessel that is designed to sustain a maximum external isotropic pressure of 45 MPa
(including the pressure @f 3 km thick ice sheet above the repository site). Thus, the containers
are expected to have a long lifetime. Hoee there is still a possibility of having unexpected
events in the future that could lead multiple caomges to fail in the repository84]. The UFC
incorporates a steel core for structural strength (46 mm thickness to sustain a maximum external
isotrapic pressure of 45 MPa) and an exterior copper coating for corrosion protection (3 mm
thickness), with a capacity of 48 used CANDU fuel bundles for a fuel maaisoot1200 kg.

Under repository conditions, corrosion of the copper barrier is predictesl taubh less than 2

mm over a period of one million years, which is approximately the time required for the
radioactivity of the used CANDU fuel to decay to levels comparable setbbnatural uranium
deposits,[85]. The total external pressure in the aspory accounts for three components:
hydrostatic pressure, ice glacial load pressure, and bentonite swelling pressure. The swelling
pressure of bentonite backfill is expected toabeut7.1 MPa (maximum of 10 MPa). Major
increases in the pressure on teC arise during the glaciation period. The bounding limit of the

ice sheet loading is the pressure of a 3 km ice sheet thickness above the repositorgouvitech

for about 30 MPa. The UFC widllsobe exposed to an initial hydrostatic pressure of 5 KéPa

500m depth). While glaciation will be a significant load, the earliest site coverage due to an ice
sheet would be thousands of years in the future (at leastear&t,000 years from preserig5].

The basics of calculating the pressure in the repository has been introdueqd. .2 where

(H) is 500 m depth, and (g) is assumed to still be 9.8% an/that depth. It is obviouhat he
probability of having oceanic pressure in Canada is 8%, avittaximum density of 3300 kg/m

of oceanic crust, which leads & maximum pressure of 16,18806N/nf or Pa (161.865 bar) at

500 m deep in the repository. It is also understood that the probability of having continental
pressure in Canada is 92%, witlmaximum density of 3000 kg/frof continental crust, which

leads to a maximum pressure of 185000 N/nt (147.15 bar) 8500 m deep in the repository.
According to NWMO, the bentonite swelling pressure may result in maximum of 10 MPa (100
bar), it meanshat the total maximum external pressure, without glacial load pressure (maximum
of 30 MPa), in the repository may reach 262 bars (26.2 MPa) in oceanic case, or 248 bars (24.8
MPa) in continental crust. And according to NWME&B], with having the externgressure test

on the containers, there was no evidence of damage in the container at 450 bars (design pressure
is 45 MPa), and the container started to buckle at 57 MPa. So, with an ice glacial load pressure of
30 MPa, that is supposed to take place i®&0 years from present, the total maximum external
pressure exerted on the container will resulnaximum o0f56.2 MPa (worst case scenario). For

the locations that are being tested by NWMO, the repository is supposed to be built in a saturated
rock masghat exerts a maximum of 5 MPa hydrostatiegsure on the repositor@ne of the

main problems is thgiressuran the repositorynay result in increasing the diffusion rate from
outside the container to its inside in case of any failure or damage tmakiplthe container.
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3.2.2 Temperature

While dealing with temperature, there are two separate temperature factors affecting the DGR:
1- Surface temperature: that may affect the repository through the geothermal gradient in the
pre-closure processes, and
2- Radioactive decay temperature: that results from the nuclear radioactive heat decay
coming from the used fuel bundles in the containers. This one is dominant during the
postclosure conditions.
This research is focusing on the poktsure conditions of #hrepository. So, the temperature
coming from radioactive decay will be the most dominant one in the repository, and the effect of
surface temperaturghouldbe neglected. However, all the temperature calculations for surface
temperatures in Canaddor worst case scenariesareincluded in this section. This is to give a
general idea about the geothermal gradient conoepe preclosure conditionswhich may also
affect the bacterial impactdn [84, 85], the repository layout is designed such thag th
temperature remains less than 100°C at the exterior surface of the UFCs, or in a minimum of 30
cm layer of the bifer surrounding the containefhe container surface temperature is expected
to initially increase to a peak value of about 120°C in less 100 years, decreases relatively
rapidly to about 80°C, moving to 70°C over about 10,000 years, and then decreases to reach
ambient temperatures (~14°C) at about 100,000 years after closure. These values of temperature
are determined by thermal modedi, which includes thermal properties of the rock, engineered
barrier materials andhe heat generated by the fugB4]. Thus, temperatures within the
repository are anticipated to range from ambient {D°C) to about 100°C (adjacent to a
container). This temperature range will have impact on the culturability (activity) of the
microbes, as the microbial activity is reducing with higher temperatures (close to container).
Besides, the dry density of the buffer material affects the microbial tgctivhich will be
discussed latan this chapter[85]. According to NWMO, the outer surface of the fuel container
should be kept at a temperature less than 100°C.
To model and quantify the temperature basic probabilities in the BN in theclpssre
conditions, three states for the temperature na@ae consideredl- Higher than 100°C (low
probability in the first 100 years); 2ower than 100°C and higher than ambient (within the first
100,000 years), -3Ambient temperature (starting 100,000 years afteructosm lasts until
1,000,000 years)For surface temperature calculation (during-gsure conditions), itis
assumed that the yeigrsplit into three seasons:
1- Winter (W) from Decembeir March (12, 1, 2, 3) = 4 months (4/12 = 0.333333)
2- Fall (F) fromSeptembef November (9, 10, 11) = 3 months (3/12 = 0.25)
3- SpringSummer (SS) from Apiil August (4, 5, 6, 7, 8) =5 months (5/12 = 0.416667)
From [23], historical data of average annual temperatures are given for the largest 33 cities in
Canada until 2010. To determine the worst case and getting the extreme conditions, our concern
is the morning higher temperatures not the lower ones. According tors2& 1, the average
geothermal gradiemainges between 2529'C / km depth, with actual value of more than' 65
km depth in some regions. Generally, in this research, the higher average value of geothermal
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gradient {e.29C / km = 14.5°C / 500 mis used.The average monthly surface temperatures,

their corresponding average seasonal surface temperatures, and the average seasonal

temperatures in the repository at 500 m depth, are given in Zétddculated from23)):

Average Monthly surface Average seasonal surface Average seasonal temperature
temperature temperature in the repository 500 m deep
) ) o)

Avg. Dec@®imber
Avg. Jaluary

Avg. FeHdHRuary (W)=-0.6 (W)=-0.6 + 145 =13.9
Avg. March a

Avg. April a 11

Avg. May & 1 (SS) = 20.24 (SS) = 20.24 + 14.5 = 34.74
Avg. June a

Avg. July a

Av g. August
Avg. Septembe

Avg. October (F)=12.8 (F)=12.8+14.5=27.3
Avg. November

Table4: Average seasonal temperature difference between surface and 500m depth

According to NWMO site selection criteria, the repository will be built in a location with an
average of 5°C surface temperature, andiah6°C/km geothermal gradient.

3.2.3 Relative Humidity (RH), Water Saturation, Salinity, and Microbial Activity

In sedimentary and crystalline shield environments, the fluid (groundwater) density/salinity can
vary by more than 25%. Fluid density and viscosity are functions of groundwttiedissolved
solids (TDS) concentrations, which typically increase wittptd, [84]. In the repository
introduced in §4], microbial activity is suppressed by the prese of very saline groundwater.

In [85], three groundwater systems are considesédilow, intermediate, and deep, wherest
depth is affecting the TDS concentrations, hiffect the density /salinityThe nutrients
required for microbial/bacterial growth include P, S, K, Mg, Na, Ca and Féhe dominant
species in a given environmtetend to be those bacteria that generate the most energy from the
available nutrient sources. Acetogens, ireducing bacteria (IRB), sulphateducing bacteria
(SRB), and methanogens, are often the dominant commoaottihe population in Canadian
Shidd groundwater In crystalline rock environments, oxygen concentrations have been shown
to decrease with ¢g¢h due to microbial processd8b]. Another factor affecting the microbial
activity is the dry density of the bentonite buffer. The higierdensty of the bentonitethe

lower the activity of the bacteriaHigh dry density will prevent the bacteria from befrge to

grow or move, even ifutrientsare available in the host rock, or the bentonite, or carried by
groundwaterJorge Garcia (PhD carddite at the University of Waterloo, Design Optimization
under Uncertainty Group, March 2018) hestimatedhe probability of bacterial activity (SRB)

as a functiorof the dry densityof the bentonite buffer in Figs and Table5. The higher the
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compactionof the bentonitdi.e. higher dry density), the lower the bacterial activitg.(lower
sulphide concentrationsnd longercontainer life time).

Probability of active SRB

1.0

00 02 04 06 08

| T 1 |
1.0 1.5 2.0 25

dryDensity

Fig.25: Probability of having active SRB as a function of dry den&#}

Dry degirsi ty

rglen] P(SRB)

1 1

1.1 0.477420198
1.2 0.227929436
1.3 0.108817216
1.4 0.051950497
1.5 0.024801111
1.6 0.011839414
1.7 0.005651223
1.8 0.002696848
1.9 0.001286367
2 0.000612973
2.1 0.00029148
2.2 0.000137992
2.3 6.47142E05
2.4 2.97296E05
2.5 1.30272E05
2.6 5.05312E06
2.7 1.24613E06
2.76 0

Table5: Selected values of bentonite dry density versus probability of bacterial af8idjity

With any water diffusion and saturation in the repository at any time, the bentonite buffer will
swell, resulting ina swelling pressure that should suppress the microbial activity more and more
(compared to the initial dry density before water saturatidn), the amount of nutrient sources,
carried by the water diffusle and salinity level of waterre other factors in affecting the
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microbial growthand activity in the repositoryThus, the relative humidity, in pi&osure
conditions, or water diffusioand saturation, in pestosure conditions, is related to the activity

of bacteria/microbes in the repository environment. Since the focus in this research is on the
postclosure conditions, the relative humidighould not be taken into consideration ieh
guantifying the BN. However, calculations of the relative humidity values in Canada, which are
related to the surface temperatugdiscussed in this section in order to providgeameral idea

about the concept of relative humidity and itetien to surface temperaturéBhe historical data

in [23 is used to estimatie average annualrface relative humidity (RH)ver the largest 33
Canalian cities until 2010In order to take the extreme conditiontiaccount, the main focus
should beon the early morning RH, which is higher thdémat in the afternoanThe average
annual surface relative humidity (RH), over the 33 citiesabout68.3% in the morning, and
51.2% in the afternoon, with maximum of 95% in some cities during sometimes in théfyea

the temperature increases according to the average geothermal gradient, which is taken to be
29C / km = 14.5°C / 500 m, then RH is supposed to decrease with temperature increase when
going deeper As explained previouslyrelative humidity doubles with each 20 degree
(Fahrenheit) decrease, or halves with each 20 degree increase in temperature.6Table
determines the change in RH from surface to 500 m depth according to the temperature
differences illustrated isection3.2.2.

Change in temperature in Change in temperature in Change in temperature in
Winter (W) Fall (F) SpringSummer (SS)

From surface to 500 deep From surface to 500 deep From surface to 500 deep
-0.6°C to 13.9°C 12.8°Cto 27.3°C 20.24°C to 34.74°C

Increase of 27°F, then RH almos! Increase of 26°F, then RH almosit  Increase of 26°F, then RH almost
halves halves halves

Table6: Change in RH from surface to 500 m depth in different seasons

Accordingly, if the maximum RH (95%) is reached at theface, this means that RH will never
exceed 47.5% (<50%) at a depth of 500 meters with the temperaturgsienchee to geothermal
gradient.In the NWMO site selection process, it is recommended to choose the site, where the
repository will be built, to &ve a loweraveragevalue of surface relative humidity in order to
have minimal effect in the repository during the operation, monitoring, and decommissioning
time (about 150 years to repository closure).

3.2.4 BN Representation

The Nuclear Waste Management Organization (NWMO) is responsible for the implementation
of plans for safe lony er m management of Canadabés wused
placing the nuclear fuel within a deep geological repository in a suitable nooktfon. A deep
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geological repository is a multiarrier system designed to protect people and the environment in
the long term. Even though the total radioactivity will increase with placing more used fuel in the
repository, it will start to deease dué¢o radioactive decawith the help of the durable barriers
(i.e. corrosion resistant containers, engineered sealing matamalthe surrounding geosphere).
After the decommissioning periodf the repositorythe postclosure period, which may laiir
1,000,000 years, starts [85], the postclosure period is described in four main timeframes:

1- Up to 1,000 years

2- 1,000- 60,000 years

3- 60,000- 1,000,000 years

4- 1,000,000 years and beyond

According to the analysis in the above sections, the prog®agelsian Network for the NWM

case study is shown in F&§. Hugin software \ww.hugin.com) can be used to helm
representing systems as Bayesian Networks, and quantifying their probability tables according to
data avadable in order to use the Bayesian inference in determining the required probability (i.e.
probability of failure in this research).

Hydration and
Water Saturation

Temperature at
Container Surface

Salinity Lewvel

Bactenal Activity and
Sulfide Generation

Bentonite Failure

Contaier Corrosion
and Welding Corrosion

Container Failure

Fig.26: Proposed BN of NWM systems
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This BN consists of 8 nodes, which is relatively not complex in termspoésentation. But one

source of complexityis thateach nodenay include many other internal factors thatyact like

a nodal sulmetwork.Another complexity issue is the interrelationships among these nodes. It is
not just a series of events that hapgensecutively to predict the failure, but rather, it needs

better understanding of the dependability of each node over the others. Every node has states for
the event occurrence; the more states the nethagkhe more accurate the results are. bheor

to better uderstand this BN, a description of the BN nodes/eyamdtheir possiblestatesis

provided as follows

1- Temperature at Container Surface:the temperature resulted from the radioactive heat
decay from the nuclear bundles inside the container. This is the most dominant
temperature factor when dealing with pokisure conditions. The temperature node
affects two other nodes: Bacterial Activiaind Sulphide Generation, and Corrosion and
Welding Corrosion of the container. Wheime temperature increasehe culturability of
microbes/bacteria tends to decrease, so, the bacterial activity decreases, and thus, less
sulphideis generatedMoreover,if the temperature increasabove design limit (10C
at container surface), the welding of the container may be affected in case of any cracks
or defects in the welding, and the whole container may fail due to the new
unexpected/undesigned high temperatfactors.This node includes three states: higher
than 100C, less than 10C but higher than ambient temperature, and ambient
temperature (starting 100,000 years after closure).

2- Hydration and Water Saturation: during the postlosure conditions, themnight be
someaimes that hydration or water diffusion takes place in the repository. This will affect
mainly four other factors: Bacterial Activity, Corrosion and Welding Corrosion, Pressure,
and Bentonite Failure. The water diffused in the repository, avitertain salinity level,
may be a carrier of bacterial nutrients. In this case, this may help the bacteria to be more
active and generate sulphides that help in corroding the container. Moreover, with the
high temperature from radioactive decay, the exygn the water may contribute in
maintaining an oxic condition that contributes in corroding the container. For the
bentonite buffer, whenever it is hydrated, it swells and resulting in high swelling pressure
(of about 10 MPa). So, hydration, if happerssa main contributor to the amount of
pressure that will be present in the repository, and applied mainly on the UFC. Along
with that, the dry density of the bentonite plays an important role in bentonite fakure
failure to perform the operation thiais designed for)The dry density haalsoan effect
on the bacterial activity. If the bentoniteof lower dry density, the bacterial aadty is
higher, and vice vers&ut here, only the bentonite failure is considered. If the bentonite
buffer isof low dry density, which means not compacted with the correct process, it will
have sealing problems in case of hydration/ water saturation. This may cause water
seepage, andater could reach the containmessulting in a new corroding factdresides,
being in contact with groundater of the surrounding environmene( possible nuclear
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contamination). If hydration took place, the bentonite will swell trying to seal all the gaps
and protect the UFC. With low dry density, along with water diffusion, #utebia could

be more active, generating more sulphides to be carried with the water diffused, and the
bentonite may fail to perform the desired tas. {ailure to safely surround the container

and limit its contact with surrounding environmerithis rode includes two states:
hydrated (saturated), and dry.

Salinity Level: is a property of the intact rock and the groundwater in the surrounding
environment of the repository. It may be seen that the groundwater is a carrier of the rock
salinity. This depetls on the geological region and thekdype.In the DGR, salinity
affects both Bacterial Activity, and Container Corrosion and Welding Corrosion. With
the salinity goes higher, the bacterial activity is lower, and thus, reducing corrosion
possibilities,and vice versa. But in the opposite side, sakragming from groundwater

if water diffusion and seepage found their way to the container, or found in the host rock
or the bentonite buffer will be one the main contributors in the container corrosiah an
welding corrosion.In the BN, Salinity node includes three states: High Salinity,
Intermediate Salinity, and Low Salinity.

Pressure: pressure in the repository accounts for three components; ice/glacial load,
hydrostatic/geostatic pressure, and bentavitelling pressure (in case of hydration).

