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1. Ensuring the non-existence of weak spots (true negative) is more relevant for levee
reliability than finding them (true positive).

2. Killing black swans with site investigation is pure luck.

3. For geotechnical structures in natural deposits, uncertainties in stratification are
more important than spatial variability within strata.

4. The limit state based on the Sellmeijer model cannot be observed in the field.

5. Using data scarcity as an an argument against probabilistic approaches is confus-
ing statistics with probability theory.

6. Model validation is an outdated concept and should be replaced by model uncer-
tainty analysis.

7. The Achilles heel of the Dutch safety assessments of flood defences is the lack of
technical reviews.

8. R&D projects for decision support systems should start from the decisions to be
taken, not with improving prediction capacity.

9. The most important virtues to successfully finish a dissertation are the serenity
to accept that it will not solve all problems, the perseverance to pursue tractable
solutions and the wisdom to identify the latter.

10. Innovation in the public sector is like teenage sex: a lot of talking, few results.

These propositions are regarded as opposable and defendable, and have been approved
as such by the supervisors prof. drs. ir. ].K. Vrijling and prof. ir. A.C.W.M. Vrouwenvelder.



10.

Stellingen
behorende bij het proefschrift
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door

Timo SCHWECKENDIEK

. Voor de betrouwbaarheid van een dijk is belangrijker zwakke punten uit te kunnen

sluiten (true negative) dan ze te vinden (true positive).
Als grondonderzoek een black swan ontdekt is dat puur geluk.

Voor constructies in natuurlijk afgezette grond zijn onzekerheden in de laagop-
bouw belangrijker dan ruimtelijke variabiliteit binnen lagen.

. De door de pipingregel van Sellmeijer beschreven grenstoestand kan niet in het

veld worden geobserveerd.

. Gebrek aan data aanvoeren als argument om geen probabilistische aanpak toe te

passen is statistiek en kansrekening met elkaar verwarren.

Validatie van modellen is een absurd concept dat onzekerheden vermijdt. Dat
geldt in het bijzonder voor "validatie"van rekenmodellen met experimenten.

De achilleshiel van de Nederlandse Toetsing van waterkeringen is het ontbreken
van een externe technische review.

R&D projecten met belisondersteunende systemen als doel zouden moeten wor-
den opgetuigd vanuit de te maken beslissing en niet door meteen te beginnen met
het verbeteren van de voorspelcapaciteit.

De belangrijkste deugden voor het afronden van een dissertatie zijn de gemoeds-
rust te accepteren dat het proefschrift niet alle problemen op zal lossen, de vast-
houdendheid om haalbare doelen na te streven en de wijsheid haalbaarheid in te
schatten.

Innovatie in de publieke sector is als sex voor tieners: er wordt vooral over gespro-
ken.

Deze stellingen worden opponeerbaar en verdedigbaar geacht en zijn als zodanig

goedgekeurd door de promotoren prof. drs. ir. J.K. Vrijling en prof. ir. A.C.W.M.
Vrouwenvelder.



ON REDUCING PIPING UNCERTAINTIES

A BAYESIAN DECISION APPROACH

Proefschrift

ter verkrijging van de graad van doctor
aan de Technische Universiteit Delft,
op gezag van de Rector Magnificus prof. ir. K. C. A. M. Luyben,
voorzitter van het College voor Promoties,
in het openbaar te verdedigen op vrijdag 4 juli 2014 om 10:00 uur

door

Timo SCHWECKENDIEK

civiel ingenieur
geboren te Cuxhaven, Duitsland.



Dit proefschrift is goedgekeurd door de promotoren:

Prof. drs. ir. ].K. Vrijling
Prof. ir. A.C.W.M. Vrouwenvelder

Samenstelling promotiecommissie:

Rector Magnificus voorzitter

Prof. drs. ir. ].K. Vrijling Technische Universiteit Delft, promotor
Prof. ir. A.C.W.M. Vrouwenvelder = Technische Universiteit Delft, promotor
Prof. dr. M.H. Faber Technical University of Denmark

Prof. dr. G.A. Fenton Dalhousie University

Prof. dr. M.A. Hicks Technische Universiteit Delft

Prof. dr. ir. PH.A.J.M. van Gelder = Technische Universiteit Delft

Prof. dr. ir. S.N. Jonkman Technische Universiteit Delft

Prof. dr. ir. M. Kok Technische Universiteit Delft, reservelid

Ir. E.O.E Calle heeft als begeleider in belangrijke mate aan de totstandkoming van het
proefschrift bijgedragen.

Delft Enabling Delta Life
I U D e I ft University of
Technology

Keywords: levee reliability, internal erosion, uplift, piping, risk-based decision
support, Bayesian updating, inequality information, equality informa-
tion, field observations, pore pressure monitoring, soundings, cone
penetration testing, Kriging, conditional simulation, random fields

Printed by: Ridderprint B.V.

Front & Back: Mercedes Garcia Ballester

Copyright © 2014 by T. Schweckendiek
ISBN 978-90-5335-880-1

An electronic version of this dissertation is available at
http://repository.tudelft.nl/.


http://repository.tudelft.nl/

To Merche, Raiil and Arne.






ABSTRACT

IKES and levees play a crucial role in flood protection in deltaic areas such as the

Netherlands. Internal erosion piping or under-seepage is a major cause of levee fail-
ures and a main contributor to the probability of failure of river levees due to the large
(mostly geotechnical) uncertainties. The present thesis investigates how geotechnical
uncertainties can be reduced and how we can provide input for rational investment de-
cisions for uncertainty reduction measures such as monitoring or site investigation. The
general trade-off is between investing in uncertain reduction realizing cost reductions of
retrofitting measures necessary to achieve the required reliability target.

The key ingredients of the approach are Bayesian posterior and decision analysis.
Posterior analysis allows us to update the piping reliability with new information; Bayesian
decision analysis enables us to for estimate the the consequences and costs of the con-
sidered decision options. The goal of the decision analysis is to identify the strategy
with the least expected cost which meets the reliability target as set by the safety stan-
dard. The essential strategy options are (a) investing in uncertainty reduction and (b)
retrofitting (i.e., taking physical measures to increase the structural reliability). Within
each strategy we optimize the "design parameters" such as the site investigation density
or the width of piping berms.

Several sources of information are investigated in this thesis, the first being field per-
formance observations made during substantial loading conditions such as seepage or
sand boils. Whereas earlier studies only considered survival information (in Dutch: "be-
wezen sterkte"), the proposed approach allows to incorporate much more detailed per-
formance observations indicating good or poor performance of the levee. The case study
results suggest that the probability of piping failure can decrease or increase roughly one
order of magnitude depending on the prior uncertainties and the observation made.

Another source of information is monitoring the response of the hydraulic head in
the aquifer, which can have a considerable effect on the piping reliability, because it pro-
vides information on the geo-hydrological properties in the foundation of the levee. The
same holds for site investigation such as soundings, which allow us to "map" the strati-
fication including the thickness of the blanket layer, which is very important for the sub-
mechanisms uplift and heave. Pre-posterior decision analysis enables us to determine
the optimal monitoring configuration or site investigation density such that the sum of
investigation cost and expected retrofitting cost is minimized.

The application examples elaborated in this thesis suggest that investments in back-
analysis of historical observations, monitoring and site investigation can be very cost-
effective. The results also show that a framework which does not consider the benefits
of risk reduction beyond meeting the reliability target is sub-optimal in an overall risk
sense.
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INTRODUCTION

Do not be afraid to challenge even the most established concepts.

Arvid Landva

Figure 1.1: Global archive map of extreme floods 1985-2002 (source: Dartmouth Flood Observatory)

Floods are a major natural hazards and flood defenses play a pivotal role in safeguarding
the welfare of people living in flood-prone areas. Internal erosion mechanisms are among
the most frequent causes of levee failures. The ground conditions governing these mecha-
nisms are highly uncertain. This introductory chapter provides an overview of the general
background, the research questions and an outline of this thesis.
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1.1. MOTIVATION AND SOCIETAL RELEVANCE

LOODS are the most common and widespread of all natural disasters, besides fire.

World-wide, flood disasters account for about a third of all natural disasters (by num-
ber and economic losses) (UNESCO, 2008). The average death toll per year is approxi-
mately 7,000 people; the annual average number of people suffering flood damage is
about 66 million.

Figure 1.2: Flood-prone areas in the Netherlands, source: PBL (2009)

Dikes and levees play a pivotal role in flood protection. In the Netherlands, approx-
imately 6 million people live in flood-prone areas (Figure 1.2) and roughly one third of
the GDP is generated there (CBS, 2009). Dike-rings are flood-prone areas surrounded
by dikes or other types of hydraulic structures and/or high grounds, designed to prevent
flooding from the sea, rivers and lakes. Breaches in these protection systems can be dev-
astating depending on their location and the intensity of the event. Therefore, Dutch
safety assessments of flood defenses require a relatively high target reliability.