With the pressure increase in the repository, the bacteria/microbesswilbesubjected

to that pressure. This will limit the activity of the microbes and reduce their culturabilty
(in addition to the other fémrs). Hence, more pressure hetrepository results in lower
bacterial activity ice. sulphide generation). The second node to be affebtedressure

is the bentonite. The bentonite will fail to perform its operatign ¢ealing the gaps, and
limiting water seepage and bacterial activity) if it has low dry density. If more pressure is
present in the repository, with having lower dry density of the bentonite (less compacted),
bentonite buffer box may tend to have cracksveak points that may be the path for
water diffusion to the container. Moreover, if the pressure on the container reached a
certain limit (57 MPa), the container will buckded fail to safely encapsulatiee used

fuel bundlesand thisis considered a cdainer failure. The UFC is designed to sustain 45
MPa, and it starts to buckle at 57 MPa. For that reason, the pressure node in the BN
includes three states: Less than 45 MPa, Higher than or equal 45 MPa (and less than 57
MPa),Higher than or equal to 57 Ré&.

Bacterial Activity and Sulphide Generation: in the BN, all the above parent nodes are
affecting the bacterial/microbial activity in the repository. Bacterial activity is responsible
for generating sulphide, which is considered the main corrodentd@ L in the DGR.

With the higher pressure, higher temperature, highémityalevels in the groundater,
nonexistenceof nutrients carried by groumate (in case of hydration), artigher dry
density in the bentonite buffer, the microbial culturabilgyeduced, and the activity of
microbes/bacteria tends to decrease, and thus, sulphide generation is lower. This will also
lower the tendency of the UFC, and its welding, to corrd@becterial Activity node
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includes three possible states: Lower Activiitywer sulphide generation), Intermediate
Activity, and Higher Activity (higher sulphide generation).

6- Bentonite Failure: bentonite failure, mainly due to lower dry density, is affected by two
parent nodes/events: the pressure, and wigfesion/saturation. With lower dry density
(less compaction), and with water diffusion to the emplacement rooms, the bentonite
buffer tends to swell (i.e. swelling pressutejing to seal the gaps in order protect the
UFC from any possible contact twithe surrounding environment. Thus, if the dry
density ofthe bentonite is low, with the increasipgessurerom swelling cracks and
weak points may appear in the bentonite buffesulting in water seepagad water
contact to the UFC. lthis happes, thewater may be of high salinity, and may contain
sulphides (from microbial activity), whicimay resulii with high radioactive heat decay
temperatures in corosion of the container and theslding. Eventually, this mayead to
container fdure. There is another limited possibility that may affeleé tcontainer failure
in the case wheithe bentonitehas higher dry density. In case of hydration, seismic,
and/or volcanic events, the pressure on the buffer box, and container, may exceed the
limit of 57 MPa, resulting in UFC buckling and failure, even with no failure in the
bentonite.For these reasons, the possible states of the Bentonite Failure node are: Low
Dry Density (Failure), and High Dry Density (No Failure).

7- Container Corrosion and Welding Corrosion: Container corrosion takes place affected
by hydration (water saturation) with high salinity levels, and bacterial/microbial activity
that resultsin sulphide generation, in the case of having bentonite buffer of low dry
density at high temperatureu@l to radioactive decay). Container corrosion will affect the
failure of the container, which means a failure for the whole systenfgjlure to keep
the used fuel not in contact with the surrounding environm&his node includes two
possible stats:Corroded, and Not Corroded.

8- Container Failure: UFC will fail to safely encapsulate the used fuel bundles in tase
the pressure reaches 57 MPa, with bentonite buffer of high dry dersty unexpected
events takeplace {.e. volcanic and/or seismic coitidbns), or due to 2- continuaus
corrosion of the containebecause ofdwer dry density of bentoniteluring water
diffusion with high salinity levels and bacterial activity. This may be considered a failure
for theentiresystem. This node contains twosgible states: Failure, or No Failure

In the next section, the numerical quantification for thisiBNresented, with possible scenarios
that may take place in the repository in the fmbssure conditions.
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3.2.5 Numerical Evaluations

TheBasic Probability Tables (BPTs) and Conditional Probability Tables (CPTs) pfapesed
BN ae shown inTable 7. These are the probabilistic estimates that are logically inferred, or
according to reviewed literature and the data available for the DG&rsys

Temp_at_Container_Surface Pressure
0.0001
0.0999 0.01 L
0o 0.98 0
001 0
Salinity_Level
0333333 Hydration_and_Water_Saturation
0.333333

ContainerFailure

|0.95 0.97 o o |
0.7 || 0.05 |[0.03 11 |[1 1
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Container_corrosion_and_Welding_Corrosion
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Bentonitefailurt Hiah Drv Densitv And No Failure

Bacterial Activi Intermediate Activity.Intermediate Sulbhides
Salinity Level Intermediate High
Temp at Cont  <100,and:Ambirent =Ambient >100 <100,and»Ambirent =Ambient

Hydiation and Hydrated ¢  Dry Hydrated ¢  Dry Hydrated i  Dry Hydrated i Dry Hydrated ¢ Dy
Comoded ] 0 0 ] 0 0 0 ] 0 0

Not comoded 1 1 1 1 1 1 1 1 1 1
Bentonitefailure High Dry Density And No Failure

Bacterial Activi High Activity,High Sulphides

Salinitv Level Low Intermediate

Temp at Conf >100 <100.and»Ambirent =Ambient »100 <100.and:»Ambirent

Hydration and Hydrated @  Dry Hydrated ¢ Dry Hydrated ¢ Dry Hydrated i Dry Hydrated ¢ Dy
Comoded ] 1] 0 1] 0 0 0 ] 1] 0

Mot comoded 1 1 1 1 1 1 1 1 1 1
Bentonitefailure Hiah Drv Density And No Failure

Bacterial Activi High Activity,High Sulphides

Salinity Level Intermediate High

Temp at Conf =Ambient >100 <100,and>Ambirent =Ambiznt

Hvdration and Hvdrated @ Drv Hvdrated @ Drv Hvdrated ¢ Drv Hvdrated i Drv

Corroded 0 0 0 0 0 0 0 0

Not comoded 1 1 1 1 1 1 1 1

Table7: BPTs and CPTs for the proposed BN

For the nodes in the Bayesian network, the probabilistic quantificatiastimatedfor a
repository life time of 1,000,000 years. The probabilities in both BPTs and &BTgiantified
according to logic inference, and limited data availdtade literature and from NWMO experts

If the site selection procedulab testspr simulation models (performed by NWMO and/or their
partners) resulted in updated data prmbability estimates, the BN tables can be updated by new
probabilistic quantification values, which will help in better estimating the system failure.

3.2.6 Numerical Resultsand Conclusions

According to theprobability tables in the proposed BN, the probability of container failure
(system failure) isestimatedusing Bayesian inference to 26.48% over 1,000,000 year life
time of the repository.

Other scenarios, probability estineat or network connectiormeay be proposed for different
purposes. It is important to state tli#tyesian inference can le&al the factors which are more
contributing in the container failure€. posterior probability ofliagnosticinference) Given the
evidence that system faikitook place,tican be seem Fig.27 that pressure of more than 45
MPa, hydration (water saturation), and bentonite failure (of low dry density), are the three main
contributorgto system failure

57



Using the concept of posterior probability in Bayesiaference, which can be compiled in

Hugin software, the probabilities can be updated regularly whenever there amvaiéatle

data, information, or knowledge, which is called evidence in this caseshiown in Fig28 that

with the evidence of pressure of less than 45 MPa, and the bemsonite f hi gh densi ty
fail, the posterior probability of failure (container failure) [i{failure | Pressure < 45 MPa,

Bentonite = High density with no failurg)is 0% ower 1,000,000 years.
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Fig.27: BN determining the main factors contributing in auedl, given a failure took place
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33,33 Intermedial 9,99 <100, and=Ambirel

Salinity_Level Hydration_ahd_Water_Saturation Temp_at_Container_Surface
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CantainerFailure
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Fig.28: Posterior probability of failure given the evidence of pressure less than 45 MPa and high density bentonite

Thus, all precautions should be taken into consideration dutésign, site selection and
construction to keep thegssure in the repositotgss than 45 MPa, and to usehidyy density
bentonite bufferthat will sustain mechanical stresses and lithi¢ diffusion of corrosive
materials. This will keep the probability of systéailure at its lowest values.

It must be noted thathe BN nodes can be represented in many different ways, and the
interactions among system components may beomaected (rdormulaed) for different
purposes in ordeto perform prediction or diagnosis for any event of interest. The naées
system components) of the BiNay also be dmmposed to thesubcomponennodesin order

to represnt more states in the netwoillhe previous analysis may also be used to generate some
scenarios that reflect different operating conditions of the Deep Geological Repository leading to
the failure of the Used Fuel Container (UFC). Each scenario should be described by basic and
conditiona probabilities for different states

The results here are reflecting known and assumed input values and hence are only for
demonstration purposes and not to be taken literally as representing the current design.
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3.3 Summary

In this chapter, relatethctors, parameters, and variables to NWM case study are explained in
details. The BN of the NWM system is then represented and quantified with the currently
available data, and with logic inference. The approach of using BNs in predicting system failure
is illustrated. The diagnostic capability in the BN is used to diagnose the main contributors to
NWM system failure in order to take precautions and mitigation actiopsaic¢ount in the
design stage.

In the next chapter, a proposed BN approach suppdagedimulation and decompositional
capabilitiesis illustrated. Simulation Supported Bayesian Network (SSBN) method is used to aid
the quantification of BNs in representing complex systems. SSBN is then applied to systems of
dam reservoirs.
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CHAPTER 4

Simulation Supported Bayesian Networks (SSBNSs) for
Failure Prediction of Hydropower Dams
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4.1 Introduction

This chapter illustratethe proposed decompositional approach for failure prediction of complex
systems usin@N-Simulation integration, with@ne exampleto demonstratbow todetermine

the complexity ofengineering networks. Then, SimulaticSupported Bayesian Network
(SSBN) method is applied to a simple two reservoir systétifferent configurations

4.2 Probabilistic Failure Analysis of Hydropower Dams

Dams and reservoir systems are more complex than many civil engineering systems [88].
Studying safety of dams needs a comprehensive multidisciplinary analysis that should consider
all the relevant factors and their interrelationships. It is shown in [88]&9] how complex the
decision making process is while dealing with the challenging problem of dam gdfetugh

past cases of dam failures are taken to diagnose the causes of failure; this is not enough for
predicting other damgilure probabilitiesas every dam is different in terms of human,
environmental, design and technical influential factS8mme of the shortcomings associated

with traditional risk analysis and assessment approaches are listed iTf@&¢urrent available
approaches suclas MonteCarlo simulation areomputationally expensivas they require
detailed exhaustive system simulations. Therefore, they are inefficient for complex systems
having a large number of elements and highly nonlinear relationships, anchpoyed
pracical approach to dam safety analysis and prediction, not just diagnosis, is of significant
value.In this line, a paradigm shift has been suggested in [90] and [91] to deal with disaster
management by quantifying disaster resilience instead of the treditiskbased techniques.

With these new approaches, system analysis will continue to be a primary approach to
understanding the system behaviour under uncertainty and other measures that need to be taken
into consideration. This research attempts to eslklsome of these shortcomings, especially in
enhancing the way of predicting the probability of system failure using systems analysis while
dealing with data scarcity in some engineering applications.

It can be shown in Fig.29 that dam operation androbsiystem models incorporate multiple
interrelated sutsystems. High level decision makers may have difficulty in understanding such
representations. Decision maker s, as humans,
complex systems in the case lEHck of sureness [88]. They need a simplified system
representation to include all the system components, variables, anrsysseims while
accounting for different interactions. When they try to evaluate the risk situation and take a
control/mitigation agbn, they become aware of the situation of other system components. This
kind of system representation should be at high level, which allows for analysing the system to
subnetworks having less number of states instead of dealing with the entire network
components. And if needed, these sidiworks should have the ability to be disaggregated to its
elemental components. BNs have shown potentials in this direction.

62



Fig.29: Example of a Dam System Mod&8]

A human risk analysis model is presenied5] using BNs in order to estimate risks to people
due to floods from darbreaks, with the ability to takalarge number of parameters and their
interrelationships into account, along with their uncertainties. Thus, a BN predictirofides
is construatd, along withusing historical data, physical analyses, and existing modetsdér
to quantifythe nodesand heir interrelationships (arcsyhe network proposeith [5] consists of
four main sukbnetworks: evacuation, sheltering inside buildings, flseekrity, and lossof-life
(LOL). The human risk analysis model presentedbjn applied to evaluate ¢hhuman risk in
the landslide dam failure in€]. In suchstudies it is necessary to divide a flooded area into
several subareas of similar parameteAt both the global level (multiple sources of
information), and the local level (updating the prior probabilities), the uncertainties of the
parameters and their imtelationships are studied. Moreoyénere are some differences in the
physical moded between mamade dams and landslide dams. These differences are taken into
consideration in€]. In [7], dams are classified as follows:

1- First-class dams, that are safe and function normally,

2- Seconeclass dams, that are safe under controlling conditiamd function almost

normally, and
3- Third-class dams, which are unsafe with various distresses and cannot function normally
as designed (called distressed dams).

As explained earlierni dam safety studies, three principal approaches are widely used: failure
modes and effects analygBMEA), event tree analysiETA), and fault tree analysi&TA).
Recently, BN analysis has drawn attention as anothenatiee for dam safety studieBased
on the information in7], ref [92] attempts to extend thtechnique of BNs to the diagnosisa
specific distressed darithe main objective of7] is to develop a probabilithased tool using
BNs for the diagnosis of embankment dam distresses at the global level based on past dam
distress data. Historical datarfdam distresses is used to quantify the interrelations among
system parameters. Dam distress is related to the increased potential of structural deterioration,
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inadequate design, poor construction, poor operation and maintenance practices, or changing
hydrological and environmental conditions as shown in3Big-ig.3L, and Fig.2. In Fig.31l and

Fig.32, the proposed causal network for diagnosing distresses associated with seepage erosion
piping of homogeneoiisomposite dams include the following nodés ARS: Abutment rocks

or soils, ASS: Abutment seepage situation, CF: Cutoff at foundafdlV: Designed
embankment widthEBI: Embankmeritabutment interface, EC: Embankment cracking, EM:
Embankment materialsESS: Embankment seepage situation, FD: Filtered drain&&s;
Foundation seepage situatidBCFE Sludge cleaning at foundatioSEP: Seepagerosion or

piping, SSC: Seepage s#tion around embedded culverts, di&l Termite burrows

First category Secondary category Third category Fourth category

Flood-releasing tunnel

/
|| Flood design criteria
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(FDC) ‘

Flood-releasing capacity | / | ©ates and lifting
(FRC) 4 | devices (GLD)
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Fig.30: Variablesnvolved in diagnosing distresses associated with overtopping of dams [

Fig.31: Causal network for diagnosing distresses associated with seepageig@ipsignof dams 7]
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It is obvious from the networks represented[7h that only technical failures or causes are
incorporated in these representations. The critical step in dealing with safety of dams is that the
representatiomust include the technical factors besidat least, the human factoss.lot of
different environmental, economic, and operational factors are still remaining nclbded in

the representatio®ne huge example is what happened in Oroville,daatiforniain February

2017, [93]. The dam suffered from some economic and operational problems which put the dam
structure in a critical situation, anmlit lives of hundreds of thousands the edgetl was n o6t
puretechnical problem in the dam design, bather the operation plan and strategy performed

by humansvas part of the disastefo better present such cases for future prevention, more than
just technical factors should bensidered in the failure analysis

A simple example for applying the BNepresentation on the safety of hydropower dams, to
predict the failure probability, is what was illustrated in Figahd Figl8 (section2.7). Two
dams are connected in series or in parallel, and the inflows of both al@nssatistically
dependenfand can béndependenin other configurations)rhe inflow and the reservoir level of
each dam are affecting the spill evard.to have excess water more than the reservoir capacity),
and if the spillway gates failed to open at the spill event (daey electranechanical failures),

the dam will experience an overtopping failure, and affect the system failure according to the
connection betweeoth dams (serialr parallel).For this kind of systems, it is supposed to have
the basic and conditionalelations among system components/nodes from historical and
operational dataif available, in order to feethe basic and conditional probability table®.(
BPTsand CPTs) of the BNo predict the failure probabilityThis can be used for the sake of
prevention of any future failure thatay affect the dams or the populationresk (PAR) living
around damsThetwo damreservoirexamples the mainpilot case study for the purpesef this
thesis. Different approaches that UBMs to represenengineering systems and picdtheir
failure probabilitieswill be applied to this system with its different connectito®logies The
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two damreservoir system will be used provide ageneral case study that is usediémonstrate
the methodalgiesdeveloped in this thesis.

The next section explains a nowdproach that uses simulation to support BNs in probabilistic
guantification and failure predictione. SimulationSupporéd Bayesian Network

4.3 Simulation Supported Bayesian Network (SBN)

This section introduces the Simulati®uppored Bayesian Network @&BN) decompositional
approach for probabilistic failure analysis and quantifying risks of complex systenmgpl€x
systemsare reviewed to have different interacting factors and compaendritese interactions

can be in the form of cau$eo i effectrelations which definesall the causesral evidences that

may lead tocertain effed. The complexity of a system is determined by the number of
interacting components and the interrelationship®ngcauses and effects. Two case studies in
nuclear and hydropower industrieere explained. Both case studies are of complex systems,
but with different complexity measures. The complexity in the nuclear waste management
system lies in being a new project which is ndtggplied in reality, while thbydropower das

are weltdefined systemsith a huge number of input3he aim of this researdh to simplify

the represdation of suchcomplex systemdp predict the failure probabilities of the systems,
and toestimate thdactors that are responsible for limitirige probability of failure in both
systems. To simplify the representation of ptem systems and their components, Bayesian
Networks (BNs)are found to beuseful in defining the interrelationships among system
components depending on evidence basic probabilities, and conditional probabilities among
system components (nodes). Btefound distinctive in representing any kind of information as
the representation iselng done in a probability fornThis sectionaims to build a probabilistic
methodology for any complex system, whethergxisting or to be constructed. As the network
repesentation needs to be quantified, running system simulai®nstegrated to the
guantification process.

4.3.1 Simulation

Simulation is definedn [94as fit he process of dverldprgcessorg a m
system and conducting experimentish this model for the purpose either of understanding the
behavior of the system or of evaluating various strategies (within the limits imposed by a
criterion or set of criteri a, Ang regiworldtpiocess) for
studiedby simulation techniques is viewed as a system, which is, in general, a collection of
entities that are logically related and are of interest to a particular applicatibile
investigating a realvorld system,detailedsimulation modekhouldinclude tre entire system.

This may be computationally expensive especially in systems having large number of variables
During simulation, system variables are sorted into two groupsingontrollable variables:

which are considered as givens, anat@ntrollablevariables: that can b@anipulated to find a
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solution, [95]. In general, simulation enables the study of internal interaction obystbms
within a complex system. A simulation model helps to gain knowledge about improvement of a
system. Simulating different capabilities can help determining the requirements. These
capabilities allow analysis and understanding of how individual elesmeteract and affect the
simulated environment. In conclusion, simulation is a representation of the functioning of a
system or process. Through simulation, a model may be implanted with unlimited variations,
producing complexscenariosHowever, simulaon results may bé& sometimes difficult to
interpret.

4.3.2 Integration of BN and Simulation for Uncertain Complex Systems

Complex systems in Engineering include unlimited disciplines, like hydropower dams, electric
networks, nuclear power generatianyclear waste management, water distribution networks
(shown in Fig33 as a dynamic Bayesian Netwdrknd waste water management, among others.

The status
of the valve
(reliable or not)

The status
of the valve
(reliable or not)

The status
of the valve
(reliable or not)

(WA) Water
availability
(reliable or not)

(WA) Water
availability
(reliable ar nat)

(WA) Water
availability
(reliable ar not)

t+1

Fig.33: Dynamic Bayesian network for predicting water availability in a water distribution nefegjrk

While BN represents the interrelationships among system components qualitatively through
nodes and arcds.€. dependency structure), there is a quantitative part of the BN which is
responsible for defining the probabilistic, uncertain, values. Quantifii@@rcs of the BN with
probability measuress the main challenge in this kind of system analys@s. some blue print
projects (systems) like the one of nuclear waste disposal, there are no data for operations or any
historical and statistical data. Fihiis kind of systems, théecision makersnay rely on expert
judgement and logadly inferred dataalong wih mathematically acceptezmpirical modelsOn

the contrary, there are pexisting complex systems that are operating for decades like
hydropower dams, waste water sewage systems, or water supply piping systems. In this kind of
systems, there are lots of operational, historical, and statistitaltdat can bestimatedto
guantify the BNs that representhese systems. The ugstion is,can the simulatioe used as
another source offormation to quantify theomplex systemeepresented bBNs?

67



In [97], reassessment of dam safety events using BNllustratedThe BNsarebuilt based on

the event tree analysis, and were suppleatentith Monte Carlo simulation$his combination,
BN-Simulation, with enough number adreple runscan be an effective tool to narrow down the
range of probabilitiesand may covera wide range of uncertaievents leading to fares.
However, it can be seen the approach df7] that simulation iperformedfor relatively small
networks (not that amplex). Moreover, the basic data and statistics are known from the
beginning for the system undstudy. So, if we are updating (reassessing) the network using
simulation models, why not we provide the netk with the probability estimatessing
simulation from the beginning?
If sufficient historical and statistical data are availaltleere should be no need for simulation
Such data is not available in two cases: in future Bysté.e. blue print projects), or for

networkst h at

d o mdlidient manitoeng aystem to save the operational data with time. In

both cases, relying on the logic inferencing, expert judgement, or empirical models may be
misleading ananayadd another source of uncertainty, especially in very complex systems. That
is why simulation may be integrated asuseful source of data. Buthe challenge is that
simulating a very complex systemmay be computationallyexpensivefor the purposeof

identifying the probabilistici nt er r el ati onshi ps

a mo-cogporentss t e ms 6

On the other hand,maulation resultsof decomposed sufystemsmay provide the BN with
probability estimatesthat areused to estimate probabilities of whole systeiftse proposed
methodology of thissection- Simulation Supporte BN (SSBN) for a complex systa - is
summarized in Fi@4. The simulation willbe computationally complicatafl performedfor the

entire netwok, especially in complex networks with huge number of stdtes.that reason,
SSBN proposes to have the network decompdsesaller sumetworks (sudrees). Each sub
network will have its own simulation according to the data available, or from random sampling
in case only basic data are available (e.g. lower and upper bounds). For eveptvaii,

simulation results arellaabout probabilistic quantification of this sutetworld s

. Bhus,

probability values arestimatedrom simulation and fed into tH&N of thesubnetwork.

/ Simulation

Sub-system

Simulation of

N- Dimension Problem

1

Simulation

—

Sub-system
3

N

N * Simulations of less Dimension Problems

~

Simulation
Sub-system
2

Simulation
Sub-system
N

/

Fig.34: Proposed Methodology of 88l
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Once allBayesiansubnetworks are probabilistically quantified with their basic and conditional
probability values, the subetworks are ready to bee-combined as one whole network
representation. SBN makes the complex system more readdbleboth the operators and
decision makers.SBN overcomes the following obstacles:

1 Complex, tine consuming simulation models,

1 Complex representation of systems,

1 Propagation of uncertaintyeasures in a complex netwosakd

1 The integration among different sources of data, including simulation.

As an example, in Fig5a and Fig85b, a 23 node BN is represented to show how complex
systemcomponents can be interrelated. Each nodkidesat least two statesvhich means at
least2?® states in that system. The more states the nodes have, the more complex this.system
Whenthe analysis of the systeimienhancedising the SBN method rather than simulating the
entiresystem (in Figd5a), smaller susystems may be simulat@tstead. In Figg5b, the BN is
decomposed to six different seintities (subsystems, sulmetworks, or sultrees). Each sub
system is less complex than the whole system, which means less number onstgesral, a
systemof N nodes/components, two ta each (i.2" possible states) can be decomposenl to
subsystems and the number of possible states becon2¥"), which is less tha@" [i.e. if

N=12, n=4, ¥ = 4096, and n*(®") = 32]. The subsystem components are interrelated, and the
subsystems may also have interrelations among each dlyeapplying the SSBN concept,
every subsystemis simulated separately, using the appropriate methods, to get the probability
estimates needddr quantifying the BN.

Fig.35a: A 23 node BN usinglugin software
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Fig.35b: A 23 node BN decomposed to 6 seritities ready to be simulated

In order to quantify the conditional interactions among-sygiem decompositions, domain
knowledge and expert judgement may be required. If this kind of judges @t iavailable,
assuming different scenarios/states can be used instead. This means that different interactions
among suksystem decomposition are quantified by assuming worst case scenarios, best case
scenarios, and normal case scenarios in order tmadstithe system failure probabilities in
different situations.

According to P3], in 2009, the American Society of Civil Engineers (ASCE) issued a report
titled AGuiding Principles RiskkmarnagementNoadriticad n 6 s
infrastructuredepends on four interrelated guiding principldsntified as follows:

1. To quantify and communicatisk,

2. To employ an integrated systems approach,

3. To exercise leadership, management, and stewardshipisiodenaking processes,

4. To adapt critical infrastructure in response to dynamic conditions and practices.

This thesisfocuses mainly on the first two guiding principles, which is of how to represent all
interrelated system components in a combinedesgmtation (integrated systems approach),
while enhancing the ability to quantify this kind of system representation in order to better
predict the failures for many purposes (risk management, risk reduction, etc.).
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BayesMarkov chains introduced [98], along withreassessment of safety events using BNs
and supplemented with Monte Carlo simulations illustrate®ih which are both proposed for
relatively small networksmay assist in conceptualizing a new methodoldgg.36 shows an
overview of a BiyesMarkov chain,which integrates Markov Chains and decomposed BNs to
acquire cyclic behaviour of the BNs. In Fif,3he clear circles represent Markov states; and
grey circles represent nodes of a BN.

Fig.36: BayesMarkov chain[98]

BN-simulationintegration (i.e. Simulation Supported Bayesian Networks (SSBNSs)), presented in
this chapter, has a distinction of being able to deal with large systems of large number of system
components, unlike the relatively simple network presented ifl. [The subsystem
decompositions are interrelated through conditional probabilities, unlike the one presented in
[98], which deals with one BN decomposition, instead of a large BN, through Markov states.
SSBN may also be integrated with Markov Chains to acquire dyehaviour of the BN. This is
presented in details in Chapter 5 in this thesis.

An example of a realorld case studys shown inFig.37a and Fig37b by represenhg the
proposed BN for mbabilistic failure analysis of Mountain Chute hydropowemnd in Ontario,
Canada, operated by Ontario Power Generation (OPG). In this network, there are 21 nodes
representing system components for the purpose of analyzing the failure of this system. This
includes Probable Maximum Precipitation (PMP), ice loading, eaattejand seismic actions,
water pressure, geology and rock type, flood severity, adequacy of discharge capacgy, slui
gates drainage, vegetation control, page, and other componentsnibre than two statemre
definedfor every node, the system wilirn to be a huge complex network to analytowever,

the more states th&stem componentsave the more accurate the results are. But, the main
problem faced ihaving limitedhistorical operationaland monitoring data. Only basic data of
lower and pper bounds of inflows, outflows, and flooding events may be available, along with
expert opinions and logic inferencing, with using scmeeptecempirical models of reservoir
system analysis. In such casesgthematical modelingnd simulation may ba first step to get
probabilisticestimatesThe distinction othe decompositional approach is obvious when dealing
with such networks. Bcomposing the system to new entiieshown in Fig37b, and SSBN
method can be appliedccordingly, simulationreaults, logic inference, and expert judgement,
may provideprobabilistic data that can be fed to thecomnposition of theentire network (in
Fig.37a) toestimate/predicthe probabilityof failure for the entire system
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Fig.37a: BN for probabilisticfailure analysis of Mountain Chute Dam

Fig.37b: BN of Mountain Chute Dam decomposed to-salities ready to be simulated
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Mountain Chute mainam is 55 meters high (above its foundation), and almost 50 years old,
having an electric powegeneration capacity of 150 MVA coming from two hydropower
turbines. I't doesndét have an emergency spillw
Madawaska River System in its upstream. Although the sluiceway digclte@pacity of
Mountain Chute mia dam covers less than 50% of its peak outflow, which should be considered

a risk, the inflow is controlled by upstream dams in Madawaska River System of dams, which
decreaseghe probaility of failure. In this dam,there is leakage in the drainageallery
(inspection tunnel) of the maotam (which is a concrete danThe Inflow Design Flood (IDF)

for Mountain Chute dm may resuli n t he Loss of Life (LOL) of
passed through sluice gates with the current deficiency and uredeny its discharge capacity.

Fig.38 and Fig39 are sie pictures forthe downstream and the penstock and power house of
Mountain Chute dm, ON, Canada, taken in October 20/ig.40 also shows @roposed BN for
probabilistic analysis of the safaty Mountain Chute @m[Population at Risk (PAR), & Loss of

Life (LOL)].
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Fig.39: Penstock and Power House of Mountain Chute Dam
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Fig.40: Probabilistic Analys for Safety of Mountain Chute Dam
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4.4 SBN: Application, Methods, and Results

In order toapplythe concept of SBN, a two damreservoir system analysis is conductédis
system is a less complex system, which meansetttaustivesimulation can bgerformed to

the entire systenwithout having any concerns regarding the random sampling problems,
uncertainty propagation problems, or spending too much time to perform the simulation. This is
because the system is relativelgving a lowenumber of nodes/variableShe main purpose of
using the two dam reservoir system is to compare the results from detailed simulatidmewith t
results that come from the BN when supported by simulalidroth results are similar or close

to each other with no huge difference, it means that BN may use the simulationsafula
guantification sourcéor less complex networksnd for large complex networks while applying
decompositionsUsing the SBN concept the complex system may be decased to smaller

less complexnetworks; each is having a separate simulation in order tal fisle BN with
probability estimatesand in order topredict the failure probability forthe entire BN of the
complex systemThis is expected to reduce the number of possible states to deal with while
representing the system using BNhe specifications,characteristics and underlying
assumptionsf the two reservoir system, being simulated, are as fol{saes Appendix 1)

1 For each dam, dead (minimum) storage capacity, and maximum storage capacity of the
reservoir are known.

1 The designed outfloirom the dam is assumed to be the mean of the inflow in each year.

1 The inflow to the dam reservoir in each season is a unifadistgibuted sampled random
value using known lower and upper bounds. Of course, any other distribution can be
used.

1 The damis assumed to hawe spillway gate that is to be opened or closed. If theee is
spill (excess watemore than the reservoir capacity) at any time, the gate should be
opened, and there will keespill release from the dam that can go to the same channel of
the outflow, or to be diverted to any other channel. If thegerisquirement tepill and
the gate ixlosed (failed to open do operate)the dam will fail due to overtopping over
the dam crest. The state of the gate is a randomly generated value (0 or 1).

1 The dam failureis assumed to happeh the inflow is higher than certain limit, the
storage staten the reservoir is high, which will result in having excess watere than
the reservoir capacity (spill), and thategis closed (failed to opgrat the spill event.

1 The aim is toestimatethe probability of failure of each dame( the probability that all
the above events happen at the same time).

1 Then, each dam can be connected in series or in parallel with another same dam with the
same characteristics and operational conditions, but with its inodependent or
independent othe inflow d the first dam. The outflovand spill release thaire released
from the first dammay also be added to the inflow of the second dam (according to the
way of connection between the two dams).
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1 Thesystemis assumed to faif any damfails or both dams failat any time (in case of
series connection), or if both dams fail (in case of parallel connection).

The reservoir operation simulation modehgss balancend governingequationy used for
simulating each dam operatiomnagement, aggresented and explained below:

Y 40D Eqn. 4.1

Yo phdr Yo oo Ya Eqn. 4.2

Such That: 5
Y& Q¢ YO phh Y& O w

DGO B GadsGa tYds oo Eqn. 4.3

6£¢ 01 fYRA@EI Q “Ya
WOO Vi OQUEIOL G WG Q. hodo Biv dQadba Ya  "Ya Qe
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Eqgn. 4.4
Y RHE oo AL GQAdEOa @ E E 01 EYDB@EE QY & Eqn. 4.5
e Vi) @ Fvn @fa TmoE Dok pRYs GOQI |
Y Qe Qéd 0 - YR @aa Th: OOk  mioe'Qd 61 Q

Eqgn. 4.6
Where:

t: season of the year {1,2,3,4}. The unit time in this simulation is one season.

myear {1,2,3,4,¢éé..,1000}

I: randomly generated inflow of the dam according to the lower and upper bounds known from
historical datguniformly distributed)units of water volume/time].

I(t,m): inflow of the dam at a certain year (m) and season (t) [ohitsater volume/time].

U, U(m): designed outflow fron the dam for steady river flow regulation. It is assumed that the
designed outflow equals the mean of the dam inflow throughout one year (m) [units of water
volumel/time].

S: storage of the reservoir aunit time [units of water volume]
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S(t,m): storage of the reservoir in a unit time in the current season of the year [units of water
volume]

S(t+1,m): storage of the reservoir in a unit time in the next season [units of water volume]

Smin: minimum storage limit of the dam reservoir (dead storage) [units of water volume]

Smax: maximum storage limit of the dam reservoir [units of water volume]

Water_ Available: the water available at the reservoir at a unit time. This is the inflow at a unit
time plus the stored amount of water at the reservoir [units of water volume].

Water_Available (t,m): the water available at the reservoir at a unit time in every season of the
year.

Controlled_Release:the actual releasktom the dam withgatescontrol/management, to keep

the storage levels of the dam reservoir above the minimum value (Smin) and in order not to go
lower than this value. Controlled release should be less than or equal the designed value of the
outflow (U) [units of water volumefte].