The dominant failure mechanism in terms of contribution to the probability of fail-
ure of (river) dikes in the Netherlands is piping (Rijkswaterstaat (2005), also called under-
seepage or backward erosion), mainly due to the large uncertainty in ground conditions.
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Figure 1.3: Sand boils in 1993 in the Netherlands covered by geotextiles and surrounded by sand bags (source:
Beeldbank Rijkswaterstaat)

The fact that internal erosion and piping are not only a theoretical problem is under-
pinned by the numerous observations of sand boils during floods. Sand boils actually
exhibit already eroded material at the landside of a levee (Figure 1.3). During the floods
in 1993 and 1995 in the Netherlands alone, more than 300 such sand boils were observed
and registered along the rivers Rhine, [Jssel and Meuse.

Piping develops in the foundation of a dike where the forces of groundwater flow
erode sand particles (Figure 1.4). A levee’s foundation is generally naturally deposited
material. As opposed to other materials involved in engineering structures, there is no
quality control during production (except for ground improvement). Our knowledge of
the materials at a site mainly originates from local geological expertise and geotechnical
site investigation with limited spatial coverage and accuracy.

There are several ways to reduce piping uncertainties. A poorly exploited source of
information are field observations of the structural performance during extreme events,
which can actually be considered as involuntary load tests. Other, more obvious ways to
obtain information on ground conditions influencing piping reliability are monitoring
of the geo-hydrological response to loading or site investigation. However, monitoring

backward erosion I aquitard

aquifer

Figure 1.4: Conceptual illustration of the piping mechanism (illustration courtesy of Deltares)
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and site investigation planning rely heavily on subjective engineering judgment. The
problem with this kind of judgment is that there is no real feedback in terms of the ade-
quacy of the amount or setup of site investigation, except for structural failure revealing
previously unidentified weak spots. There is a clear need for systematic risk-based ap-
proaches to inform decisions regarding investments in uncertainty reduction.

On the one hand, investing too little in uncertainty reduction can lead to suboptimal
designs. Levees can then be either unnecessarily costly or unsafe in a sense that society
may be bearing unacceptably high levels of risk due to flooding. The excessive cost in
terms of over-design may well be in the order of millions of Euros per retrofitting project,
the excessive cost of risk-bearing even in the order of tens of millions of Euros per year
for a country like the Netherlands. On the other hand, there is a trade off between invest-
ments in uncertainty reduction and the actual benefits in terms of design optimization
and risk reduction. At some stage, there is a break-even point where investing more does
not pay back.

Risk-informed and rational investment decisions help to avoid such inefficiencies.
This thesis demonstrates how the reliability of levees can be increased to an acceptable
level by reducing piping-related uncertainties and how monitoring, site investigation
and retrofitting measures can be planned cost-effectively and in a consistent framework,
while focusing on the Dutch safety assessment with risk-informed target reliability lev-
els.

1.2. RESEARCH QUESTION AND METHODOLOGY

HILE codes of practice such as Eurocode 7 (EN1997-2, 2007) provide qualitative re-
unirements and recommendations for site investigation and monitoring planning,
there is a lack of quantitative guidance. A few scholars have applied Bayesian probabil-
ity theory (Bayes, 1763) to reducing uncertainties for geotechnical problems involving
dikes and levees (Wolff, 1994; Vrijling and Gelder, 1998; Calle, 2005; Zhang et al., 2011),
but never specifically to piping or under-seepage problems. The link with cost and utility
as introduced by Von Neumann and Morgenstern (1947) has not been established so far.

The essential question this thesis strives to answer is:
"How can piping-related uncertainty be reduced cost-effectively?"

This thesis contributes to closing this gap by developing a rational, systematic approach
that treats uncertainties in a consistent and explicit manner. Bayesian Decision Analysis
provides the theoretical basis for the envisaged type of engineering decision problems
(e.g., Benjamin and Cornell, 1970). A core element in applying the theory to piping un-
certainty reduction is to establish probabilistic failure models and observation models
that are compatible with Bayesian Inference. Reduced uncertainty translates into an
updated probability of failure, which can be compared to the target from the safety stan-
dard to be met. In order to find the optimal strategy to reduce uncertainties, the costs in-
volved with data acquisition need to be compared to the difference in cost of retrofitting
the levee caused by reducing uncertainties. The optimal strategy will be defined as the
one with the least expected total cost (uncertainty reduction plus retrofitting).
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1.3. LIMITATIONS

INCE the main goal of this thesis is to show how piping-related uncertainty can be re-
duced and to find cost-effective strategies, the following assumptions and limitations
have been imposed to the scope deliberately for the sake of tractability and clarity:

(a) A target reliability is supposed to be known as safety assessment criterion, which
is common in civil engineering. In this sense, the approach is not fully risk-based,
as it does not account for the potential consequences of piping failure explicitly.
However, a target reliability will most probably be available for safety assessments
in the Netherlands. Therefore, this limitation will actually increase the practical
applicability of the developed approach.

(b) The reliability updating and optimization are limited to the failure mode piping (in
combination with uplift and heave). Other failure modes like slope instability are
neglected though the information obtained by site investigation typically affects
the reliability of other mechanisms, too, and hence the retrofitting designs.

(c) Prior probability distributions of basic random variables are assumed to be known.
The thesis does not discuss how priors can be established, only how these can
be updated. Most of the values for prior distributions used in the application
examples originate from the FLORIS/VNK2 project (Rijkswaterstaat, 2005) in the
Netherlands, which already has established a considerable database of probability
distributions for, amongst others, geotechnical parameters.

(d) The optimization of strategies is limited to one source of information (e.g., mon-
itoring technique) at a time. In principle, the theoretical framework would allow
an integral analysis of several sources of information simultaneously, however, for
sake of practicability this was not considered.

Other limitations and assumptions concerning more detailed aspects are discussed in
the respective chapters.

1.4. ORIGINALITY

HE main contribution of this thesis is the novel application of Bayesian inference and

decision theory to updating piping reliability based on different sources of informa-
tion (chapter 4). While only the survival of a levee was considered previously, chapter 5
provides more profound insights in how detailed visual observations of the performance
can be incorporated. Reliability updating and decision analysis for head monitoring
(chapter 6) and soundings (chapter 7) has not been presented earlier in the literature
in the consistent and systematic fashion as in this thesis. Furthermore, though not to be
generalized for the entire range of conditions, the application examples provide valuable
insights into (finding) optimal site investigation strategies for typical Dutch river dikes.
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1.5. OUTLINE

IGURE 1.5 provides an overview of the chapters and their mutual relations. Work-
F ing in a safety assessment framework poses requirements and limitations to the ap-
proach, which are discussed in chapter 2. Chapter 3 provides the conceptual and com-
putational models for both the physics and the reliability with respect to uplift, heave
and piping as well as the relevant uncertainties involved. Chapter 4 elaborates the pro-
posed approach, starting with general decision theory and Bayesian inference followed
by considering the safety assessment framework and the strategy options as well as their
evaluation based on minimizing the expected cost.

Introduction
(chapter 1)

(Safety Assessment and Piping Reliability (chapters 2 & 3, background) )

1
Field Performance Observations
(chapter 5)

Head Monitoring
(chapter 6)

Improve Piping Safety
(chapter 4, methodology)

Optimal Strategies to

Soundings (CPT)
(chapter 7)

1
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Conclusions
(chapter 8)

Figure 1.5: Visual thesis outline

Subsequently, three specific sources of information are discussed in detail followed by
examples serving as proof of concept and by case studies. Chapter 5 shows how field
performance observations during extreme floods such as the occurrence of sand boils
can be used for uncertainty and reliability updating. Chapters 6 and 7 investigate hy-
draulic head measurements (in aquifers) and site investigation by means of soundings.
Each application-related chapter (5-7) addresses the following key questions:

1. What relevant information is provided?
2. How can piping reliability be updated by incorporating the information?
3. How does this influence the data acquisition and retrofitting strategies?

While each chapter reports detailed observations and conclusions, chapter 8 synthesizes
the main findings.



SAFETY ASSESSMENT FRAMEWORK

The best we can do is size up the chances, calculate the risks involved, estimate
our ability to deal with them, and then make our plans with confidence.

Henry Ford

Figure 2.1: Signpost in Bitterfeld, Germany, indicating a levee breach location after the floods in June 2013

The main goal of this thesis is to show how piping-related uncertainties can be reduced
cost-effectively in safety assessments for flood defenses. Before going into piping uncer-
tainties and reliability updating, we need to be aware of the requirements and limitations
a safety assessment situation imposes on the approach. Since this thesis focuses on the
situation in the Netherlands, this chapter will provide the necessary background on the
Dutch approach, starting with the historical context and ending with the target reliability
to be met.