Controlled_Release (t,m)the controlled release at every season and year.

Spill: the amount of water that exceeds the maximum storage level of the reservoir (Smax) at a
unit time (one season) after eaking all the required relea@ntrolled relese) [units of water
volume].

Spill (t,m): the spill amount at a certain season and year.

Spill_Release:if the spillway gates are opened, the spill release will equal the amountlof spi
over the time (per unit time @eason). If the gates are closéailéd to opei, the spill release

will equal to zero and an overtopping failure is taking @lamits of water volume/time].

In simulation more samples give morgtable results. So, it is important to check different
number of samples (years) in ordecteck at which number of samples the results will stabilize
and reach steady statMatlab simulations, for the two reservoir system, have shown more
stabilized results at 1000 years sampling period. Thus, in order to gae#uy statestimates

the smulations are conducted for 1000 years, four seasons each.

Using the connection of both dams to each other (series or parallel), with the inflow dependency
on each other (dependent or independent inflows), the simulaésults for different
configurations are shown in Tabl8&. Failure probability of the system of damdependon the
connectiorntopology. In case of series connection, the failis@ssumed to happénany of the

dams fail (daml fadl or dam2 faik or both of them fail). In the parallel connection, the failure
happens if both dams fail at the same time (dam& dadldam2 faif). It is also assumed that the
inflows are highly correlated in the configurations having dependent inflows for both dams.
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Simulation Results Dam 1 Probability Dam 2 Probability Probability of System

of Failure of Failure Failure
Series Connection ,
Dependent Inflows 0.0123 0.001 0.013
Series Connection,
Independent Inflows 0.0123 0.0147 0.027
ParallelConnection,
Dependent Inflows 0.0123 0.0022 0.0018

Parallel connection,
Independent Inflows 0.0123 0.0112 0.00025

Table8: Simulation results for two reservoir systevith different configurations

Different results may be obtained withfferent inflow rates, different initial conditions of the
reservoirs (initial water levsl i n t he reservoirs), and
operation/management.

It was important to make sure thair code inMatlab producedresultsthat are compardd to a
software that OPG and many others use. For that reasospfth@re focusing on the reservoir
systems and their management/control was usgdo | d Si m s i mul aWhileo n
processing the same simulatiosing the same equations 44.6, Matlab and GoldSim had
exactly the same results for 1000 yedrseasons each

Fig.41 shows the simulationgsedto estimatethe probability of having spill from the system of
dams (two dams in this case) using GoldSim simulatowsodt for all four cofigurationsa) in
series with dependent inflows, b) in series with independent inflows, c) in parallel with
dependent inflowsandd) in parallel with independent inflgs. Matlab software was also used to
conduct the same simulation. Matlab and GoldSimeéadttly the same ralis. See AppendiR

for more clear figures of GoldSim system representation.
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Fig.41: GoldSim simulations of two reservoi$ different configuration$or estimatingthe profability of
spill

To represent the two dam reservoir system using B#§l42 showsthe BN representatiasof
different configurations of théwo dam reservoirs used in the simulation, a) in series with
dependent inflows, b) in series with independent inflows, c) in parallel with dependent inflows,
and d) in parallel with independent inflows. This representation is condusiad Hugin
software for BNrepresentation and calculations.
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Fig.42: BNs of two reservoirbaving different configurations

In these BNs, each dam is represented using five nodes/variables that include different states.
These nodes and thetates are explained as follows:

1 Flow node:the inflow of the reswoir. It includes two states, high inflow, or lowfiow.

The inflow, with the reservoir level, affects the spill evéexcess water more than
reservoir capacitypf each dam. The probaityl values of each state (high aholw
inflows) aredefined andestimatedfrom the simulation according to the proper system
analysis.

1 Reservoir Level node:The level of water in the reservoir in every tistep. It contains
two states, high level, oow level. Definition of high state otow state depends on the
system analysis, and the probabibifyeach statean then be obtained from simulation.

1 Spill node: affected by the inflow and the reservoir level nodes, there would be a spill or
deficit in the reservoir. But because the watgelen the reservoir is governed/regulated
to be higher than or equal the mmum value (Smin)the statedor this node will be
taken as spill, or nopdll. This nodedetermineghe probability of having excess water
more than the reservoicapacity,which needs to be released from behind the dam in
order not to result imn overtopping failure. Given the statef both the inflow and the
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reservoir level in everyime step, the spill statdepend on both parent nodes with
conditional probabilities thiiacan be determined from the simulation process.

1 Spillway Gate node:the spillway gates are supposed to open during the spill event in
order to release thgpdl amount from behind the damo avoid overtopping failure. If
these gates failo open for any reason duringet spill event, dailure is assumed to
happen So, this node includes two states, open, or failed peno According tathe
spillway gates maintenaacschedules, there should be an estirff@t¢he percentage of
time duringthe year that the gates tend to failnot operate, which may be conditioned
on other conditions, for example, reservoir water lewesimulation random generation
of16s Gmsdindicating t he graspectyvelyateverl teme stgpe n e d
is helpful in determining the probability of dam failure according to the state of the gates
during spill events.

1 Dam Failure: at the spill events, ithe spillway gates failed to opesiamfailure occurs
The two different states ofithnode ardailure orno failure.

Another node calledi Dam Sy st e s addeditd therBN to predict the probability that
the system of dams will fail according to the way ohigection (series or parallelfrig.43,
Fig.44, Fig.45, andFig.46, showthe BN representatiarfor different connectioriopologiesof
thetwo damreservoir systerander studysing Hugin software

——— -
- -

I .
1 Reservoirlevel 1)
~

GarrSyshemF:ilu =1

Fig.43: BN of two reservoirs in series with piendent inflows
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Fig.44: BN of two reservoirs in series with independeifiiows

DamFailure_2
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DamSystemFailure

Fig.45: BN of two reservoirs in parallel withegpendent inflows
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Fig.46: BN of two reservoirs in parallel with indepdent inflows

When the probabilityestimatesobtainedfrom simuldion are fed to the BNs represented in
Fig.43, Fig.44, Fig.45, and Fig.4 through their probability tablethe probabilities of failure can
be estimatedusing the Bayesiangeations(i.e. equations 2.4 2.6). According to the work
presented in thishapte, the simulation for this system, which idatevely of low complexity,

resulted infailure probabilities that werelose tothoseestimatedrom BNswhen supported by
simulation. Table 9 shows the Basic Probabilityables (BPTs)and Conditional Probability

Tables (CPTs) for the BN representation of two reservoirs in series with dependent inflows using

the probabilityestimatesfrom the simulationstage The results of failure probabilitiesising
BN-simulation integrationie. SSBN), are shown in Tabl&0 andFig.47.
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ReservoirLevel_2

0.76
0.245

Table9: BPTs and CPTs for the BN representation of two reservoirs in series with dependent inflows, using
probabilityestimategrom simulation
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BN Results Dam 1 Probability Dam 2 Probability Probability of System

of Failure of Failure Failure
Series Connection ,
Dependent Inflows 0.0105 0.0032 0.011
Series Connection,
Independent Inflows 0.0105 0.0162 0.024
Parallel Connection,
Dependent Inflows 0.0105 0.001 0.001

Parallel connection,
Independeninflows 0.0105 0.0097 0.0001
Table10: BN results for a two reservoir system with different configurations, fed from simulation (SSBN)

ReservoirLevel_1 Flow_1
46,27 Fullevel 51,00 Highflow:
53,73 Lowlevel 49,00 Lowflow

!3|||21DS = E SpilwayGates_1
. pill | 49,52 Open
G52 Mospl 50,18 FailedtoOpen

DarnFaiure_1 ReservoirLevel 2
1.05 Failure 75.55 Fullevel
08185 MoFailure 24,45 Lowlevel

Spill_2 SpillwayGates_2
0.10 Spil 49.62 Open
95:80 Mospil 50,38 FailedtoOpen

DamFailure_2
0,32 Failure
Q9088 MoFailure

DarnSystermFailure

1.10 Fail
9890 NoFai

Fig.47: Probabilistic data and results of the BN of two reservoirs in series with dependent inflows

The difference in the probabilisticesults is coming from thestimated definitioro f stateso
margins in the BN(.e. discretization of statesThe detailed simulation is supposed to give the

exact resultsln simulation for example, the inflow rate may lo¢ intermediate value (neither

very high nor low), and with a high storage level in the reservoir, spill may be taking place, and

with the gates closed, failureccurs But, when the states were defined in the BN, the
intermediate state of the inflow wastrconsideredife. only high inflow and low inflow were
considered). Accordingly, the probability of high inflow walstainedfrom simulationandfed
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into the BN. However, there is anot hdefnedst at e
from the eginningb e cause of t he . Bhisasbapdidsto tthe sto@age eeservairat i o n
level (High, Intermediate, and Low)n simulation, he more the number of random samples, the

higher the accuracy of the simulation results. Similarly, for a battearacy of BN results, a

higher number of states for every event is expected to provide a higher accuracy of the BN
results. So, the number of defined states per Axagrable should be increased, and the
probability of every states estimatedrom thesimulation stage. Then, the probabilities are fed

to the basic and conditional probability tables of the BN for prediction of system failures.

To test the effect of statesd discretization
conducted foboth cases of independent inflows (i.e. parallel dams of independent inflows, and
series dams of independent inflows). Three statessed for inflow of the first dam (i.e. high,
intermediate, low) instead of two. The second inflow is of three statéise iparallel case, and

four states, in the series case (i.e. low, intermediate, high, and very high). In the series
connection, the outflow of the first reservoir affetite inflow of the second one, and tisisvhy

there is a fouritghh 0s.t aFtoer chaoltlhe dr efisveerrvyoihr s, t he
instead of two (i.e. full level, half levebnd low level). Table 11 comparesthe probability

estimates of system failure from Simulation, SSBN of two states per event, and SSBN of more
numbe of states per evelite. 34 states)

Probability of System Probability of System Probability of System

Failure Failure Failure
(Simulation) (SSBN, 2 states) (SSBN, 34 states)
Series Connection, 0.027 0.024 0.025
Independent Inflows
Parallel connection, 0.00025 0.0001 0.00014

Independent Inflows

Tablell: Effect of increased number of states on the SSBN results for a system of two dams

It is obvious fromTable 11 that increasing the number of states affected the system failure
probability. In the series connection, it is clear that the increased number of states led to an
increase in the failure probabiligndreducel the difference between the results of simalat

(i.e. exact results) and the SSBBkults In the parallel case, the probability of failurem
simulationis 0.00025 over 4000 seasqftise system failure happens only in one season). This
kind of low estimate makes it hard for the SSBN to convésghe simulation results unless a

large number of discretized sates are used in the BN representation. However, the results are
better with the increased number of states illustrate@ainle 11. Accordingly, to have more
accurate estimates from the SSBhre number of states for every variable should be defined.
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Here, the advantage of simulation over BN is clear, that is, there is no discretization error in
simulation unlike in BN.

The SBN concept starts with decomposing the complex system/networkmtler less
complex networks, like the one proposed in the two dam reservoir system. Once all the smaller
networks are simulated and represented probabilistically, they are ready to-be re
composed/aggregated to the whole network for prediction of thensystilure.And in worst

cases, which is the one considered in this section, with defining only two states for every BN
node {.e.less accurate), the results of the simulation versus3B&l &re close.

It must be noted that the probabilistic estimates from simulation or §BBNble8 and Table
10) are steady state estimates that can be used ircfimgdailure probabilitiesin future time
periods (e.g. 20, 50, 100, or 200 years). The following émudt7, which depends on binomial
distribution, can be used for that purpose:

P(failure}n nyears= 11 [(1- P(failure) 9" Eqn.4.7
Table 12 shows the results of using the above equation to predictrdalplities of system

failure in different future time periods usinpe steady statg@robability estimates of SSBN in
Table10.

Probability of Probability of Probability of Probabiity of
System Failure System Failure System Failure System Failure
(S.9) (20 years) (50 years) (100 years)
Series Connection ,
Dependent Inflows 0.011 0.1985 0425 0.6692
Series Connection,
Independent Inflows 0.024 0.385 0.703 0912
Parallel Connection,
Dependent Inflows 0.001 0.0198 0.0488 0.0952

Parallelconnection,
Independent Inflows 0.0001 0.001998 0.004988 0.00@95

Table12: Predicting failure probabilities for future time periods from SSBN steady state estimates
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4.5 Summary

A proposed methodology for representing and quantifying complex engineering systems is
developed based on simulation and BN techniques for the purpose of probabilistic failure
analysis. The proposed methodology deals with the whole system @ntgids hat are
analysed using simulation models, with the integration of other different sources of luata.
methodology adds anothgotential in facilitating the way by which complex systems are
represented and probabilistically quantified as BMWse proposed SBN concept has been
applied to a pilot case study of twadam reservoirs, and results are compared to detailed
simulation results in order to analyse the difference for a relatively small system, that may act or
be presented as a BN sabtity. It was shown that performing simulation for this system, which
was relatively of low complexity, resulted in failure probabilities that were, in worst cases, close
to those estimated from B&Imulation integration.

It is alsoshown how the SBN can be usetb decompose a complex system to a number of less
complex suksystems (sumetworks) simulated together in the meantime. The BN of the entire
system is then fed by the probabilistic informaticoni simulations, resulting inr@presentation

that canbe wsed for failure analysis of complex systefns. failure prediction and identification

of causes)

The acyclic behaviour i®ne limitation in the BN represtation. Moreoverupdating the
networks when any new data becomes availablehallengingespecially inthe intermediate
nodes (i.e. neither root nodesrieaf nodes)The update should be in both directions (i.e- top
bottom, and bottomtop), which is not possible whilasing the BN, thabnly relies onone
direction. In the next chaptea nwel concept is deveped to overcome thesibstacle using
Markov Chains.
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CHAPTER 5

Markov Chain Simulation Supported Bayesian Network
(MCSSBN) Concept for Probabilistic Failure Analysis
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5.1 Introduction

Simulation Supporteél Bayesian Network (SBN) can help solvecomplex systems using a
flexible decompositional metho@ut the BN has one limitation, that it is an acyclic graphical
representation. In order to take decisions regarding complex system that has many
interrelatonships among its components, different scenarios/states of the system should be
represented. The scenarios/states of the system may be cyclic, and not only acyclic like in BNs.
For the scenarios/states to be cyalieans hawg transitiors from one scena/state to a new

one, with the chance to get to the first scenstadé again creating one cycla overcome only
acyclic limitation of the BN, his chapteradds Markov Chain (Markov Analysis) to th&EN to

form the Markov Chain Simulation Supported Bayesian Network (MCSSBN). This is
consicered an approach that developtegrationbetween cyclic (Markov Analysis) and acyclic

(BN) networks.In this chapter MCSSBN concept is explained in details bigpresentingts
different approached’he MCSBN will then beappliedon a system of two series reservoirs of
independent inflows, having the same constraints of the system usieelSBBN applicdion
procedure. There are mainly two approaches to apply 3BSIS 1- First approach: low level

BNs and high level Markov Chains, andSecond approach: lolgvel Markov Chainsand high

level BNs.

5.2 Cyclic and Acyclic Graphical Representations

An acyclic graph is a graph without cycles, where a cycle is a ctengleuit. When following
the graph from node to node, the samdenwill never be visited twice, unlike the network in
Fig.48, which shows a cycle for a number of nodes/vertices

n -
Fig.48: A cycle withn vertices P9]

A path in a directed graph can be described by a sequence of edges having the property that the
ending vertex of each edge in the sequence is the same as the starting vertex of the next edge in
the sequence. A path forms a cycle if the starting vertets dif$t edge equals the ending vertex

of its last edge. A directed acyclic graph is a directed graph, through direction of arrows/edges,
which has no cycles. Bayesian Networks (BNs) @ieected Acyclic Graphs (DAGs)-ig.49

shows a DAG for a number of des
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Fig.49: Directed Acyclic Graph (DAG)

Accordingly, cyclic graphs are those which have complete cycles, means the same node can be
visited twice. Figh0 shows different directed cycléblue)that are included in an upper layer of
directed acyclic networtorange)

.\2.\‘ FH
LT O

Fig.50: Directed Acyclic Graph (orang®f Directed Cyclic Graphs (blue)

The graphical representation in F@shows thafor every node in the aclyc network (e.g. BN)
theremight be directed cycles for all the possible states within this node. Markov Chain Analysis
is a mathematical probabilistic representation that can be used to describe these directed cycles.

5.3 Markov Chain Analysis

The Markov process is a random pregén which changes occur continuously over a period of
time, where the future depends only on the present state, and is independent of the past history.
Markov Analysis (MA) is a probabilistic technique that provides probabilistic information about

a decsion situation that may help the decision maker, but without providing a recommended
decision. It can be used to model system performance, dependability, availability, reliability, and
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safety. So, Markov Analysis is a descriptive technique, not an optiorizeechnique, which
results in probabilistic information, and is applicable to systems that exhibit probabilistic
movement from one statefudition to another, over timeMA may also be shown as a
mathematical abstraction to model simple or complex concepts in a computable form. It is a tool
for modeling complex system designs involving timing, sequencing, repair, redundancy, and
fault tolerance, along with determining thgstem availability in order to identify the flow of the
system and enumerate the failure rate (forward), repair rate (backward), and the probability of
failure of the different components. Any Markov model can be graphically represented using
Markov diagam, which consists of the states and transitions of the model. The transition
probabilities, and transition rates, among the different states, within the system diagram, are of a
great importance in the Markov Analysis. Transition rates represent tted veltéch the Markov
chainmoves from one state to another. The transition rate from a working state to a failed state is
represented by the failure rate, whereas the transition from a failed state to working state is
represented by the repair rate. Thensitions are represented by the connections linking the
circular states, with arrows indicating the transition direction (directed graph).

In reliability analysis, MA has the following advantages:

1 The Markov model allows for modelling and investigating flystem in terms of model
parameters, along with assessing the probability of failure (probability of decreased
performance),

1 Markov graphical representation helps in understanding the system behavior,

1 Modelling systems with their state diagrams, andeimt of the interdependencies of
states, is more accurate in specific situations,

1 For observation purposes, MA allows for specifying different types of states and state
groups.

A Markov chain is a sequence of random variablgs, X, such that, given the present state, the
future and past are independent. It is formally writtefobews in equatiorb. 1.

Prob (X%+1=X | Xy = X1, X2 =Xz, € ,n=XK) = Prob (X+1=X| X, = Xp) Egn.5.1

In other words, the conditional distribution X¥{f.; in future depends only upon the present state

Xn. Usually, the chain is defined by specifying the probabilities of transitioning from one state to
another. The state space may be considered to be continuous and sometimes discrete. For a
continuous state space where a probability density can be ddheetlansition probability can

be written asP(x, y) = Prob (%1 = y | Xy, = X). For a discrete state space, the transition
probability is a matrix and is written &xy, [100.

So, if the chain is currently in stagg then it moves to statgat the next step with a probability
denoted byp;, then, this probability does not depend upon which states the chain was in before
the current state. The transitions among different states in the Markov Chain are represented by
the Trarsition ProbabilityMatrix (TPM). This matrix is also called the matrix of transition
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probabilities, or the transition matri¥or a Markov Chain of three states, the Transition
Probability Matrix (TPM) can be represented as follows (se&Fipr a three state Markov
Chainshowing their transition probabilitigs

TPM =

C1 CC
C C2Cx
C1C1Ca

Where, for exampleR,, is the probability that the variable is currently in the second state, and
will remain in the second state in the next step. Whileis the probability that the variable is
currently at the third state and will move to the second state in the next step (moves to second
state given that it was at the third state).

Fig.51: Markov Chain of three stat&, S, S

5.4 Markov Chain Simulation Supported Bayesian Network (MCSBN)

The decompositional approach conductedair] pnd [P8], allowed the researcher in thisesis

to conceptualize and formulate a neancept ananethodology in dealing with BNs of complex
systems. The concept of SimulatiSupportedBayesian Networks (8Ns), developed in this
thesis is expected to be an efficient method of applying decompositions to complex networks
Moreover, the BayeMarkov (Cyclic-Acyclic) combination, proposed 93], represerga way

of supplementing Markov chains with additional kevel features taken from multiple sources,
and are efficiently combined using Bayesian Networks. Since quantification of BNs depends on
basic and conditional probabilities, and Markov Chains are represented by transition
(conditional) probabilities among different states, the MaiBayesian combination is a
probabilistically quantified representation. Adding Markov Chains, which may represent
different scenarios, states, or events in a cyclic representation, to the BNs, of which the acyclic
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nature may not be suitable for all complex structures, will result in a more generalized approach
that fits most of the large complex system structuresh Saiuctures, with their complex
interrelations among system components, usually have slow procéssiogiculating failure
probabilities BayesMarkov combination is estimated to reduce this problem in such systems.
Now, with the decompositional approach, represented 8B, the question is how to
incorporate Markovian analysis to determine different scenarios, states, or events, which may
take place &different times in the systemetwork. In this section, the concept of Markohain
SimulationSupporéd Bayesian Network (MCEN), cyclic-acyclic approachs introduced.

Hidden Markov Chains, and Markov Chain Monte Carlo (MCMC) models, are not new
concepts/methods. Hidden Markov Chains are used in different applicationsomuagrthe
stat es 6 il tking tinteiinto mansideration. Such models are known to be dynamic
models because of the time representation. Differently, MCMC models are providing a
combination of simulation results, and simulation updated reswoltshe Markov Chain to
produce more efficient updated output results. S8k [10Q, [101], and [L02].

According to [L01], hidden Markov model is a tool for representing probability distributions over
sequences of observations in which tirsdnicorporated. Fig2 shows a BN with a hidden
Markov model depending on output observations

I— —*I— h @
0 "Yghidy 0 YD ®OSY&E 0 YSY 0 @sY

Fig.52: A BN with a hidden Markov modellpD]]

The combination of hidden Markov models aB&lls may be called Dynamic Bayesian Network
(DBN), which is simply a BN that models time series data.5Bigs for a BN structured hidden
Markovmodeld e pendi ng on i nput observati.dmsshoynXos)
that a number of Marko€hains may be required to represent this system. Every system variable
is supposed to have its own Markov Chain, which makes the system representation more
complex especially in large system structures.
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Fig.53: A BN structured hidden Markov moddl(1]

References 01] and [L02] use hidden Markov models with Bayesian Networks to update
information/data othe system network using any available evidences, with incorporating time
dependent states into the netwoRef[99] is trying to mathematically prove generalization for
Bayesian Networks to allow directed cycles gdime case of an isolated cydReferencesl03],

[104], [105], [106], and [LO7] show different methodologies to solve some problems using
Markov Chains and/or Bayesian Networks fronfatiént perspectives for different engineering
applications.

There is a need for a general global methodology to be applied to all engineering applications for
risk and reliability problemslt can be shown from the reviewed literature that the relation
between Markov models, representing cyclic networks, and Bayesian Networks, representing
acyclic networks, is still vague and needs clarification, especially for many complex netivorks
different engineering applications. The missing link between Markov Chains and BNs may be
the simulation.The distinction of the concept proposed in this research is that it semtiie

three concepts togethd8N, Simulation, and Markov Chains in one combioatin order to be
appliedto almost all of the engineering applications. This forms the Markov Chain Simulation
Supporte Bayesian Network (MCSBN) cyclic-acyclic approach in systems analysisike

SSBN, the systems decomposed to smaller saletworksto be simulated in smaller scaie
orderto estimate their probabilities. Tinethey can be reombinedto the unifed larger scale

BN. In this section, combining Markov Analysis ttee SSBN is of interest. Within the smaller
scale suinetworks, that arbeing simulated, there might be some scenafdsterest or time

variant states/variables that need to be considered in the process of failure prediction
(forecasting), or even in the decision making. The proposed388Snethodology depends,
theoreticdly, on two different approaches:
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5.4.1First Approach of MCSSBN

In this approach, the system is represented wgh level Markov Chaig andlow level BNs,

for different scenariosThe SSBN concept is the corner stone. Decomposing the BN to lower
level BN subnetworks, with running simulations for them, according to available data, is the
first step of this approachuRning the simulation for every sutetworkmakes itobvious that it

may experiencenore than one scenario. Scenario is a combination of states for all the nodes
included in every subetwork. According to that combination, the scenarideéned So, the
results from simulating every BN suietwork are used talefine at which scenarithe sub
network is or to define different scenarios that the-satworkmay experiencerhen, given the
scenarios and simulation probabilistic results for all thermitivorks, sumetworks will be re
combinedaggregatedack to the higher level networkhe Bayesian inference in the higher
level, larger scale BN will result in the probabilistic output that is required (for example, the
probability of failure). While lhe transition probabilities among different scenaniosvery sub
network are estimatefdom simulation the most probable scenario to take place in the next time
step can be predicted for every sudtwork. Then, the probability of failure of the system can be
predicted in the next time step. Moreover, the scentraishave more conbution to the failure

can beobtained, andhe scenarios of subetworkswhich resultin higher failure probabilityan
alsobe identified. Figh4a and Fig54b show a 23 node BN before and after being decomposed to
four BN subnetworks, respectivelyn this network, every BN sumetwork should bsimulated
usingits available dataBy running simulations, different scenarios of every BN-satwork

may be defined or identified with different states of the-sefwvork nodes. The probabilistic
results of eachcenario should bestimatedrom the simulation stage. Moreover, the transition
probabilities among different scenarios should be obtained while simulating timetsudrks. A
Markov Chain should then be built for every BN swddwork. Figs5 and Figh6 show Markov
Chainshaving transition probabilitier a three scenario BN sutetwork and a two scenario
BN subnetwork, respectively, which are parts of the BN shown in Bimg.5

96



i e

Fig.54b: A 23 node BN being decomposed to 4 Bibnetworks
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Fig.55: Markov Chain ofa three scenario BN suietwork
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Fig.56: Markov Chain of a two scenario BN sualtwork

In conclusion, in thigpproach, the processing steps for the system netwerks follows:

1- The BN of the system decomposed to BNubnetworks,
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2- Every BN subnetwork is simulated according to its available data, or with random
sampling. Simulation results in probabilistic information (basic and conditional
probabilities) of the nodes and their interrelationships. Bitian is also used to identify
different scenarios for every suletwork, steady state probability distribution of the
scenarios,and the transition pralbilities among these scenarios. At steady state, the
relation between steady state probability disttion of Markovian states and the steady
state transition probability matrix is given by the following equation 5.2:

£ TPMys= £ Egn. 5.2
where:

TPMssis the steady state transition matrix, afdis the row vector ofsteady state
probability distribution of the Markovian states.

3- The BN subnetworks are reombined back to the entire system ,Bid the probability
of system failure can begdicted using Bayesian inference,

4- Then, by using the transition probabilities from a scenario to another, for every sub
network, the probability of failure can be predicted according to the new scenarios, and
linked probabilistically, through transition probabés, totheinitial scenarios,

5- With any evidence in the BN of the entire systehe posterior Bayesian inference
facilitates determining the main contributingcenarios/state® the evidence (failer in
this research). Ais will make it easier to determine which BN sudtwork had more
contribution in the failure, and which of its scenarios, represented by Markov Chains, is
more contributing to th&ilure.

In this approachof MCSSBN, the driving force is the BN sutetwork simiation. The
simulation resultsaccordingto different data inputs, identifgt which scenario the suietwork
is operating, and alskeflect the transitions among different scenarios. In this case, SHSS
can be seen as a clustereé®BSl. Every cluster represents a suftwork, which has differd¢n
scenarios linked through sequence of transitions.

5.4.2Second Approach of MCSBN

In this approach, the system is represented withlével MarkovChainsand ahigh level BN In

this caseMarkov states are the driving force for the probabilistic prediction process in the whole

net wor k. For every node in the BN, there are
represented aslaw level Markov Chain that contrsithe states every timsep within the node.

For example, in a reservoir problem, if the node of inflow of the dam is represented by three
states, high, intermediate, or low inflows. The siians among the three states may be known
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from the historical data that, for exampllee inflow is higher in the spring and fall than winter,
and the inflow of fall is higher thathmat of the springThe data available in this case defines the
transition probabilities of this sequence. This means that every node takes its state dmam
lower level Markov ChainRunning simulaon is the start pointDecomposing the network to
smaller sulnetworks isusedto facilitate the simulation process. Then, simulation is used to
estimatethe steady state probability distribution of the Marlgtates in every nodand the
transitions among Markov states within every node/varidb@gs7a shows a 17 node BN, which
has nodes that include two states each (at least), as shownSrbFkjg57c shows the same
network with alower level two state Markov Chain $hown in Fig.58 with transition
probabilitieg for the states inside evesyate variableAt every time step, the state of the lower
level Markov Chain will be reflected to be the state of the BN node.

Fig.57a: A 17 node BN
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Fig.57b: A 17 node BN, with every nodacludes two states (at least)

Fig.57c: A 17 node BN, with every node ildles a two state Markov Chain
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Fig.58: Two stte Markov Chain for every node

In conclusion, in thigpproach, the processing stémsthe system networéire as follows:

1

The states of every node in the BN defined A Markov Chain isconstructedor the
states in every node, with defining transition probabilities from available(dataom

the simulation stage),

The decompositional SBN approach is applied using available dataiiging randonty
generated samplesThe purpose of applyingSBN is to determine the probability
estimatef all the states all the nodesncluded in the BN. In that ordehe¢ whole BN

is decompose to smaller sulmetworks that are simulated separatgyestimatethe
required probabilistic information for all possible states, andléntify the transition
probabilties among states in every node,

Now, everyMarkov state is definedy its steadystate probability and the transition
probabilities among different states withihe same node, are also identifiading
equation 5.2.

All the probabilistic information are combined to the entire high level network in order to
estimatethe probabiity of failure (the requird probability),

At everytime step, the failure probability ofthesysné s ent i r e BNand an
linked probabilistically, through transition probabilities, to théial states.For the next
time step, thenost probablestateto take placen every nodecan be predictedsingthe
transition probabilities of Markov Chains withigystem node Then, therequired
probability(i.e. failure probability) of the BN is dynamicallgstimated at this point.
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5.5 Methods ofApplying M CSSBN to a System of Three DanReservoirs

In this section, the two approachesMESSBN are applied, theoretically, onsystem ofthree
series reservair with three independent inflows. The purpose ishow that the method can be
expanded to more number of system components. The aimadstitoatethe probability of
failure of the whole system earding to the operating conditions/events of the three dams.
Fig.59 shows a BN for three dam reservoirs carted in series

' -..‘\'\

( DamFalure3 |
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% DamSystemFallure /‘I

Fig.59: A BN of a three reservoir system

The specifications, characteristics, and underlying assumptions thiré@ereservoir systenare

similar to those reservoirs defidein section 4.4. The three dam reservoirs of the same
characteristics and operational conditions, are connected in series, with their inflows to be
independent. The controlled outflowctual outflowy and spill release, which are released from
the first dam according to the gates management, may also betadtlednflow of the second
dam,and so forth for the third danmn this case, the system fails if any of the dams tilany
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time (i.e. Dam1 or Dam2 or Dam3 or dlil), as it is a series connection. the BN of this

system, each dam is representsthg five nodes/variables that include different states. These
nodes and their states are explaimedsection4.4. The nodethat is namedi Dam Sy st em
Fai | isadded to the BN to predict the probability that the system of dams will fail according

to the way of connection (series in this ga3de proposed MCSBN conceptcan be applied,
theoretically, on this three reservoir system, using B4SSBN approachs in the next

sectiors.

5.5.1MCSSBN First Approach

By applying thefirst approach of MCSBN, the BN of the three dams can be decomposed to
four BN subnetworks as shown in Figf. It can be seen that every daeservoir is taken as one
BN subnetwork. The lastsuh e t wo r k i s faifue and thé systeth faine.6

______

hhhhh

Fig.60: Three reservoir system BN decomposed to fourrstlvorks

From Fig55 and Fig56, it can be seen that a Markov Chain cancbastructedor different
scenarios of every suietwork. The system shown here, in this section, is for the overtopping
hazards, so, each scenario is considered a combination of states that results in an overtopping
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failure with higher or lower probabilit For example, the first scenario (i.eombinationof
states)may be with high inflow, intermediate reservoir level, and the spillway gates are closed,
while the second scenario is for high inflow and high reservoir level, with the spillway gates
closed,and so forth. Different scenario for every dam will result in a differeabario for the

system failureThen, the BN sulmetworks are used to construct a high level BN for the system

as shown in Figh

This approach maylso be generalized for damifare events In a more general BN, the first
scenario for each dam may be overtopping, the second is sliding, and the thirdosisenar
seepage piping, and these scenarios may be represented by a three state Markov Chain as shown

in Fig.62.

Y
i Dam 1
‘\

™

System Failure Dam 3

Fig.61: General three reservoir BN, decomposed to fourrstivorks

105



I
i Dam1 'f IV Dam1 -

4 . .
A Scenario 1 : ’, Scenario2 f
- A ]

Overtopping == p Shding e

i
- - 1
o= w > s

4 Dam1 4
. r
Scenario3

-
A Seepage —"*‘

-~ - -

Fig.62: Markov Chain of a three scenario reservoir BN-aebwork (Overtopping, Sliding, or Seepage)

5.5.2MCSSBN Second Approach

For the three reservoir system in Big.the secondapproach of MCSBN can be applied as
shown in Fig63, where ach nodeor state variablén the BNmay includea lower levelMarkov
Chain with at least two states. The Markov Chain takes the decision for dte cft every
node/variable. Whethe stateghange at every time stépe output results from the BN will also
change.
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Fig.63: BN of a three reservoir system, with every node includes/er levelMarkov Chain

As an example, assuntleat at a certain timehe first damis of low inflow, low reservoir level,

with open gates, and the second darof high inflow, low reservoir level, with closed gates,
while the third danis of high inflow, high reservoir level, and open gates. For this case, failure
probabilities will be totally dferent than another combination of states of ¢hére network

after a number of time steds can be seen that this approach takes the combination of states to
produce a scenario for tlemtire network, not forjust a subnetwork like in thefirst approach.