Some of the material in this chapter has been published in Schweckendiek, T., Vrouwenvelder, A.C.W.M., Calle,
E.O.E, Kanning, W. and Jongejan, R.B. (2012). Target Reliabilities and Partial Factors for Flood Defenses in
the Netherlands. In Arnold et al. (Eds.), Modern Geotechnical Codes of Practice - Code Development and
Calibration (pp. 311 - 328). Taylor and Francis.
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Figure 2.2: Flooded village in the Province of Zeeland in 1953 (source: Kennislink.nl)
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2.1. HISTORICAL CONTEXT

0 understand the current safety philosophy in the Netherlands, it is beneficial to
know how it has developed historically, starting with the 1953 flood disaster, which
had a major impact on Dutch society.

2.1.1. THE 1953 FLOOD DISASTER

The Dutch have protected their land from flooding for centuries. Flood protection is his-
torically a collective effort organized by the water boards, some of which were founded
in the 13'” century. Until the first half of the 20" century the flood defense system used
to be repaired and upgraded only after disasters had struck, before the major coastal
flood disaster in 1953 initiated change. After large parts of the south-western delta of the
Netherlands had been flooded (Figure 2.3) and more than 1800 persons had lost their
lives, the attitude towards design and maintenance of flood defenses underwent a major
transformation as explained in the next section.

Rotterdam

Nederland

/"“. A
)

ergen 0£‘ ?oom
\ — . e

Belgié \

O Antwerpen

. R .
Overstromingsgebied k= KW 20 km

Figure 2.3: Flooded areas in the South-west of the Netherlands during the North Sea flood of 1953 (source:
Lencer, 2011)

2.1.2. THE FIRST DELTA- COMMITTEE

The Deltacommissie (1960), a group of experts assembled to develop a strategy to pre-
vent disasters like 1953 in the future, advised the Dutch government to shorten the coast
line by constructing the Delta Works (closures of estuaries by dams). Furthermore, and
more importantly in this context, they proposed to bring all primary flood defenses to
the "delta-level".

Interestingly, this delta-level was possibly the first time that risk-based economic op-
timization was applied to determine flood protection standards. Van Dantzig (1953) had
provided the theoretical foundation in form of an economic model comparing the cost
of dike reinforcement to its effect in terms of flood risk reduction, risk being defined as
probability of flooding times consequences. The principle of such economically opti-
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mal safety standards is illustrated in Figure 2.4, the core idea being to determine the in-
vestment strategy leading to the minimum total cost consisting of the investment costs
themselves and the cost of risk-bearing (i.e., expected cost of failure). Even though the
protection standards recommended by the Delta Committee were not implemented ex-
actly as proposed, they represent, to a large extent, the basis for the safety standards for
primary flood defenses in force at the time of writing.

-
L

minimum total cost

cost (present value)
-

—

I
I
: risk
I
I

. reIiabiIitV
optimum y

Figure 2.4: The principle of economically optimal levels of protection or safety

2.1.3. THE 1995 FLOOD DEFENSE ACT

Nowadays, the safety standards for primary flood defenses have a legal status in the
Netherlands, which was defined in the 1995 Flood Defense Act (in Dutch: Wet op de wa-
terkering). These safety standards, as presented in Figure 2.5, are expressed in terms of
the expected exceedance frequencies of so-called normative load events. For example,
for dike rings 13 and 14 along the central coast of the Netherlands, this means that the
combination of the storm surge level and wave conditions used in safety assessments
and designs of flood defenses has a return period of 10,000 years. Other areas have lower
protection standards; the background of the differentiation are considerations of poten-
tial consequences, which are highest in Central Holland.

The compliance of the defenses to the safety standards needs to be verified by the wa-
terboards through periodic safety assessments, currently every 6 years'. Non-complying
defenses are to be reinforced.

For the sake of practicability, the definition of the legally defined safety standards is
extended here from only a definition of the return period of the "design" load event to an
acceptable probability of flooding or system failure for a so-called dike ring. As further
discussed in 2.2, this extension is necessary to arrive at consistent design and assessment
rules.

1 The frequency of safety assessments was subject to political discussion at the time of writing; the expectation
is that the frequency will be once every 12 years in the future.
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Figure 2.5: Safety standards of primary flood defenses in the Netherlands in terms of return periods of the
design load events (according to the Dutch Flood Defense Act, 2009; illustration courtesy of Kees Den Heijer)

2.1.4. SAFETY ASSESSMENT

The common situation when starting a detailed safety assessment as investigated in this
work is that the structure in question is considered unsafe based on the information at
hand, i.e., the prior probability of failure exceeds the acceptable value. In the Nether-
lands, there are different stages or levels in the compulsory safety assessments:

Simple Simple assessment rules use very simple characteristics or parameters in a very
conservative fashion. For example, the slope of a levee may be considered safe
regarding slope stability just based on geometrical considerations (e.g., slope angle
less than 1:4).

Detailed The detailed assessment rules use more sophisticated (usually physics-based)
models requiring more input parameters as well. The models and the parame-
ter determination are prescribed in a safety assessment manual (VTV, in Dutch:
Voorschift Toetsen op Veiligheid).

Advanced Advanced assessments are usually carried out if state-of-the-art modeling
techniques enable by-passing some of the conservative assumptions inherent to
the detailed assessment rules. There are no explicit rules other than one needs to
show that the target reliability is fulfilled.

The present work is based on safety assessments in the detailed or advanced category
using a target (acceptable) probability of failure.
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2.1.5. RECENT DEVELOPMENTS

Recently, the Second Delta Committee (Deltacommissie, 2008) formulated recommen-
dations for preparing the Netherlands for the challenges in water management and flood
protection in the 21° century. Amongst others, the safety against flooding should be in-
creased by a factor 10. Though not specified, a common interpretation was to lower the
probability of flooding by a factor 10.

The project WV21? investigated updating the safety standards by acceptable risk cri-
teria based on individual risk, group risk and (societal) cost-benefit analysis (see 2.2.1).
The information is supposed to serve as input for a political decision on new safety stan-
dards®. It is expected that the safety standards for primary flood defenses in the Nether-
lands will be specified in terms of acceptable probabilities of flooding per dike ring. For
this reason a probabilistic framework is adopted in this thesis and acceptable probabili-
ties of failure are used as acceptance criteria.

The project WTI-2017* is currently developing safety assessment methods for levees,
dunes and hydraulic structures in flood defense systems with semi-probabilistic as well
as fully probabilistic methods and criteria. The proposed approach in this thesis will be
appropriate for application to probabilistic assessments as envisaged in the WTI-2017
project for all safety assessments from 2017.

2.2. SAFETY REQUIREMENT AND TARGET RELIABILITY

HIS section briefly describes how target reliabilities at the system level are "down-
T scaled" by distributing them over failure modes and, finally, deriving local target re-
liabilities for independent dike sections. For details refer to Schweckendiek et al. (2012b),
where also the derivation of partial safety factors is explained.

2.2.1. RISK ACCEPTANCE CRITERIA

Target reliabilities for engineered systems are ideally risk-informed. The higher the po-
tential consequences of failure, the higher the target reliability. Three widely used types
of risk acceptance criteria for floods and other natural and industrial hazards are dis-
cussed below.

INDIVIDUAL RISK CRITERIA

Individual risk criteria evaluate individual exposures, often defined as a maximum aac-
ceptable annual probability of death. The stringency of individual risk criteria is often re-
lated to considerations regarding the voluntariness of exposure, and the degree to which
an exposed person benefits from the hazardous activity (Vrijling et al., 1998). For Western
countries a typical value for activities without direct benefit would be 10~ (annual prob-
ability) as frequently used in industrial safety (e.g., chemical installations). Currently, for
flooding an annual acceptable probability of 107° is considered.

2Reports on the essential results of the WV21-project can be downloaded from http:/ /www.rijksoverheid.nl.
3For a description of an acceptable risk framework for flood defenses refer to Vrijling et al. (2011)
4Information on the WTI-2017 project is provided on http://www.helpdeskwater.nl.


http://www.deltares.nl/nl/expertise/100417/veiligheid-en-risico-s/1402630
http://www.helpdeskwater.nl/onderwerpen/waterveiligheid/primaire/toetsen/wti2017-ontwikkeling/
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SOCIETAL RISK CRITERIA

The FN-criterion is commonly used in the assessment of multi-fatality disasters (Jonkman

et al., 2003). An FN-curve shows the exceedance probabilities (F) of different numbers

of fatalities (IV), plotted on double logarithmic scale (Figure 2.6). The FN-curve should

not cross the criterion line, for definition and motivation of which reference is made to
Jongejan (2008), Ball and Floyd (1998) or Stallen et al. (1996).

Exceedance a
probability F<C/n

Ponlog [
scale - TFN-criterion exceeded

»

»

Number of fatalities (N) on log scale

Figure 2.6: Schematic overview of FN-criteria comparing the number of fatalities per event with its annual
exceeedance probability (source: Schweckendiek et al., 2012b)

EcoNOMIC CRITERIA

As already shown by Van Dantzig (1953), the economically optimal reliability of an engi-
neered system can be found by equating marginal costs with marginal benefits (i.e., cost-
benefit analysis), or by minimizing the sum of the present value of the cost of strength-
ening flood defenses and the present value of the economic risk (i.e., expected cost of
failure; see Figure 2.4).