The subnetworks here are onlysad for simulations to identifgrobabiligic information for the
nodes and their states.

In conclusion, the system is decomposed to fourraitvorks, shown in Fig0, to be simulated

in order toget all the prbabilistic information for all the possible statef the nodes. Whethe
transition probabities among states in the lower level Markov Chainsdafeed, at every time
(i,e.t-1, t, t+1, etc) the state of every node can be prediciétls, at any timethe states of the
nodes, their probabilities, and transition probabilities fronviptes states, are defined. This
informationis combined to thentirenetwork toestimatethe probability of failure bthe system

of the three damdsA higher levelMarkov Chain may be constructéor the entire networko

show the transitions amgrdifferent BN cases/scenarios as showfkim64 for the BN of Fig.

60. In Fig. 64, the combination of states of the state variables of the BN (i.e. scenario/state for
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the entire network) changes at every time step. In other words, at every time step, there is a
different situation that the entire network experiences. Markov Chain represents the transitions
among different situati@'scenarios (i.e. Markov states) for theiennetwork. In the next time

step, the entire network may remain in the same scenario (Markov state), or make a transition to
another scenario (Markov state).

t t+1 t+2

Fig.64: Higherlevel Markov Chain for the three reservoirfiBMCSN second approach

5.6 MCSSBN First Approach for Two Series Reservoirs

In this section, the first approach of MEEN, i.e. low level BNs, lgh level Marlov Chains,
and higherével BN, is applied to a system of two series reservoirs of independent infitows.
order to applyhe MCSSBN concept with this approach, the following steps are followed:
1- The two reservoir systens decomposed to three sslgstems(sub-networks) the first
reservoir suksystem, the second reservoir gystem, and the system failure system
as shown irkig.65
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Fig.65: BN of two seriesreservois of independent inflomdecomposed to three suletworks

The system is simulated according to the system constraints (minimum and maximum
reservoir capacities) and with randomly generated datanflorvs and the states of the
spillway gates over a period of 4000 seasons.

While simulatingeachdam, it isobvious that the dam failunmay happen at different
states of inflows and reservoir levels. So, combinations of these states are taken into
consiceration.

In this simulation, inflow of the first dam is supposed to have three different states (low,
intermediate, and high), and reservoir level of the first dam is also having three different
states (low, intermediatena high). Combination of stateseans, for example, to have a
combination ohighinflow with intermediate reservoir level with a failed gate at the spill
event.

While defining the states of the first dam in the simulation stage, we ey five
combinations of state.e. scenarig) of interestfor the first dam These five scenarios,
which are all counting for the failure probability of the first dam,de&nedas follows

in Tablel3:
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Inflow Reservoir Level Gates
Scenario 1 Low Low Failed to open

Scenario 2 Intermediate Intermediate Failed to open
Scenario 3 High High Failed to open
Scenario 4 Intermediate High Failed to open
Scenario 5 High Intermediate Failed to open

Tablel3: Scenarios of the first dam reservoir

6- For these combinations of states (scenarios), a Markovian Transition Probability Matrix
(TPM) should beconstructedfor the first dam scenarip@nd steady state probability
distribution, of possible scenarios of interest, should also be estimateeal world,

TPM can be concluded from the operation of the dam, or from its exaglasion It is
also possibléo mimic the possible scenaridsy randomly generating the Markov TPM
for the first dam withfive Markovian statesFig.66 shows an example of avé state
Markov Chain for the scenarios of interest of the first daign67 also shows a randomly
generated Markov Chain for the five scenarios of interest of the first dam

7- The steady staterobability distribution of the five different states of Daml (Daml
scenarios, or combinations of statesps&imatedirom simulationand fed into the BN
representation of the first dam. $hiaccounts for the steady state probabilitids
occurrence of each of thevé scenario$or the first dam

8- For the second dam, the same procedure is followed to simulate the damgestichate
or randomly generate the Transition Probability Matfor its possible scenariosf
interest But, this dam Wi contain seven scenariosgmbinatios of states) of interesds
the inflow of this dam depends also on the outflow of the first dam, which may add two
more statesf interestwith the increased inflow rat&ig.68 shows an example of a seven
state Markov Chain for the scenaridsimterest of the second dam. F§.also shows a
randomly generated Markov Chain for the seven scenarios of interest of the second dam.

9- At this point, the simulation resultsf both damsand the steady state probability
distributionsof the scenariosf interest(combinatiors of states) of bitn dams are ready
to be fedinto the higher levelsimplified BN shown inFig.70 and Fig.71 to start
predicting system failure.

10- The simulation resultsand steadystate probability distribution of Markovian states
(estimated from simulatiorgrethe main sourceof quantifying the basic and conditional
probability tables of thénigher level BN shown in Fig.Z, see Tablel4 for basic and
conditional probability tables of the higher level BQuantification is aboudetermining
the probabilities of occurrence of the states (scenarios) at which the first dam fails, the
probabilities of occurrence of the states (scenarios) at which the second dam fails, and the
probabilities of occurrence of the states (scenarios) atvidoth dams fail.

11- According to the simuladin procedure that was followednd therandomly generated
Markov Chain Probability Matrices , the probability of system ilare estimated from
the higher level BNis 0.42%. This probability value is differentatin what wagstimated
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from the S8N approachbecause offte use ofrandomly generateMarkov Transition
Probability Matrices.These randomly generated data add another source of uncertainty
that affects the final resultff. more data is availablaboutprobability distribution and
actual transitions among states, instead of the randomly genbtatkdv Chaing more
accurate resust will be obtained from the MC®M. The use of randomly generated
Markov Chains here mimics the dependence on logic inference and/or expemémige
that may affect theresults by adding sources of uncertairttyat may lead to
overestimates or underestimates

12-Till this point, a low level Bl was represented and decomposed tergitvorks [Fig.6].
The deomposed subetworks are simulated; a hidgvel Markov chain ionstructed
for every decomposed suletwork to represent different scenariad interest
(combinatios of states) [Fig.6 and Fig68]. A higher level BN is represented for the
entiresystem and fed frorsimulationof both damsand Markov Chains (which should
alsobeestimated fronsimulatior) [Fig.70 and Fig.12].

Dam 1
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Fig.66: An example of a Markov Chain for a five scenario BN-gsalwork of the first reservoir
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Fig.67: Randomly generated Markov Chain for the five scenario BNn&itvork of the first reservoir
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Fig.68: An example of a Markov Chain for a seven scenario BiNretwork of the second reservoir
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Fig.70: Higher level BN for two reservoir system with three sugtworks
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13-In the higher level BN in Fig.71 and with the evidence that tlsystemhas failed the
states of both dams that are more contributing to the system failure can be identified.
Knowing the main contributors tithe system failure, and going back to the simulation
and state definition stage, will let the decision maker know more information about the
contributorsto system failure. In FigZ, it can be seen that, with the evidence of system
failure, and according tdv¢ randomly generated transition probability matrities main
contributors to system failure STATE 3 (high inflow, and high reservoir level) in the
first dam of more than 38% probabilitand STATE 7(very high inflow, and high
reservoir level) in th second dam of more than 38% probability

14-If any new data are available and the system is requireé tgpdatedthe subnetwork of
the dam that was affected by the change will bgimaulated, not thentirenetwork. This
will allow for building a new PM for the dam (sulnetwork) having updated data, and
getting all updated probabilistic results from its simulation. Then, the new piisti@ab
data is fed to thaigher level BN for updated prediction of system failure. It is up to the
decision makers, according to their expertise, tsimalate the syste subnetworks
every seasorevery year, or even every month, to have more updated data and more
accurate and reliablprediction results.

Dam_1 ]

Dam SystemFailure

Fig.71: Higher level BN for two reservoir system in Hugin Lite
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0.0065 0.002 0.0037 0 o 0.0065 0.002 0.0037

0 1] 0.0065 0.002 0.0037 0 0 0.0065 0.002 0.0037
1 0,9935 0,533 0.9%:3 1 1 0.5935 0.538 0.9%63

0 o 0.00e5 0,002 0.0037 0.0037 0.0037 0.0102 0.0057 0.0075

Table14: Basic and Conditional Probability Tables for the higher level BN for two dam reservoirs
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Fig.72: The higher level BN given the evidence that system failure took place

15 To compare the MCSN and S8N resultswhile using probability estimates from
exact simulatiors, the steady state probability distributsoof the different scenarios of
interest ofDam1 and Dam2 arestimatedrom the simulatiorstage and used to quantify
the BN probability tableslt is found that the system failure probability under the
same operational conditionss about 121%, which is almost halfvha was obtained in
the SBN case. The maidifference is thtonly the scenarios (combinati®af states) of
interest are used in the BN representabbtMCSIBN, which makes a downsizing for
the results to be within the scenarios of interest taken by the decision ihakerp to
the decision maker to include as much scenarios of interest as possible to study and
analyze the system failuréncreasing the number of scenarios of interest will result in
more accuratestimatesand aproaching the same results of % The distinction of
the MCSSBN over the 8N is having the ability to predict the systemailure with
different operation scenariosing transition probability matrices
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5.7MCSSBN Second Aproach for Two Series Reservoirs

In this sedbn, the secondpproach of MCSBN, i.e. low level Markov Chains, igh levelBNs,
and higher level Markov Chain, is applied to a systentvad seriesreservoirs of independent
inflows shown inFig.73.

@
| ReservairLevel 1 ) \ Flow_1 }
bl - - - -~
-—=" /K - -
5 /
. [
l\\ Spdl_1 ) i SpillwayGales 1
R ~
\ F---
( venraire ) ¢ oz ) SRR
| DamFailre_1 ) . Flowe _2 H | ReservoirLevel_2 )
N~ A —
B AN %
\ - A\ ¥ e
. /, ., . N
Y T spil 2z ) 1 SeillwayGales 2
) .-\“‘-. R _,;} - -
i e | /
Y e \
Y, S, 4
kY - '*
."-. DamFailure_2 )
A o /
e _ R —
(\ﬂm:‘:gnmemlum )
- o~

Fig.73: BN of two seriegeservoirs of independent inflows

In thisapproach, the following steps are followed to apply the BEMNsconcept:

1- The two reservoir systens decomposed to three sslstems, the first reservoir sub
system, the second reservoir syistem, and the system failure system. See Fig5

2- The systems simulated according to the system constraints (minimum and maximum
reservoir capacities) and with randomly generated data for inflows and the states of the
spillway gates over a period of 4000 seasons.

3- While simulatingeachdam, it isobvious that the @mn failuremay happen at different
states of inflows and reservoir levels.

4- In this simulation, inflow of the first dam is supposed to have three different states (low,
intermediate, and high), and reserdewel of the first dam also hélsree differenttates
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(low, intermediate, and high). While for the second dam, the inflow is supposed to have
four states (low, intermediate, high, and very high), and its reservoir level is of three
states (low, intermediate, and high). The fourth state of the infloamesdrom the fact

that the inflow of the second dam is affected by the releases of the first dam (because
they are connected in series in this case).

In this approach, instead baving combinations of states (i.e. scenarfos)each dam

like the firstapproach, the node of every state variabié have its ownlower level
Markovian states and chain. The state variables in this case are the inflow rate of the first
dam, the reservoir level of the first dam, the inflow rate of the second dam, and the
resevoir level of the second dam.

For every state variable, a Markovian Transition Probghiatrix (TPM) should be
constructedIn real world, TPM can bestimatedrom the operation of the dam, or from

its exact simlation. The Markov TPM may also beandanly generated for each of the

four state variable nodes. See Ff.Fig.75, Fig.76, and Fig77 for randomly generated
Markov Chains for the inflow for the first dam, the inflow of the second dam, reservoir
level of the first dam, and reservoir level of the second dam, respectively
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Fig.74: Randomly generated Markov Chain for the three state inflow of the first dam
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Fig.75: Randomly generated Markov Chain for the four state inflow of the second dam
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Fig.76: Randomly generated Markov Chain for the three state reservoir level (stordige¥ioft dam
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Fig.77: Randomly generated Markov Chain for the three state reservoir level (storage) of the second dam

The steady state probabilitstributionsof the different states of the four state variables
are estimatedfrom simulationin orderto befed into the BN representati of the two
reservoir systemlhe Markov transition probability matrices may also be obtainethéor
states ofll four state variables.

At this point, the simulation results of both damsd the steady state probability
distributionsof the four sate variables in the system aeady tobe fal to the BN of the
system, shown in Fig3, to start predictinghe system failure.

The low levelMarkov Chains of the state variablgsbtained from simulation)along

with the simulation resultgrethe main sourceof quantifying the basic and conditional
probability tables of the BN of the systeshmown inTable 15, which is considered a high
level BN in this approach (as it contailesver level Markov Chains). Quantification is
about determining the probabilities of occurrence of the states at which the first dam fails,
the probabilities of occurrence of the states at which the second dam fails, and the
probabilities of occurrence tifie states at which both dams fail.

10- According to the simuladin procedure that was followednd therandomly generated

Markov Chain Probability Matrices , the probability of system flaire estimated from

the highlevel BN is 0.26%as shown irFFig.78. This probabilityestimates different than

what wasestimatedrom the SBN appoach because ohé use of randomly generated
Markov Transition Probability MatricesThese randomly generated data add another
source of uncertainty that affects the final results. If more data is available about
probability distribution and actual transitions among states, instead of the randomly
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generated Markov Chains, more accuratallteswill be obtained from the MCEBN.

The use of randomly generated Markov Chains here mimics the dependence on logic
inference and/or expert judgement that may affect the system regaltisling sources of
uncertainty that may lead to overestimatesratanestimates.

1 1]
0 1
1 a

ReservoirLevel_1

0.4258
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DamFailure_2

0 0
1 1

0.006 0.0155

0.994 0.9845

Tablel15: BPTs and CPTsfAMCSSBN secondapproactor two seriesdam reservoirsf independent inflows
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Fig.78 BN with failure probabilities of a system of two series independent reservoirs usingBW&®cond
approach

11- Till this point, low levelMarkov Chainswvere represented, while a hitgvel BN, which
is decomposed to suietworks shown in Fig5, is simulated. Having the evidence that
systen has failed, and bysing the Bayesiamference the main contributors to sgsn
failure can be identified. Knowing the main contributors to system failure, and going
back to the simulation and state definition stage, will let the decision maker know more
information about the contributote system failure. In Fig9, it can be sen that, with
the evidence of system failure, and according reamdomly generated transition
probability matricesthe main contributors to system failure are STATE 3 of the inflow
of the first dam (high inflow rate), STATE 3 of the reservoir level offitst dam (high
reservoir level), STATE 4 of the inflow of the second dam (very high inflow rate), and
STATE 3 of the reservoir level of the second dam (high reservoir level).

12- At every time step e highlevel BN is used to predict the system failure during different
combinatiors of states (scenaripgor the entirenetwork, not for every dam like in the
first approach depending on the transition probaié among states dhe state
variables For exanple,in Fig.80, with the evidence that the first dam has an intermediate
inflow, while its reservoir has a high level storage, and this happben the second
dam has a very high inflow, while its reservoir level is at low storage, the posterior
probabilty of system failure, given this combination of evidendssestimated to be
0.14%.
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Fig.79: Main contributors to system fare of a system of two seriesservoirs using @SBN second
approach
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13- Now, theentiresystemcan be represented withhagher level Markov Chain that shows
the dynamic scenarios for different cordtiors of states for thentire system network
in different time stepsMany combinations of states for the four state variables can be
defined. These combinations will result in different states of excess water over reservoir
capacity (spill or no spillfor both dams, along with the randomly genetattates for
spillway gates. Thus, the system failure, depending on Dam1 failure and Dam?2 failure,
will have different probabilities fodifferentcombinatiors of state. Fig.81 shows that the
entire network an be represented as one scenario (combinations of sEtesneans
that dynamic scenarios; or combinat®af states, for the whole system netwodnde
used toconstruct a newhigher level Markov Chain for different scenarios at different
time periods according to the operation of all system comportagt8 shows a higher
level Markov Chain constructed for the scenarios of the entire networgvery time
step, the entire netwomkill experience a scenario (i.e. combination of states or a Markov
state). In the next time step, the entire network may remain in the same situation/scenario,
or experience a transition to another situation/scenario (i.e. Markov state) through
transitionprobabilities.
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Fig.81: Higher level scenario (combination of states) for the entire network

14- If any new datas available and the system is requiredb®oupdatedthe subnetwork of
the dam that was affected by the change will beimeulated, not thentirenetwork. This
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will allow for building new TPMs for the state variabsethat haveupdated dataalong

with getting all updated probabilistic results from simulation. Then, the new probabilistic
data is fednto the highlevel BN for updated predictioof system failure. It is up to the
decision makers, according to their expertise, tsimalate the system sutetworks

every seasonevery year, or even every month, to have more updated data and more
accurate and reliable prediction results.