2.2.2. SYSTEM TARGET RELIABILITY

Acceptable risk-criteria can serve as input to a political decision on protection standards.
In the Netherlands, this would be an acceptable annual probability of failure’ (p7,sys)
or annual target reliability §7,ys for a (sub-)system (e.g., a levee section). For practical
reasons, these high level protection standards need to be translated into more specific
requirements per levee reach and failure mode, unless fully probabilistic assessment of
the entire system is feasible.

Practically workable safety requirements are usually expressed per failure mecha-
nism and per element (e.g., homogeneous dike reach), either in terms of a target relia-
bility (pr or Br) or in terms of semi-probabilistic criteria (e.g., safety factors). To arrive
at such a local target reliability we contemplate the system reliability problem in an in-
verse fashion. Herein, we need to account for the different failure mechanisms involved

5At the time of writing, the actual legally defined high level requirements are not in terms probabilities of
flooding or system failure but refer to exceedance probabilities of design load events. However, target system
reliability levels are expected in the near future.
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Figure 2.7: Steps in deriving target reliabilities from acceptable risk criteria (Schweckendiek et al., 2012b)

and for the system reliability and the length-effect (see e.g. Kanning, 2012) arising from
the fact that all dike or levee reaches in the protection system contribute to the proba-
bility of (system) failure and that the probability of failure increases with the length of an
element.

2.2.3. FAILURE MODE TARGET RELIABILITY

The first step in deriving low-level target reliabilities is assigning target reliability values
for each failure mode B7,04. for the whole protection system®. Target reliabilities over
all failure modes are ideally based on the relative cost of improvement measures for a
failure mode (Voortman, 2003) and, hence, subject to economic optimization. A com-
mon requirement in practice is that the sum of the target probabilities per failure mode
should not exceed the target system probability of failure (3 pr,mode < P1,sy5), Which is
a conservative criterion because the implicit assumption is that the failure modes are
mutually exclusive.

6Note that the order is arbitrary, one can first account for the different failure modes or for the elements in the
system. The description merely illustrates the Dutch approach.
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2.2.4. LOCAL TARGET RELIABILITY

The second step is to take the so-called length effect (see e.g. Kanning 2012) into ac-
count. For a mechanism like piping, this can be simplified to deriving the equivalent
correlation length I.4 and deriving the "local" target reliability (i.e., for an independent

reach) from
PT,mode

pr=——>F""—""7" 2.1

1+ Liode! leg
where L,,,4. is the total length of dike reaches in the considered system contributing
to the probability of piping failure. For details reference is made to Kanning (2012) and

Schweckendiek et al. (2012b).

2.3. SUMMARY

HE work in this thesis aims to demonstrate how piping reliability can be increased

to an acceptable level cost-effectively considering the effects of additional informa-
tion by different types of observations (e.g., monitoring). The Dutch safety assessment
framework is very suitable for approaching this challenge using probabilistic techniques,
because it provides explicit reliability constraints. Similar to the Eurocode philosophy,
the Dutch framework facilitates semi-probabilistic safety assessment and design of flood
defenses for standard or simple cases, while the use of probabilistic techniques is possi-
ble where the simplifications of the semi-probabilistic approach pose significant limita-
tions.

The work in this thesis is such a case, because incorporation of observations and
monitoring data in semi-probabilistic assessments is not straightforward. Being able to
work with reliability constraints (acceptable probabilities of failure) enables us to stay
in the "doctrine of chances" (Bayes, 1763) and choose a probabilistic approach to the
problem, not only in the academic work presented here but also for actual safety assess-
ment of levees in the Netherlands. The basic safety requirement used in this thesis is the
target reliability for piping per dike reach S or, equivalently, the target probability of
failure pr = ®(—f7).







PIPING RELIABILITY

Twould disabuse myself of the idea of reporting a probability of failure to three
significant figures, especially as the exponent might even be in question.

Dr. Ralph Peck'

backward erosion I aquitard
* ...............

aquifer

Figure 3.1: Schematic illustration of the backward erosion / piping process (illustration courtesy of Deltares)

This thesis focuses on the safety assessment for the failure mode piping, the general frame-

work of which has been discussed in chapter 2. Piping (also called under-seepage or back-

ward erosion) is an internal erosion mechanism that can undermine levees and lead to
their collapse. This chapter commences with a description of the conceptual models of the
physical process and the computational models used in safety assessments and reliability
analysis, including the relevant uncertainties involved. It concludes with an example of
(prior) reliability analysis in the Netherlands, which is revisited in the remaining chapters,

where the focus is on reducing the dominant uncertainties in an economically efficient
way where possible.

1 Dr Ralph Peck at a Corps of Engineers workshop on Risk Analysis (2000) responded this to the question: "What
approach would you recommend to obtain the final results (i.e. probability of failure = 4.65 x 10™4)?"

17
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3.1. UPLIFT, HEAVE AND PIPING

CCORDING to our current state of knowledge, uplift, heave and piping evolve in the
/ &phases illustrated in Fig. 3.2:

a) Uplift The pore pressures in the aquifer increase due to the large hydraulic head on
theriver side. If the upward pressure on the landside of the dike exceeds the weight
of the blanket layer (aquitard), the latter is lifted up and ruptures.

b) Seepage Groundwater starts flowing upward through the ruptured blanket layer. The
phenomenon observed at the surface is sometimes called water boils.

c) Start of Erosion (Heave) If the gradient at the exit point (also called exit gradient) ex-
ceeds a critical (heave) gradient, sand particles can start eroding.

d) Backward Erosion The erosion progresses upstream forming so-called "pipes”, net-
works of erosion channels’. The eroded material around the exit point starts form-
ing sand boils (Figure 3.3). The erosion may stop even under a constant head dif-
ference depending on the ground conditions and flow pattern (see 3.2.4).

e) Continuous Pipe If the erosion does not stop and the pipes reach the river, the flow
velocity increases drastically due to the loss of hydraulic resistance.

f) Collapse The structure is undermined and collapses.
The process might stop at several points in time. For example, the blanket layer may

be thin and ruptured, but the exit gradient insufficient to erode any particles. The limit
states and assessment models are based on this conceptual model of the piping process.

aquitard aquitard

aquifer aquifer

a) Excessive Pressure in Aquifer (Uplift) d) Upstream Erosion (*“Pipe Development™)

aquitard aquitard

aquifer aquifer

b) Groundwater Flow towards Leak in Aquitard (Seepage) e) Continuous “Pipe”, Accelerated Erosion

aquitard

aquifer aquifer

¢) Start of Erosion of Granular Material (Heave) f) Structural Collapse by Undermining

Figure 3.2: Phases of the piping process
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Figure 3.3: Sand boils: in action (left) and after flood event (right), courtesy of Rijkswaterstaat

3.2. LIMIT STATES

T HIS section gives a brief overview of the limit state functions for uplift, heave and
piping used in this thesis. Notice that world-wide there are different approaches to
assessing piping safety. For example, in the United States a heave criterion is applied
to check whether erosion could start at a potential exit point (USACE, 2005). On the
other hand, in the Netherlands, piping is assessed by an average gradient-based crite-
rion based on Sellmeijer (1988) and piping, heave and uplift are considered as a parallel
system. The presented load and resistance models play a role not only in (prior) reliabil-
ity analysis, but they will also be used in reliability updating where observations need to
be related to the failure-relevant physical processes.

3.2.1. GROUNDWATER FLOW

Before providing the actual performance or limit state functions, we introduce the ground-
water flow model used for evaluating uplift and heave in this study. For both mecha-
nisms, we need to estimate the potential ¢.,;; [m] at the landside exit point. Notice
that in the following all surface and phreatic levels are denoted as h (with a subscript),
whereas the ¢ stand for hydraulic heads in the aquifer.

The most common situation in the Netherlands, which will also be the standard sit-
uation in all analyses in this thesis, is an aquifer underlying a (semi-pervious) blanket
layer (i.e., aquitard). A blanket may be present in the hinterland as well as in the fore-
shore. Figure 3.4 contains a schematic representation of that situation and the associ-
ated groundwater flow model used in this thesis. The potential at the exit point may be
described by the damping factor A defined as:

$exit = hp+ A(h—hp) 3.1)

where h [m] is the (river) water level and £, [m] is the hinterland phreatic level (both with
respect to mean sea level), the latter being assumed equal to the piezometric head in the
far hinterland for the sake of simplicity. In general, A can be estimated using groundwa-
ter flow models, calibration based on monitoring data or expert judgment. Notice that

2Notice that this type of internal erosion requires a cohesive blanket in for the so-called "roofing" effect, mean-
ing that channels can form without soil from the top (roof) filling up the channels immediately.
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Figure 3.4: Groundwater flow model for an aquifer under an impermeable dike with leakage through the blan-
kets (adopted from TAW (2004))

the so-called exit gradient i (i.e., the gradient in the blanket at the exit point) in this case
is defined as

i = (exit—hp)ld=Ah—hp)ld 3.2)
where d [m] is the thickness of the hinterland blanket.

In most examples and cases studies in this thesis, we apply an analytical groundwa-
ter flow model based on Dupuit flow (i.e., predominantly horizontal flow with vertical
leakage), which is described in appendix A. Making a few assumptions about the extent
and permeability of the levee and the blankets, the damping factor can be approximated
by:

)Lh (BI2=Xexit) I An

A= ——— it >B/2
Lf+B+/1h &P Yexit

(3.3)

where x.y;; [m] is the distance of the exit point from the center of the levee footprint, B
[m] is the width of the levee, L r [m] is the length of the (effective) foreshore, k [m/s] is
the hydraulic conductivity of the aquifer, D [m] is the aquifer thickness, and 1j, [m] is the
so-called "leakage factor" for the hinterland section given by

A=V kDd/ky

where kj, [m/s] its hydraulic conductivity. For details on the assumptions and the deriva-
tion it is referred to appendix A, where the approach is also compared with to the so-
called "blanket equations" frequently applied in North America for safety assessment
and design (see e.g., USACE, 2000).

(3.4)

3.2.2. UPLIFT

The uplift model used in this thesis is the same as the one used in safety assessments
and design in the Netherlands (TAW, 1999) and elsewhere. It is based on a comparison
of pore pressures at the upper boundary of the aquifer with the weight of the blanket
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layer. This leads to the following limit state function in terms of gradients:

Zy = gu(x) = my ic,u - m([)l (3.5)
icu = Adeuld (3.6)
Apey = dw (3.7)

Yw

where m,, and my are model factors addressing the uncertainty in the critical and ac-
tual gradients respectively (i.e., ic,, and i), A¢., [m] is the critical head difference, d
the blanket thickness at the exit point, ys4; [KN/ m?] the saturated volumetric weight of
the blanket and y,, [kN/m?] the volumetric weight of water. The corresponding critical
(river) water level (e.g., "failure water level") is

hew=hy+ MulPeu 3.8)

m¢/1

which can be considered the cumulative resistance against the main loading on river
levees - the water level h. This implies that an equivalent limit state function would be
8uX) = h,,, — h and that the CDF of A, is the uplift fragility curve (see 3.4.3).

3.2.3. HEAVE

While uplift is concerned with the rupturing of the low-permeability, cohesive blanket,
heave considers the start of erosion of sand (i.e. aquifer material). The exceedance of
a critical heave gradient i ;, is considered a necessary (but not sufficient) condition for
the occurrence of heave:

Zp=gnX) =i —min{i,ig} 3.9
where i is the same exit gradient as in the uplift performance function (Eq. 3.5) and ig
is the so-called limit gradient. The background of the limit gradient iy is the gradient
corresponding to the pressure at the bottom of the blanket which equals the pressure
exerted by the weight of the overlying blanket. Hence, for heads or gradients obtained by
groundwater flow analysis which do not implicitly consider the limit gradient, taking the
minimum of the two takes care of this aspect. The corresponding critical (river) water
level is given by

iopd .o .
o = {hp+ m'(';ﬂ if i < ig (3.10)
00 ificp>ig

where the later case (i j, > ig) reflects the fact that heave becomes impossible, if the limit
gradient is less than the critical heave gradient. For blankets of homogeneous thickness,
the limit gradient is the critical uplift gradient (ig = i.,;), whereas for situations with dis-
continuities in the blanket (e.g., ditches) the limit gradient may be greater (ig = i.,,). A
word of caution seems appropriate regarding the applied heave model, the main limi-
tation of which is that the heave limit state only depends on the (average) gradient over
the blanket - an assumption which may not be universally applicable.

There are numerous approaches for the critical heave (exit) gradient in the literature
such as the one by Terzaghi (1929):

_ I-mys—vw)
Yw

e ~1.65(1-n) (3.11)
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where 7 is the porosity and y; [kN/m?] is the volumetric weight of sand grains (=26.5
kN/m3). Notice that various scholars after Terzaghi have developed variations of his ap-
proach (e.g., Harza, 1935; Bazant, 1953; Davidenkoff, 1956), which tend to result in lower
critical gradients.

As the goal of this thesis is to show the relative effects of incorporating additional in-
formation, we do not enter the discussion on the critical heave gradient nor do we make
a choice for a model in literature but we apply an even simpler approach which does
not involve any sand parameters. The applied probability distribution is an educated
guess based on experimental and field observations such as shown in Figure 3.5. The
critical heave gradient will a-priori be assumed lognormal distributed with the following
mean and standard deviation: i. , ~ LN(0.7,0.1) (which corresponds with the sand boils
category in Figure 3.5).
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Figure 3.5: Severity of seepage as related to upward gradient through top stratum (source: USACE (1956))

With respect to Figure 3.5 it should be noted that from experience in the U.S. sand
boils were also observed for rather low gradients around 0.2. However, later reviews (e.g.
Wolff, 1994) express doubts about the measured gradients with those observations for
the pressure release effect in the vicinity of the exit point. That means that the actual
gradients at the observations were probably higher. Thus, the assumed distribution is
deemed to be reasonable.
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3.2.4. PIPING
The general form of the performance function for piping (i.e., backward erosion), which
suits most computational assessment models, is:

Z,=g,X)=H,—H (3.12)

which is the difference between the critical head difference H, [m] and the actual head
difference H = h— h;, [m]. Hence, the piping resistance is expressed in terms of a critical
head difference or sometimes a critical piping gradient i, = H./L (where L is the seep-
age length [m]). Models formulated this way refer to average gradients addressing the
piping process (phases d-e in Fig. 3.2) as opposed to another class of models addressing
local gradients dominating the start of erosion like uplift and heave (phase b-c Fig. 3.2).

head difference

water level  h

Phreatic level

drainage

foreland / foreshore  _-~—_ T T =—__ _

~

e T T

seepage length L

aquifer (e.g., sand layer)

Figure 3.6: Definitions for piping assessment models

BLIGH AND LANE
Bligh (1910) was the first to treat the issue of piping for dams and levees scientifically.
After having stated that the stability of a weir on a porous foundation depended on the
weight of the structure in the first edition of "Practical Design of Irrigation Works" (Bligh,
1907), he revised his opinion and stated that the stability depends on the length of the
percolation path or seepage length. He also realized that piping-resistance decreased
with decreasing grain size. After analyzing a large number of dams, mostly for irriga-
tion, in India, both failed and intact, he established empirical coefficients relating the
required seepage length L; [m] (design value of the resistance) to the head difference
H; [m] (design value of the load) by: L; = cH,;. These percolation factor ¢ depended on
the grain size of the erodible material in the aquifer. Intuitively, that makes sense, since
H/Lis the average hydraulic gradient, the driving force for flow velocity and thereby ero-
sion.

In safety assessments the seepage length L [m] is given and the performance function
(Eq. 3.12) can be rewritten as:

Zy=gyX)=Lic-H & Zy=L-c-H (3.13)
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Bligh chose the coefficient c as a relatively safe value for design purposes. Designing
a foundation with a seepage length of ¢ times the head difference should give "perfect
confidence in its stability" (Bligh, 1915). This conservatism needs to be kept in mind
when using Bligh'’s percolation coefficients ¢ in a probabilistic analysis, as addressed by
Kanning (2012) who assessed the bias included in the percolation factor.

The next major insight was reported by Lane (1935) along with a corresponding pro-
posed design rule. In his analysis of a large number of dams he distinguished between
horizontal and vertical percolation paths. He found that vertical paths offered a 3 times
higher resistance than horizontal ones. Since the focus in this thesis is on river dikes,
vertical seepage paths are of minor relevance and will not be considered.

Table 3.1: Design percolation factors ¢ based on (Bligh, 1915) as applied by TAW (1999)

Soil Type median grain diameter dso [um] Percolation Factor ¢
very fine sand <150 18

medium-fine sand 150 - 300 15

coarse sand 300 - 2000 12

gravel > 2000 <12

SELLMEIJER
Sellmeijer (1988) developed a theory on piping stability based on the flow pattern gen-
erated by the head difference between the waterside and the landside water level - the
driving force of internal erosion - and the erosion resistance of the sand grains in a par-
tially developed piping channel (Figure 3.7).