Fig.82: An example ohigher level Markov Chain showing dynamic scenarios (combinatidrstates) for the entire
network

15 To compare the MCSSBN and SSBN results whiang probability estimates from
exact simulations the steady state probability distributions of the different states of the
four state variables are estimated from the simulation, and used to quantify the BN
probability tables.lt is found that the system failure probability under the same
operational conditions is about 2.5% which is close or similar to what was obtained in
the SSBN stage. The main difference i s the
includes more states for the inflow and the reservoir level nodes for both dams, which
makes tle results more accurate and converging to the simulation results. The distinction
of the MCSSBN over the SSBN is having the ability to predict the system failure with
different operation scenarios using transition probability matrices.
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5.8 Summary

Cyclic/acyclic representation may facilitate theeghiction process for the system duriitg
operation. The trandion probabilities amongthe Markovian states willfacilitate the
determination othe new statef the systenin orderto predict the probabilitef failurei in this
reseachi under the new conditions, whighsupposed to save more time and effort. If there is a
global change for alt or most ofi system variables, reimulating theentire system will be
important to probabilistically update tlsgstem. The decompositional approdéctiecomposing

the system into subystemsi will then be usefufor simulation MCSSN concept has been
explained in details, with possible approaches that can be used to apply the concept to most of
the engineering gghications. This concept is showing potential in updating the network with
different scenarios, which may be taken into consitiien for failure predictionMCSSBN
concept was appliedn this chapterto systers of seriesdamreservoirs of independemtflows.

The first and second approaches of M@BSwere used to apply the concept, and to compare
the probabilistic restd with exact simulations and BN results, caducted in the previous
chapter The following Tablel6 compares the probability of systefailure for a system of two

dam reservoirs connected in series and having independent inflows using different methods, i.e.
simulation, SSBN using only two states per state variable, SSBN with three to four states per
variable, and MCSSBN with three tour states per variable in three cases, MCSSBN first
approach with scenarios of interest (five for the first dam and seven for the second dam),
MCSSBN first approach with all possible scenarios for dam 1 and dam 2, and MCSSBN second
approach. It is expede t hat increasing the number of
discretization stage will allow for converging to the simulation results.

Method Probability of System Failure
Simulation 2.7%
SSBN (two states/variable) 2.4%
SSBN (34 states/variable) 2.5%

1.21% (scenarios of interest)
MCSSBN f'approach

2.5% (all scenarios)

MCSSBN 29 approach 2.5%

Table16: Comparing probability of system failure using different methods: simulation, SSBN, and MCSSBN
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Both MCSSBN approaches ardistinctive in representing system dynamics acquiring cyclic
representation within the adic BN graph. However, the MC®8! first approach helps the
decision makers when certain possible scenarios, of the netwoikystgdms, are of intest.
Experts, acording to their experience, may choose to analyze the system with some scenarios of
interest that are most probable to happen. The first approach is also distinctive in overcoming the
obstacle of BN of being directed graph. If new marginal data is avaifablany intermediate
system node, there is a problem in updating the BN in both directions (boforand top
bottom). In the MCSSBN first approach, the swdiwork, of which the update belongs to, is re
simulated with the new marginal evidenae orde to get probabilistic estimatefor the
combinations of states (scenariosf) the subnetwork, not for the system nodes. So, the
aggregation of system nodiego subnetworksin the higher level BN represtation overcomes

this problem.The second approhof MCSEBN is more distinctive in the cases that data for
state variablesra system components are estimated in thetdésvels.However, the MCSSBN
second approach is expecterd be complicatedn very large complex systems which the
Markov Chainrepresentation will be for a huge number of system variables. Moreover, updating
the high level BN is challenging in this approach when new marginal data is available for
intermediate nodeg\ccordingly, this approach may be more efficient for future faséingand
determination of different scenarjdsut notfor decision making.

It can be concluded that supporting the BN with both simulation and Markov Chains makes the
Bayesian analysis more mature for complex engineering networksSBIXC® a higher legl
concept for the decoposition based system analysis

In the next chapter, a realorld case study of Mountain Chute Daaperated by Ontario Power
Generation (OPG), is represented. Asdhta available for this dam dimited, it is shown how

elicited |l ogic inference and expert judgement

analysis purposes.
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CHAPTER®6
A RealWorld Case StudyMountain Chute Dam
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6.1 Introduction

This chapter deals with a reabrld case study of Mountain Chute Dam in Ontario. In this
system,a number of system variables, nodes, and interactions among system components is
introduced.Such a system is considered to be complex according to the nofmt@nponents

that it includes, and the complex interrelations among these compoBstiteating failure
probability of this system may be challenging using simulation, especially that this system has
very limited data available, which is an obstaclgobabilistic failure analysis of the system.
Accordingly, any proposed methodology that relies on simulation 88BN and MCSSBN
methods to simulate system decompositions is challenging when data is Ssamgelogically
inferred data and eliciting iofmation from experts may assist in quantifying the BN of the
system. This may facilitate the prediction of system failure and identifying the main contributors
to system failure that may be taken care of in the fulthie.results from these two informarti
sources are comparedsing these sources of information may also help in estimating some
scenarios of operation for the system under study which may help in identifying the main
contributors to system failure in different scenarios/situations.

6.2 BN of Mountain Chute

In section4.3.2, Mountain Chute Dam and Generating Statawa briefly explainedMountain
Chute Dam isa part of Madawaska River System of Darasd has foumain structures: main
concrete dam of 55m highaving apower generating station, a wé€Mackie creek weir)and

two earthen block dam@orth dam and White Fish Draw danfystem components were
illustratedin orderto build the BN for this dam, which ishown is Fig37a in sectior4.3.2.
However, the BN oMountain Chuteis modified in this sectionto give more details orthe
interdependencies among systeomponent&ndnodes. The newonstructedBN for Mountain
Chute dam and generating station is represented as follows i8 Ege88Appendix3 for a larger

scale figure) The nodes in this BN represent: rain/precipitation, inflow, flood severity,
earthquakes/seismic events, ice loading, efficieddheweir, water pressure, geology and rock
type, spill event, electromechanical equipmémtiuding hydropower turbines, head gates,
sliding of the main dam, stability of the earthen daseepage in the earthen dams, drainage in
the main dam, sluice gates of the main dam, overtopping of the main dam, capacity adequacy of
the sluice way, geneed electric power, vegetation control around the earthen dams, animal
burrows control around the earthen dams, main dam failure, and earthen dams failure.

130



Elsctromachenica] Equipment #n
Mlzin Daminchoading Torbioss

Dischzrge Crpacity
Adsgzacy

Fig.83: BN of Mountain Chute dam and generating station

To better understand this BN ciin beanalysed as follows:

1-

This BN consists of 24 nodes @nts, components, or variables, explained next), and
combining such multiple factors is the major advantage of the proposed BN based
method.

The main purpose of this BN is predicting the probabilityadtire of the main dam

from overtopping, seepage, or sliding. Moreover, it determines the probability of
failure of the eartherblock dams, controlling the reservoir of Mountain Chute,
resulting from the threats of seepage or slidifige posterior capality of the BN

may also allow for identifying the main contributors to any evidence in the network.
The basic events are rain, ice loading limits, earthquakes, geological and rock
stability, vegetation control of earthen dams, and control of animal buinosesthen

dams (as the main dam is concrete).

The amount of rain affects the inflolw the Mountain Chute Dam. Theflow is
considered a flood iit exceeded certain lingt This floodmay be severe or of less
severity.
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Flood severity is also affecteq the seismic actions and earthquakes.

The flood, with certain severity level, is controlled by Mackie Creek Weir.
Controlling the inflow is to reduce the river flow rate and prevent severe floods from
reaching the dam reservoir. The weir may be efficegnot, depending on the flood
severity.

After passing the weir, the watsrblocked by two earthen block dams, and the main
concrete dam with its generating station, and ready to be contbylldte damhead

gates. This means there is water pressurentlethe dams that may affect their
stability.

The geological and rock stability for the structure of the three dams should be
considered as it affects the sliding of the dams. Sliding is one of the causes of dam
breach &ilure

Ice loading, water pressurand flood sevety are connected to the electiechanical
equipment (including turbines). For example, the ice loading is affecting the failure of
the mechanical equipment, and with a severe flood and high water pressure, this
could result in dailure in operating the mechanical components, which leads to dam
operation failure.

10-For the electric power generation, the head gates are opened to let the water flow

through the penstock to generate electricity frioypdropower turbineslf the head

gates faild to open, this is considerednaajor factor offailure of the main dam,
especially, if the water pressure is high in the upstream side of the dam, and this may
affect the dam stability. And for sure, this will affect the amount of power generated
by the tirbines.

11- The flood severity, the weir efficiency in controlling the inflow to the reservoir, and

thewater pressuteare all affecting the probability to have spill in the main dam. The
spill is the amount of water that exceeds the reservoir maxioayady limit. This

amount should be released from the upstream side to the downstream side through the
spillway (sluicevay) gates, or an overtopping failure will take place.

12- The amount of water spill is alsolated to the capacity of slugy, which may not

be adequate for thamount ofwaterto bedischarged and the condition of the sluice
gate (open, or failed to open due to electromechanical failurejhelfe is a
requirement tepill while there is no way for the wattr be released from behind the
man dam because of theadequate capacity of the sluieay, or because the sluice
gate failed to open, there is an increasing probability (risk) of overtopping failure.

13-For the main dam, severe floods with increased water pressure increases the

possibility to have seepage in the body of thmin dam. If the seepage is not
controlled and mwoitored through a drain system with a drain inspection turthisl
could result in an increasing risk that reduces the remaining life time of the dam.
Seepage may alsosdt in dam breaching failure.
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14-For the earthen dams in Mountain Chute, seepage may take place because of

uncontrolled vegetation and animal burrows and holes irvittieity of the dams.
Seepage is an increasing risk for seepage piping and dam breacé. failu

6.3 Quantifying the BN Using Available Dataand Logic Inference

In caseonly limited data are available for ned/variables of the network, am@inning
simulations iscomplicated for such netwakthe data availablalong with experjudgement and

logic inferencemay be used for quantifying the basic and conditional probability tables (BPTs
and CPTs)f the BN This section focuses on using the logic inference in quantifying the BN

and predicting the probability of failure of Mountatute damAnd the next section focuses on
improving the results using expert judgement.

According to the data available fro@ntario Power GeneratiorOPG, who are the dam
operators for Mountain Chute Dam and Generating Station, the following protabilis
informationare estimated

1 Over a range of 84 years in the area of Mountain Chute Dam (even before construction),

the rain depth can be classified as low (less than 60 mm), or high (more than 60 mm)
with the following probabilities

P(rain depth = low< 60 mm) = 429/1204

P(rain depth = high > 60 mm) = 775/1204
These data are concluded from monthly data over 84 years, aaah ibe useful in
determining the probability of having severe flood, or flood with less sevdtityg.
important to mention that low and high rain depths are assumed discretized states to help
guantifying the BN of the system. For more accurate results, more discretized states can
be assumed for this node.
Mountain Chute has two hydro power turbifesits 1 & 2), with capacity (rating) of 75
MVA each.For each turbine, the electric output (in MW)assumed to beOW if it is
less than 30 MW, INTERMEDIATE if it is less than 60 MW, and HIGH electric output if
higher than or equal 60 MW. According toPG analysis for the relation between
different head levels and the electric output from each turbine depending on the discharge
in the penstock of each unit, the following probabilistic information vestenatedfor
all different possibilities

P(low eletric output)= 360/1006
P(intermediate electric output)= 360/1006
P(high electric output)= 286/1006
P(low elec. outputlow head) = 120 /317
P(Intermediate eleoutput| low head) = 120 /317
P(high elecoutput| low head) = 77 /317
P(low elec output| intermediate head) = 120 /335
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P(intermediate elemutput| intermediate head) = 120 /335
P(High elecoutput| intermediate head) = 95 /335
P(Low elecoutput| high head) = 120 /354
P(intermediate eleoutput| high head) = 120 /354
P(highelec output| high head) = 114 /354

The maximum discharge per turbine was found to be about 220.8 CMS:alimsis the
maximumdischarge that each penstazn withstandThe three states of electric output

and water head leve(gse. low, intermediate, and high) are assumed discretized ttates
help quantifying the BN of the system. For more accurate results, more discretized states
can be assumed for this node.

1 The efficiency of Hydro Power turbines (unit 1 & 2) is 50 %. Tisans that unit 1 is
available for 50% of the time while unit 2 is out (for forced outage, scheduled outage,
sudden outage, maintenance, or any other reason), and vice versa. So, it is considered that
only one turbine is operating at any time.

6.3.1 BN hput Data and Results

In this section, the BN of Mountain Chute Dam is quantified using the limited data available,
logically inferred data, and assumed data. The data available are limited to the data that was
provided by OPG and discussed in section Bti& logically inferred data are inferred according

to the understanding of the system components discussed in section 6.2.

The following Basic Probability Tables (BPTs) and Conditional Probability Tables (CPTSs)
shown in Table 7 are considered for detemmng the state®f each node of the BN, where the
probabilistic quantificatiordepends onhe data availabldpgic inferencing and assumed data
Probabilistic data in these tables represantgstimated 00 yeas operation oMountain Chute

Dam.
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DischargeCapacityAdequacy
Adeauste 0.2
HotAdeguate 0.8

DrainageMainDam_Seepage

WaterPressure High Moderate Normal Low
FoodSevarity Severs Mormal Savers Marmal Severs MNormal
Leakaae 0.2 0.15 0.15 0.1 0.1 0.05
Moleakage 0.8 0.85 0.85 0.5 0.9 0.95

EarthenDamsFailure

MorthDam Stal Stable Unstable

‘WhiteFishDraw Stable Unstable Stable Unstable
Seepage Exist NoSeepage Enxist NoSeepage Exist MNoSeepae Exist MNoSeepage
Fail 1 L] 1 1 1 1 1

MoFail 0 1 0 0 0 0 0 1]

Earthquakes_SeismicEvents

Severs 0.1

Mormal 0.9

Elec_Gen_Output

WaterPressure High Moderate Normal Lowe
BlectroMechEq Fail MoFail Fail NoFail Fail
HeadGatesMair  Cipen Closed Fai Open Closed Fai  Open Closed Fai  Open Closed Fai  Open Closed Fai
Low or no get 1 1 0 1 1 1 0.25 1 1 1
High 0 L] 1 0 0 0 0.75 0 L] 0
WaterPressure Low

ElectroMechEm NoFail

HeadGatesMair  (lpen Closed Fai

Low or no os 0.7 1

Hiah 0.3 L]

Tablel7: BPTs and CPTs of the BN of Mountain Chute dam

Quantification of the above tables, according to available datHpgic inference, is explained
as follows:

T

1

Rain/Precipitation is either LOW or HIGBtate According tothe availabledataof

rain depth, LOW is about 0.36 probability, while HIGH is about 0.64 probability.

For earthquakes/seismic events, it is supposed that the dam is lanltairea with
limited seismic activity So, the probability to have severe earthquakiesised.

Ice loading could be considered as NOT SAFE only during the winter season, which
courts for about 5 months per yed&or the rest of the yeace loading $ not taken

into consideration.
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Inflow states may be high, intermediate, or low dependimdhe rain/precipitatian
Depending orlogic inference if the rain depth is low, thmflow is assumedo be

low with 0.9 probability, andintermediate by 0.1, while if the rain depth is high, the
inflow is assumedo be 0.75 probable to be high, @@bable to be intermediate, and
0.05 low.

Mackie Creek Weir imssumed to befficient for 70% of the time in controlling the
flood flow rate(logically inferred.

If Mackie Creek Weir is not efficient in controlling the flood, there is an increased
probaility to have higher water pressure.

For Geology and rock type stability, it isgically inferredthat the dam is already
constructed in a geologically stable area. Thus, the probability of having stable
geological formation isssumedo be0.7.

The prdability of having excess water more than the reservoir capaatysgill)
increases with severftoods and lack of efficiency of the eir to control the flood

flow rate, which will also affect #nwater pressure (low, normal, or higt)the weir

is not efficient duringa severe flood, re#ing in an increasedavater pressure, the
probability to have excess water would be 100%. The spill probadbditseasewith

less severe floods, increased efficiency of the vamid)ess water pressure

Failure of electomechanical equipment of the main concrete dam is affectédeby
nonsafe ice loading limits, severe flogdnd highwater pressures

The head gateareassumed to operater 50% of the time it is required to opexat

and fail to operatdor the other 50% of the timélhus, the probability of failure
(failed to open) of th head gates is taken to be Qtbg(is anassumptiorbecause the

data of maintenance/outage schedules is not avgilable

Water pressure and stability of geological and racknations affect the stability of

the three dams (main concrete dam, and the two block dams).

Itis concluded from he damdés d awagpcapaditygsinot adbgeatedorthe c e
peak outflow of the maximum design flood (Probable Maximum FI8d4F). Thus,

the probabity to have inadequate sluisgy capacity (i.e. discharge capacity
adequacy node) mssumedo be 0.§logically inferred.