Using local stability criteria for sand grains, stability criteria were derived for levee
safety assessment and design purposes in the Netherlands TAW (1999).

structure

slit

Figure 3.7: Erosion of sand grains in a piping slit (Sellmeijer, 1988). For ariver levee, the high water level would
be on the right-hand side and the structure on top of the figure would be the blanket layer.
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Recently, a major effort in the Netherlands involving physical model tests up to proto-
type scale (Van Beek et al., 2011b) has led to a revision of the Sellmeijer formula (see also
Sellmeijer et al., 2011). The performance function (related to Figure 3.6) reads:

Zy=8pX)=mpH.—H=mpH,— (h—hy-0.3d) (3.14)
where

mp  model (uncertainty) factor
H.p critical head difference [m]
H head difference [m]

h water level at the entry point (water side) [m]
hy phreatic level at the exit point (land side) [m]
d thickness of the blanket layer [m]

and the corresponding critical water level for piping k. , is given by
hep=mpH:+hy+0.3d (3.15)

The critical head difference in the revised Sellmeijer formula is given by:

H.p = FRBL (3.16)
FF = 17 (ﬁ - l)tanH
Yw
d d 0.4
F, 70m ( 70 )
3 [vkL \ d7om
g
F, = 091(D/L)oines: 0%
where
L seepage length [m]
¥s volumetric weight of sand grains (=26.5 kN/m?)
Yw volumetric weight of water (=10 kN/ m?)
0 bedding angle [deg]
D thickness of the aquifer [m]
n drag factor coefficient

dqo 70%-fractile of the grain size distribution [m]
dom  reference value for d;g [m]

g gravitational constant (=9.81 m?/s)

k permeability of the aquifer [m/s]

Note that the d refers to the the piping-sensitive layer, often fine sand underlying a
blanket layer. This limit state (Eqgs. 3.14-3.16) is supposed to be used for safety assess-
ments in the Netherlands in the near future and will be employed in the remainder of
this thesis.
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3.2.5. UPLIFT, HEAVE AND PIPING - A PARALLEL SYSTEM

Backward internal erosion failure as considered in the conceptual model presented in
section 3.1 can only occur if the uplift, heave and piping limit states are all exceeded. In
system reliability terms, this can be described by a parallel system, for which the failure
set of the failure mode is the intersection of the separate failure mechanisms:

F=F,nFynFp={gu® <0}n{gr(x <0}n{gyx) <0} (3.17)

In a fault tree representation (Figure 3.8) the events are connect by and AND-gate.

Failure

F=F,NF,NFE,

[ I 1

Uplift Heave Piping

By ={gu(x) <0} || Fh={gn(x) <0} || Fp ={gp(x) <0}

Figure 3.8: Fault tree for uplift, heave and piping

This notion is important not only for safety assessments but also for design consider-
ations, as increased reliability of either sub-mechanism leads to an increase of the overall
reliability.

3.3. UNCERTAINTIES
Athematical models are necessarily abstractions of real world behavior. Model pre-
dictions are uncertain due to basically three reasons:

Input Variable Models have input variables such as material properties or load charac-
teristics, which are rarely known deterministically. Their values have to be inferred
from (indirect) measurements or need to be predicted themselves (e.g., future wa-
ter levels) by other models. An important part of the uncertainty in model inputs
is statistical uncertainty, which stems from the limited number of observations
usually available.

Model Error Even under fully controlled conditions in alaboratory (i.e., the input values
are known with certainty) models do not give perfect predictions. There is scatter
around the results, because models do not include all aspects that affect the real
world behavior in question. Furthermore, under non-controlled conditions there
may be additional factors that influence the real-world behavior which are absent
in the lab. Both these aspects together result in model error.

Site Characterization Models require their input in a certain format. Generating model
input from real world observations usually requires (engineering) judgment in or-
der to "squeeze" reality into the right format. The choices made in this process
lead to uncertainty, which we call "characterization uncertainty".
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The remainder of this section describes how the (prior) uncertainties related to uplift,
heave and piping are modeled and which idealizations and assumptions were made.

3.3.1. INPUT VARIABLES

The sources of uncertainty in input variables are imperfect information or transforma-
tion errors (e.g., indirect measurements), statistical uncertainty due to limited numbers
of observations, spatial variability and the random character of natural phenomena in
time. Below we describe the idealizations and assumptions the have been made with re-
spect to statistical uncertainty and spatial variability for the model input-related random
variables

SPATIAL VARIABILITY

The random variables characterizing geotechnical and geo-hydrological properties in
this thesis refer to representative values for the investigated levee sections in a spatial
and mechanical sense’. That means that the treatment of spatial variability is implicit
rather than explicit’ (e.g., by means of random fields). Consequently, the length-effect
(Kanning, 2012) is also taken into account in an implicit, not explicitly.

The classical geotechnical example for a representative value would be the shear
strength assigned to a sliding plane in a slope stability analysis. If the sliding plane goes
through a deposit with spatially variable shear strength, the representative value would
be the average shear strength along the sliding plane. In general, the representative value
is the value which used in modeling quasi-homogeneous deposits leads to the same re-
sult as modeling the spatial variability of the deposit explicitly. In principle, a represen-
tative value can be obtained for all ground properties, but we need to take care that its
definition or interpretation suits the computational model or performance function in
question. While for shear strength and many other geotechnical problems representa-
tive values are often spatial averages (Rackwitz, 2000), for groundwater flow we usually
need to deal with upscaling of permeability (Bierkens and Van der Gaast, 1998) and for
erodibility in internal erosion problems we need to consider a weakest path problem
(Kanning, 2012).

Since idealization in terms of quasi-homogeneous representative properties is com-
mon practice and this thesis focusses on reliability updating and decision analysis, the
input parameters for the illustrations and examples in the remainder are assumed as a
given starting point. For discussions on prior estimates of uncertainties it is referred to
the literature with the JCSS Probabilistic Model Code (Part 3.07: Soil Properties) probably
being the most comprehensive source of information (Vrouwenvelder, 1997).

3Notice that the term representative value is frequently used with the meaning of a cautious estimate, some-
times with a statistical definition, in the context of codes of practice such as Eurocode or ISO-standards, which
is different to the definition here.

4The only exception of the implicit treatment of spatial variability in this thesis is the 2D-random field model-
ing of the blanket layer in sections 7.3 to 7.5.
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STATISTICAL UNCERTAINTY

As described above, the geotechnical and geo-hydrological random variables are as-
sumed to model representative or effective values in a spatial as well mechanical sense.
These properties are also assumed to not change in time, which implies that, in prin-
ciple, they could be known exactly with sufficient measurement efforts. Hence, their
nature is epistemic; the uncertainty reflects our lack of knowledge rather than actual
heterogeneity. This notion is particularly relevant important for reliability updating as
discussed in sections 4.2 and 4.3, because epistemic uncertainty is reducible. With these
assumptions, in fact, all uncertainty modeled by the geotechnical and geo-hydrological
random variables can be classified as statistical uncertainty. In other words, statistical
uncertainty is included in the probability distributions of the input variables.

DEFAULT VALUES

Table 3.2 contains the default values as used for the considered failure mechanismsin
the FLORIS project (Vrouwenvelder and Steenbergen, 2003) . These values are used if
expected values can be estimated (e.g., by expert judgment) but at the same time there
are insufficient data for determining the other moment(s) of the probability distribution
functions. These values are applied throughout this thesis unless stated otherwise.

Table 3.2: Default values for probability distributions of uplift, heave and piping input parameters (based on
Vrouwenvelder and Steenbergen (2003))

Symbol  Unit Distribution = Mean CoV SD
X Type 125'¢ VX ox
hy, [m] Normal nom! 0.10
d [m] Lognormal nom! 0.30

L [m] Lognormal nom! 0.05

D [m] Lognormal  nom! 0.10

dqo [m] Lognormal nom! 0.15

k [m/s] Lognormal nom! 1.00

Ly [m] Lognormal nom! 0.10

B [m] Deterministicc nom!

Xexit [(m] Lognormal nom! 0.50
Ly, [m] Lognormal nom! 0.10

kp [m/s] Lognormal  nom! 1.00

Ysar [kN/m3] Normal nom! 0.05

ic Lognormal 0.70 0.10

Inom = nominal value based on expert knowledge or local data

2The dike width is treated as a deterministic variable, related uncertainties are accounted for in the lengths of
the foreshore and hinterland blankets Ly and Lj,.
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3.3.2. MODEL UNCERTAINTY

Model uncertainty deals with the part of the prediction error that originates from the
imperfection of the model itself, not from the input variables (see 4.3.3). This section
describes how model uncertainty is accounted for in the different models related to pip-
ing safety as applied in this study.

UPLIFT

Model uncertainties in the limit state function for uplift are covered by the model factors
my, and my for the resistance and the load terms respectively. The models are assumed
to give unbiased predictions (mean value equal to one) and that the uncertainty in both
is about 10%.

Table 3.3: Probability distributions of uplift- and heave-related model factors

Symbol Unit Distribution Mean CoV SD

X Type Hx Vx ox
my [m] Lognormal 1.0 0.10 0.10
me [m] Lognormal 1.0 0.10 0.10

HEAVE
For heave, the model uncertainty is assumed to be included in the probability distribu-
tion of the critical heave gradient as specified in section 3.3.1.

BLIGH

Recently, Kanning (2012) re-assessed data from Bligh (1915) and Lane (1935) plus ad-
ditional levee data from the United States and the Netherlands by means of Bayesian
analysis. The percolation factors in Table 3.1 are meant to be design values, that means
they are conservative and the real value will be lower with high confidence. By updating
a non-informative prior with the data, which include failure and non-failure cases, Kan-
ning calibrated a model factor mp in the following form to account for the bias in Bligh's

percolation factors:

L
H =S (3.18)
mg

Kanning found that the probability distribution of the model factor is best described by
the following lognormal distribution: mp ~ LN(1.76,1.69).

SELLMEIJER
The Sellmeijer formulae, both original and revised, were derived from a more general
theory developed by Sellmeijer (1988) for the following specific conditions:

1. ahomogeneous aquifer underlying an impervious blanket layer, both of constant
thickness;

2. no spatial variation of properties in the longitudinal direction of the dike;
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Note that uncertainties originating from conditions deviating from the above are not ad-
dressed explicitly in this thesis; complete three-dimensional models for piping do not
yet exist. The uncertainties are rather treated implicitly by choosing "characteristic" in-
put values for the model. Notice that "characteristic” in this context deviates from the
statistically motivated definitions of characteristic values in reliability-based design or
codes of practice. It rather refers to "effective" or "equivalent".

For the revised Sellmeijer model, a model uncertainty factor was studied in Lopez de la
Cruz et al. (2010) based on experimental results ranging from small to prototype scale
(Van Beek and Knoeff, 2010). Figure 3.9 shows the comparison of critical head difference
and critical gradient from model predictions (H,) versus observations (H, ,). From these
results it seems reasonable to account for the model uncertainty through a model factor
my, as in the performance function (Eq. 3.14).

Critical Gradient Selimeijer (revised) Critical Head Difference Sellmeijer (revised)
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Figure 3.9: Model uncertainty Sellmeijer (revised): observed vs. predicted critical gradient (left) and critical
head difference (right) (Lopez de la Cruz et al., 2010)

The results in Figure 3.9 show that the model is (practically) an unbiased estimator for
the critical head difference, hence a mean value of the model factor distribution of one
is used. Based on the results the model uncertainty factor is modeled with a lognormal
distribution in this thesis: mj, ~ LN(1.0,0.12). Table 3.4 summarizes the distributions
and values of the model parameters used in the piping performance function.

3.3.3. SITE CHARACTERIZATION

The uncertainties of geotechnical input variables are usually modeled with continuous
probability distribution functions or continuous random fields. The underlying assump-
tion is often that these properties refer to statistically homogeneous soil strata. Their pa-
rameters are determined by statistical analysis of discrete observations or expert judge-
ment. Usually, these uncertainties refer to a given soil profile with assumptions re-
garding (a) stratification, (b) the existence, size and position of geological or man-made
anomalies or (c) geo-hydrological conditions.
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Table 3.4: Model parameters of Sellmeijer, revised version

Symbol Unit Distribution =~ Mean COv SD
X Type Ux Vx ox
mpy Lognormal 1.0 0.12

0 [deg] Deterministic 37 -

n Deterministic  0.25 -

d7om [m] Deterministic 2.08e-4 -

v [m?/s] Deterministic 1,33e-6 -
Ys=vYw!vw Deterministic 1.65 -

Uncertainties in these assumptions can be much more important than the uncertainties
of input variables describing statistically homogeneous layer properties or model uncer-
tainties, as will be demonstrated in section 3.5. In general, characterization uncertainty
refers to the "discrete" choices made by engineers to generate model input from site in-
vestigation data combined with geological knowledge and local experience. In engineer-
ing design these choices are made implicitly by generating representative cross sections
or 3D-subsoil models in a cautious fashion, for example, by choosing worst case sce-
narios or making conservative assumptions. In reliability analysis, these uncertainties
can be dealt with explicitly by generating scenarios and assigning likelihoods to them.
In Schweckendiek and Calle (2010) an attempt was made to explicitly treat this type of
uncertainty in design practice by introducing a "safety factor for geotechnical charac-
terization". A few illustrative, though strongly simplified examples are presented below.
The (mutually exclusive sets of) stratification scenarios in the case studies in this thesis
refer to such uncertainties in site characterization.

STRATIFICATION

Inferring stratification from borings requires interpretation and engineering judgement.
There are usually several plausible "scenarios" for the real stratification which "gener-
ated" the bore logs. Figure 3.10 shows three fictitious bore logs, from which different soil
profiles could be interpreted. The examples (a) and (b) show two possible interpreta-
tions. Suppose an embankment is to be built close to the boring in the middle, for which
the peat layer could be a serious issue. In that case, scenario (a) would represent an opti-
mistic interpretation, because it assumes that the peat layer is not present at the site. On
the other hand, scenario (b) would be a pessimistic scenario because it assumes the peat
layer to be present even though not indicated in the boring. A possible reason to choose
scenario (b) in a design context could be that there are interpretation errors in the borel-
ogs themselves. Furthermore, the non-existence of the layer may be highly implausible
based on local geological experience. The approach proposed in Schweckendiek and
Calle (2010) shows a way to deal with this situation in designs and safety assessments.
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Figure 3.10: Illustration of geological uncertainties: different stratification scenarios inferred from the same
borings. Supposing a levee would were to be built at the center boring, the left-hand side interpretation (a)
would be optimistic in terms of expected settlements, whereas (b) would be pessimistic.

GEOLOGICAL AND MAN-MADE ANOMALIES

Similarly, geological and man-made anomalies need to be considered in the characteri-
zation of the ground conditions. As for stratification, we are only interested in anomalies
that may influence the structural performance, such as:

1. For uplift and piping, shallow sand lenses (e.g., old river channels) can be major
threats. These usually sandy and highly permeable features may lead to high pore
pressure penetration under the levee and the blanket layer, which can also be thin-
ner where these channels cut through it.

2. Pipelines (with inappropriate or missing seepage screens) may create preferential
flow paths.

Notice that the stratification scenarios in the examples and case studies in this thesis can
reflect geological anomalies or adverse geological details. Man-made anomalies are just
mentioned for the sake of completeness here; they are not treated in the remainder.

GEO-HYDROLOGICAL CONDITIONS

As the limit states discussed in this chapter show, pore pressures and hydraulic gradi-
ents play an important role in piping reliability as they do for other geotechnical failure
mechanisms of levees. The shear strength of soil decreases with increasing pore pres-
sures (i.e., effective stress concept) and hydraulic gradients are the drivers for ground
water flow and, therefore, internal erosion processes like piping.

In order to assess the hydro-geological conditions we need to assess, for example,
whether or not a river is in (direct) contact with the aquifer and, if so, where. Figure 3.11
illustrates that variations in the thickness of a blanket layer can result in uncertainties
of so-called entry points. At some locations the river side blanket may be so thin (as
interpreted from the available site investigation data) that there may be hydaulic contact
between the river and the aquifer. The position of these entry points determines not
only the groundwater flow and, hence, the pore pressure fields but also the length of the
seepage path (L). Similar to stratification and anomalies, the potential entry points may
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aquifer

potential entry points

Figure 3.11: Illustration of uncertainties in hydro-geological conditions (potential entry points)

be modeled by scenarios. In fact, entry points may be considered as a special case of
stratification and anomalies.

3.4. RELIABILITY ANALYSIS

IN reliability analyses (e.g., for safety assessments) and reliability-based design, the
aforementioned uncertainties need to be accounted for properly. This section pro-

vides theory and definitions for how to apply reliability analysis to uplift, heave and pip-

ing. More elaborate information on the actual (numerical) reliability analysis techniques

used throughout this thesis is provided in appendix B.

3.4.1. FAILURE (UNDESIRED EVENT)

Failure refers to an unwanted event, not necessarily to collapse of a structure, which we
model by means of a (continuous) performance function Z = g(X) such that the perfor-
mance function assuming negative values represents the failure domain:

F={Z<0}={gX) <0} (3.19)

where X is the vector of random variables.

3.4.2. PROBABILITY OF FAILURE
According to the definition of failure and the performance function, the probability of
failure (i.e., unwanted event) is given by:

P(F)=P(Z<0)=P(gX)<0) =f

%00 [xxdx (3.20)
8 <

where fx(x) is the probability density function (PDF) of X.
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3.4.3. FRAGILITY CURVES
Fragility curves are the probability of failure conditioned on a dominant load variable s:

P(F|s) :f fr@dr (3.21)
g(R,$)<0

where R is the vector of resistance variables (or, exactly speaking, all variables except
s). If the total uncertainty in the resistance can be expressed in terms of one random
variable R this simplifies to:

P(F|s) = Fgr(s) (3.22)

where Fp is the CDF of R.