The state of the sluice gates to be opened or closed (failed to open) depends on the
state of the electromechanicaquipment. If the electromechanical equipment has
failure, it means that the sluice gafa.

The electric power generation depends on the state of the penstockatesafogen

or failed to open)The hydropower turbines masoexperience outage faifferent
reasons during that time, which means that no electric output from the turbines can be
generated. So, there is low or no electric power generation if the head gates of the
penstock failed to open, or the turbiriesvhich are electromechanical wgmenti
experience failure to operate because of forced or scheduled outages.
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1 The overtopping failurés assumed tteke placein two events 1- If there is excess
water more than the reservoir capacity and the sluice gates failecno(cdpsed),
evenif the sluicavay discharge capacity is adequate for releasing the sypiflttiere
is excess water more than theaesoir capacity and the sluiway discharge capacity
is not adequate for releasing the spill, even if the sluice gates are opened.

1 Seepagkeakage in the main dam depends oe thater pressur@and the flood
severity. It islogically inferredthat the dam is under a monitoring and inspection
system that ensures no more than 0.2 probability to have leakage in the dam body
with the highest watepressure and the most severe flo&kepage/leakage is
considered to be a risk of failure as it reduces the remaining service life of the dam.

1 Main dam failure considers the failure of any part of the main darsystem. Thus,
overtopping failure, instality/sliding of the main dam, leakage/seepage in the main
dam body, failure in operating head gates, or any failure in electromechanical
equipment, are considered cases for main dam failure. This means that any failure
which makes the main dam unablecigerate properly as designed, or fail to do one
of its operations, is considered a failure.

1 For the twoeartherblock dams, the vegetation and animal burrowsamsumed not
to be efficiently controlled by a 0.7 probabilit9.8 pobability of being controlled),
which isan assumptiobecause data about monitoring and maintenance schedules are
not available.Inefficient control of vegetation and animal burrows/holes in the
vicinity of the block dams may increase the probabilits@épage piping in botbf
them

1T Earthen damsodé failure considers the inste
seepage piping in any of the dams.

1 System failure happens if the main dam fails, or earthen damerfaith fail

Whenthe networkis compiledusing Bayesian inferenaan Hugin Lite softwargwhile usingthe
limited data available anldgic inferenceto quantify the probability tablesf the BN, it can be

seen in Fig.8 that in the life time of 100 yearshe probability of the main dam failure is about
77%, and the earthen dams fail with a probability of about 68B&se probabilities are
consideredrery high, which means that quanitig the network with logically inferred dataay

not be accurate for piection results thashould helghe decision makewhile taking decisions.

It is obvious that logically inferred data is considered a source of uncertainty in predicting the
system failure,as it contains limited knowledgehich needs to be improved byhet data
sources, i.e. expert engineering judgement.

140



Rain_Frecepet Earthquakes_SeismicEy[>

oo (B

[ 4 | IO Mormal

Tnifiow_|

10,00 Severe

35,60 Low

48,00 High

E

16,40 Intermediate_Mormal

Ice_Loading_Limit

[ 55,33 Sdfe
41,67 Not3afe

FloodSey

MackieCreekweir_Efficiency

22, | IF0,00 Efficient_in_controling_inflo

235 Geology “and RockTypi
w| | High (0,00 Stable
| 30,00 Unstable

[ | 30,00 Mat_efficient [‘10(
o
Spil ElectraMechEquipm

[ | 2724 sSpil
[z 66 Nospil

[ |
[ £9 NoFail

30,31 Fail

" EluiceGatestainDam

S0.00 Op' | e
S0.00 Clo |y

DischargeCapacityr
[ | 20,00 Ade
[ED. 00 Mot

[ 69 Open

30.31 Faile_to_open_Closed

HeadGatesr MalnDam .

EC

10, |M

NDrthDam WhlteFlshDrawDam Cta,

RS Stable
10,15 Unstable

Elec Gen_Cutput

(]

200 Low
24,80 High

_0r_Nno_generation

Holesand&nimalBurrows

| 30,00 Contralled
0,00 NotControll

]

Cwertopping %
|- 23.93 Failure VELETIIONICOTar
_ _ N7_No_Failure . S 3000 Controlled
DrainageMainDam_Seepac[] Seepage [5] 70,00 Uncontrolled
11.79 Leskage [ 1,60 Exist
1 Moleakage I 3340 MoSeepage
MainDarnFail i
| ainCiamFailre : EarthenDarnsFailure
[T 15 Fai [ —c.77 Fal
| 22,85 NoFai [ | .23 Nleai|

Fig.84: BN of Mountain Chute dam after compilation on Hugin Lite

From another perspective, it can be seen from thénBhg.85 thati given the eidence that the
main damhasfailed - the maincontributors to the Main Dam Failure are: inadequadehérge
capacity of the sluicgay of 81% probability, electromechanical equipment failafe39%
probability, head gates failuref about 65% probability, nesafe ice loadingof 46.6%
probability, 48.9% probability of high inflow, 64.7@obability ofhigh rain/precipitation, about
39% probability ofsluice gate failug, and 36%probability ofhigh water pressure.
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Fig.85: BN of Mountain Chute given the evidence that main ditad

If these main contributors to the main dam failure are controlled to be within reafeal
operating conditionghe evidence can be set in the Bayesian equations to calculate the updated
posterior probability for the main dam failure given these evidences. Thepaneziurecan

alsobe applied to the earthen darfisFig.85, it is shown that whilesetting the evidece to have

most of the network nodes operating at normal/safe operating conditions, the probability of
failure of the main dam falls to 5.7% probability of failure, and zero probability of failure of the
earthen block dams with the efficient inspectioonitoring, and control of both of them.

This means that with the proper inspection, monitoring, control, and maintenance of the dam
system, the probability of failurean be kept at lower limitsie. 5.7 % and 0%), even if the
whole dam system is at rigke. 77%, anl 68%).
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Fig.86: BN of Mountain Chute given the evidence of normal/safe operating conditions

6.4 Expert Judgement for Quantifying the BN of Mountain Chute Dam

On October 11, 2018, a site visit was made to Mountain Chute Dam and Generating Station to
meet Dr. Dehai Zhao, Technical (CiviBroduction SupervisoRlant Engineering Services
Eastern OperationgOntario Power Generation. Areh Verzobio, aninternational Visitig
Graduate Student to University of Waterloo, and PhD student ibépartment of Civil and
Environmental Engineeringt University of Strathclyde, Glasgow, Scotland, was also helping in
defining a methodology for elicitation of required data for such ptexnnetworks through
engineering expert judgemenBr. Zhao was the expert who providedome information
regarding dam operation. This information was beneficial in updating basic and conditional
probabilities of the BN. It is important to note that all the expert judgementusathto quantify

the BN, in this sectionareassumed to bér 100 yearsof operation ofMountain Chute dm.

Fig.87 and Fig88 are site pictures to show Mountain Chute main dam and its sluice way,
respectively, whild=ig.89, Fig.90, and Fig.Q show a drainage collecting point in the main dam,
vegetation control around the main dam, and one of the earthen block dams, respectively.
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Fig.88: Side viewof the sluiceway and sluice gates of Mrountain Chute dam
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Fig.91: One of the earthen block dams (behind the trees)

The aim is to propose a methodology for populating BNs in the case where the topology of the
BN has already been defined, i.e. starting from a graphical model with all the variables
described. In this case, the elicitation process is then required ta@teatrd quantify the
subjective judgments about the uncertain quantities, which are mainly the conditional
probabilities that represent the interrelationships among connected nodes. In the literature, there
are various protocols for probability elicitatioime methodology useldereis based mainly on

the one that seems the most suitable, i.e. the SRI (Stanford Research Institute)X8[el,

[109], and [11.0].

The process for eliciting expert judgment is composed by seven stages: motivating the experts

with the aim of the elicitation process, structuring the uncertain quantities in an unambiguous

way, conditioning the expert,éeacoding ttegpeobadilityt t o

distributions, verifying the consistency of the elicited distributions, aggregating probabilities

from different experts, and discretizing continuous probability distributions. To conduct an
elicitation process, at least two cheters are necessary: a subject, i.e. the expert, and an analyst,

i . e. the interviewer. The first one provide

knowl edge about the event s [108],ovkilethaisecoreliontedsi nt y

who take responsibility for designing and developing the process and the evaluation procedures.

Starting from this protocol and according to the specific requirements of a BN, -atdger

structured methodology was developed to support the elicitation méadhingcach stage is

presented in details by defining each phase of the process and presenting the roles of the key
personnel along with highlighting all the potential biases, as follows:

1 Stage 1 To start, the analysts have to study carefully the pr@ect the proposed BN, to
understand which kind of expertise is required. It is fundamental to ensure coverage of all the
different perspectives of the problem, so more than one expert is usually necessary. So, the
analysts should identify the essential ahebkired characteristics of experts and build up
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profiles of experts who may be able to answer these questions. For the number of required
experts, it is variable and depends on the variability of expertise per domain. From a
theoretical perspective, addiag many experts as possible would seem beneficial; however,
too many experts can be problematic too, depending on the type of elicitation process chosen.
Stage 2 Individual interviews between the analysts and the selected experts are conducted.
The inital part of the interview has two purposes; to introduce the expert to the encoding task
as well as identifying and addressing motivational biases, such as management and expert
bias. Management bias is where an expert provides goals rather than judgngenie dam

will not fail), and expert bias is where an expert becomes overly confident. During this
initial part of the interview, the BN should be expkd, indicating the uncertawvariables

that will be elicited and explaining how this process lbaruseful towards the resolution of

the overall problem. The second part of this stage focuses on structuring the variables. Each
quantity of interest that will be quantified needs to be specified so that a measurement scale
can be determined. Even if thepology of the BN has already been defined, it is
fundamental to review with the experts the definitions of the variables and their states, in
order to structure the uncertain quantities in an unambiguous and meaningful way, before
starting the encoding hase. Each variable must have a clear definition that will be
understood without any possibility of misunderstanding by the expert. Depending on the
experience of the expert, it may be appropriate to disaggregate the variable into more
elemental variabled his can be very useful in the case of the BN, because each node might
depend on several aspects and it can be easier for the expert to evaluate these secondary
probabilities. This technique also allows the analyst to combat motivational biases and to
reduce some cognitive biases by increasing the level of details.

Stage 3 Information which is relevant to estimating uncertainties is discussed in this stage to
mi ni mize cognitive biases b[llclopartcularibiases ng t |
such as anchoring, i.e. when the evaluation is conditioned by an initial assessment, and
availability, i.e. when the evaluation is based on the ease of which relevant instances come to
mind, have to be investigated. Thus, the inemérs should ask some specific questions to

test the experts. In addition, probability training should be provided to calibrate the experts,
where a brief review of basic probability concepts may be helpful, beside some training
guestions which can helpdlexperts to become familiar with the elicitation process itself.
Experts should be trained on problems relevant to the questions on which they will be
providing judgement. Different training questions are necessary for instance in the cases of a
frequentevent or a very rare event. When the training is completed, the encoding stage
commences. During the interview, the same question can be asked in various ways, to find
potential inconsistencies.

Stage 4 This final stage starts by verifying the consisteatyhe elicited probabilities. First

of all, the analysts should verify that each expert has provided a reflection of their true
beliefs. If the results are not satisfactory, the previous stage should be repeated. In the case
that the same conditional frabilities have been elicited from different experts, the analysts
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should then develop an aggregation technique to obtain one final resuft18gdor a
performancebased approach ¢it13] for a behavioral based approach. Once each elicited
probability has been verified and aggregated, the analysts should solve the overall BN to
achieve the conclusive results.

Following the above mentioned stages, the following data and information have been provided
by the expert of Mountain Chute Dam:

1 Vegetation iscontrolled and monitored around the main dand both of the earthen
block damsTrees are cut regularly according to a designed schegiesgelig.9.

1 Animal holes and burrows, of the earthen dams, are ralsoitored and maintained
regularly.

1 Both earthen dams have elevation more than the main concrete dam; thus, there is no
high risk of overtopping in both of them. Overtopping is considered a risk for only the
main concrete dam.

1 There are allecting points for the drainage water in the mamdoody All the drainage
is dischargedo the drainagénspectiontunnel in order to monitor the amount of water
drainage before being released to the tail race of the mainSksntig89.

1 Water pressure on the main concrete dam is also monitored, and if exceeded certain
limits, the gates (head gates and sluice gates) are used to release water to get the water
pressurdackto its acceptable limits.

1 The ice loading affecting the hoists sitiice gates and head gates is controlled by using
heaters. I f the heaters failed for any re
bubbl ero that prevents ice from accumul at.

1 The sluicevay capacity was also matter that has been discussed witlte expert.

However the sluiogay capacity is inadequate for the maximum design flood, there is a
weather monitoring plan that allows the dam operators to take decisions within 48 hours
beforeanyflood hits the dam. Tts plan depends on releasing the water by operating all
the gates (sluice gates, head gatewl all service gates). So, thereaiimited risk of
overtopping.

1 For the stability of the main dam, horizontal and vertical movements are also monitored
in all dams of the Madawaska river system, including Mountain Chute. No movements
were reported since theeginning ofoperation of the dam.

1 Since dams are consideredbeWater Mountains, constructing any dam may change the
seismic activityin the area around the dam. While performing an experiment for ice
accumulation in the reservoir and its effect on the main dam, Mountain Chute dam
operatoramade sure that the daisidesignd to withstand up to 1.45 I/bf earthquake
effect. Since the dam oisdver@&arthqgaake this vialeensc e an
not representable for such seismic actions. So, there is still limited probability of facing a
destructvee ar t hquake that the dam candét withstar
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BPTs and CPTs of the proposed BN of Mountain Chute dam are updated using data elicited from
expert engineering judgemenwhich are 18 probability estimate¥his judgement considers
minimum risks to take place armdaims that all dam components are working properly and
within the safe and normal operating conditions. Accordingly, it can be seen from the BN in
Fig.92 that the failure probability of the main dam falls to 1.33%, and the failure probability of
the earthen dams falls to 1.28% over 100 years of operation.
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Fig.92: BN of Mountain Chute dam usirgxpert engineering judgement for quantification

By setting the evidence that the main dam failure is 100%, the main contributors to main dam
failure can badentified fromFig.93 as high rain/precipitation, high inflow, sluice gate failure,
and leakage of water in the main dam body.
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Fig.93: Contributionin main dam failure of Mountain Chute dam when using expert judgement

If sluice gate failure, for example, is considered one of the main contributors in the vatlure
almost 25% probability, it is required to do maausalanalysis in the sluice gatmmponent.

Sluice gate itself can be represented as aBsuillhaving subcomponentsas shown inFig.94.

This means that every component in the BN can be represented with a lower leB&l gt

can be analyzed, according to available data, logic inferamceexpert judgement, and may be
with simulation, in order to find the probability of failure of the higher level component, which is
the sluice gate failure in this caself the sluice gate component/node is
decomposedisaggregatetb its subBN and sb-components, it can be seen in Bigthat if a
tornado took place in the area of Mountain Chute dam, it may affect the generation of electricity
coming from turbines by affecting the transmission linksy disturbance in the electricity
generation willaffect the operation of the sluice gateshich are electrically supplied by this
source. As a backup, there is a diesel generator that is placed near the slgite gapely
heaters and the esite control board of the sluice gates with electrigitythe case of any
emergencylf tornado took place, there is a haghisk that this diesel generator is blown away,

and thus, sluice gates may lose all kinds of electric supply to alew operation. In the
meanwhile, the remote operation tbe sluice gatesby the control station may haweouble in
connectivity that blocks the control station from operating the gates remotely. If any mechanical
problem happens at this time, there is a higher probability of failure of the gates, and they may
not operatedpen at the required time in order to release certain amounts of water in case any
flood took place. BPTs and CPTs of this new-Blb of the sluice gates can be built and
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guantified with available data, expert judgement, logic inference, or from simulatiorder to
predict the probability of faiire of the sluice gates. Once the predicted probability is available,
this probability can be used to quantify the sluiateghode in the higher level BN, iie.Fig.83.
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/
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Fig.94: Sluice Gate node decomposgedts subBN and subcomponents

6.5 Summary, Comments and Recommendations

In this chapter, it can be showmat there is a significant difference in the failure probabilities
when the BN is quantified bgxpert judgementhan the case that uses logiference in
guantifying the BN once again showing the impantze of adequate data collectiand their
availability for analysis.Adding expert engineering judgemengsulted in more specific
estimates for theafeoperation of the dam. Thigvo cases otfising logic inference (in section
6.3) and using expert judgement (in sectt4) can be consideresstwo different scenarios that
may be helpful for the decision makérhe worst case scenario may be the one that uses
logically inferred dataand the safe operating scenario is the one that degesfromexpert
judgment.

It is obviousthat there is a need for a Dam Safety Progtiaat defines different scenarios of
dam operationin order tohelp detsion makers and dam operatofhie dam sadty program
should define all the interrelationships and mathematical models that relate different dam
components, which will be helpful to monitor, inspect, operate, and predict the ct#tese
components. It will also be helpful in designing maintex@aschedules and maintenance actions
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