3.4.4. SYSTEM RELIABILITY

If failure is not just defined for one structural element or limit state, but by several limit
state functions g;(x), i = 1...m, the failure domain can be defined by the following ex-
pression:

F= { min
1<k<K

maxg;(x),...,maxg;(x) | < 0} (3.23)
ieCy

ieCy
where Cy is an index set denoting the k-th cut set. For m = 1, this is a component reli-
ability problem; for K = 1, it is a parallel system reliability problem; and when each cut
set contains only one index, it is a series system reliability problem.
Hence, the parallel system problem of uplift, heave and piping (F = {F,, n F, N Fp})
can be formulated as:
F = {max[g,(x), gy(x),g,x)] <0} (3.24)

3.4.5. STRATIFICATION SCENARIOS
As discussed in 3.3.3, some ground-related uncertainties, in particular the stratification,
will be modeled as (discrete) scenarios E;. The total probability of failure over all (mu-
tually exclusive and collectively exhaustive: }_ P(E;) = 1) scenarios is given by the law of
total probability:
P(F) =) P(F|E;)P(E;) (3.25)
4
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3.5. APPLICATION EXAMPLE: MASTENBROEK

IPING, amongst other failure modes, was subject to a reliability analysis in the Dutch

VNK2-project (Jongejan et al., 2013), on which the prior probabilities used in the
following example are based. For the sake of clarity, the input has been reduced to the
main contributing uncertainties. For example, the number of stratification scenarios
has been reduced from eight to four. Furthermore, the limit state models used in this
report are based on more recent insights. For example, heave is included in the failure
definition considered, whereas it is not in VNK2, and the revised Sellmeijer model is
used as compared to the original one in VNK2°. Therefore, the resulting probabilities
of failure cannot be compared directly. It is emphasized that the example does not aim
at evaluating the safety of the dike setion in question but at at illustrating the effects of
uncertainty reduction measures in the subsequent chapters for a realistic example.

3.5.1. LOCATION

The dike reach is located along the river IJssel in the south-western part of dike ring
10 (Mastenbroek, VNK2 ID: Vak 03 HM 1,4 - HM 2,8). While the reach is about 1.4 km
long, the analysis refers to an 250 m long subreach. This location was chosen due to its
relatively large contribution to the probability of failure of the dike ring due to uplift and
piping in VNK2.

Figure 3.12: Location of the application example: dike Reach 03 from the VNK2-project in the South-Western
Part of Dike ring 10

5At the time of writing the VNK2-project (Jongejan et al., 2013) was re-analysing dike ring 10 with new data,
the presented results are based on the first analysis made in the project as available at the time of the analysis



3.5. APPLICATION EXAMPLE: MASTENBROEK 37

3.5.2. INPUT DATA
Tables 3.5 and 3.6 show the most relevant input parameters; detailed information on
the input and results is provided in appendix H. The scenario probabilities as presented
in table 3.6 in the VNK-project were determined by spatial statistical analysis of a large
number of shallow (classified) borelogs in the surroundings of the locations in question
(Wiersma et al., 2011).

Table 3.5: Input data application example for field observations, dike ring 10 (Mastenbroek) - prior distribu-
tions of the scenario-independent random variables (based on VNK2 data). The seepage length L, input to the
piping limit state function, is defined as L= Ly + B + Xey;-

Symbol | Unit Type Mean Std
(Parl) (Par2)

D [m] Lognormal UD,E; 0.2u

k [m/s] Lognormal BkE ™ 0.7u

dro [m] Lognormal 2.1E-4 0.15u

0 [deg] Deterministic | 37

h [m] Gumbel ap=1.362 | by, =5.747

hy, [m] Gaussian 0.3 0.1

d [m] Lognormal HaE" 0.3u

Xoxit [m] Lognormal 30.0 0.5

Ly [m] Lognormal 10.0 24

B [m] Deterministic | 37.0

Ly [m] Deterministic | 1.0E +4

ky, [m/s] Lognormal 1.0E-6 1.0p

Ysat [kN/m3] | Gaussian 23.0 3.5

Yw [kN/ m3] Deterministic | 10.0

* defined in Table 3.6

Table 3.6: Input data application example for field observations, dike ring 10 (Mastenbroek) - prior distribu-
tions of the scenario-dependent random variables (based on VNK2 data, E; is the i’ I scenario)

scenarioi | P(E;j) HaE M) | ppE [m] | g [m/s]
1| 17.6% | 2.90 20.0 34E-4
2 | 62.4% | 2.90 96.0 1.8E—-4
3| 44% 0.00 24.5 34E-4
4 | 15.6% | 0.00 100.5 1.8E-4

The main difference between the scenarios, besides the mean permeability and aquifer
thickness, is that in scenarios 1 and 2 there is an (effective) blanket layer (up g, > 0),
whereas in scenarios 3 and 4 the blanket layer is assumed to be absent or not effective
(e.g., there may be wholes in the blanket). We will see that the two types will behave
differently, especially for field observations as discussed in chapter 5.
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3.5.3. PRIOR RELIABILITY

A summary of the prior reliability analysis results is presented in Table 3.7, more detailed
results are provided in appendix H. The scenarios without blanket (3 and 4) are the main
contributors to the (total) annual probability of failure of P(F) = 1.9E — 3. Figure 3.13
shows the fragility curves (see 3.4.3) for uplift, heave and piping and failure for scenario
E,. It clearly demonstrates parallel system effect: (a) the 'system’ probability of failure is
always smaller than the smallest probability of failure of the separate failure mechanisms
and (b) the system effect is largest where the mechanism probabilities are of about the
same magnitude (i.e., the difference of the system probability and the mechanism prob-
abilities is largest).

Notice that all fragility curves eventually approach 1.0 for increasing water levels;
only the heave curve can remain at a lower level, which is due to the effect of the limit
potential or gradient. The heave curve has a horizontal asymptote at P(ig < i. ), where
is this case the limit gradient is the critical uplift gradient (ig = i.,).

Table 3.7: Application example for field observations, dike ring 10 (Mastenbroek) - prior analysis results sum-
mary (annual probabilities)

Uplift Heave Piping Failure
i P(E;) P(FylE;) | P(FyIE;) | P(FplEy) | P(FIE;) | P(E)P(FIE;)
1 17.6% 1.8E-2 | 1.0E-1 | 48E-4 | 14E—-4 | 25E-5
2 62.4% 28E-2 | 1.7E-1 | 5.7E—4 | 22E-4 | 1.3E—-4
3 4.4% 1.0E-0 | 1.0OE-0 | 89E-3 | 89E—-3 | 39E-4
4 15.6% 1.0E-0 | 1.0E-0 | 83E-3 | 83E-3 | 13E-3
total | 100.0% P(F)= 19E-3
o A L S S sppeys e s UVORY uplift
----- heave
0.8 = = =piping
. failure
< _osl —— h (PDF)
LLJ:
S o4f
0.2
0
1
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Figure 3.13: Application example dike ring 10 - prior fragility curves for uplift, heave, piping and failure and
probability density of the water level (normalized) for stratification scenario E;
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Figure 3.14: Sand bags around a sand boil, source: TAW (1994)

3.6. FLOOD FIGHTING

ESIDES emergency flood fighting measures like closing dike breaches with sand bags

there are specific techniques to mitigate piping. Traditionally, when sand boils are
observed in the Netherlands, rings of sand bags are built around the well (see Fig. 3.14;
this mitigation measure is called opkisten in Dutch). By decreasing the head difference
between water side and land side - the driving force of the piping mechanism - the ero-
sion should stop.

In principle, the effect of flood fighting measures could be accounted for in a reliability-
based safety standard by accepting higher probabilities of failure or higher head differ-
ences. In the Netherlands, incorporation of mitigation measures in safety targets has
been rejected so far on the grounds that their effectiveness is highly uncertain (Lender-
ing et al., 2014). There are considerable doubts about the number of locations where
mitigation would be necessary in extreme conditions. When wells are sand-bagged, new
wells often appear in the vicinity. Therefore, the emergency measures are not taken into
account in the target reliability. The same approach is followed in this thesis for sake of
practical applicability of the results in the Dutch context - flood fighting measures are
ignored. On the other hand, when analyzing field observations, emergency measures
need to be accounted for, if they have an effect on the observation (see chapter 5).
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3.7. CONCLUDING REMARKS

His chapter has introduced the conceptual and operational definitions of the uplift,

heave and piping failure mode and the respective reliability analysis. Piping is an
internal backward erosion mechanism that can lead to levee failure. Since piping cannot
occur without uplift and heave, all are considered a parallel system.

The most important uncertainties are associated with the water level £ (i.e., the load-
ing), the hydraulic conductivity of the aquifer k, the blanket layer thickness d and the
models themselves (accounted for by the model factors). Since the uncertainty in the
water level is practically irreducible, efforts to reduce uncertainties should focus on the
remaining three.

The main observations from this chapter with implications for the envisaged appli-
cations in this thesis are:

1. The fact that the mechanisms uplift, heave and piping act as a parallel system cre-
ates opportunities to focus on one of the mechanisms for uncertainty reduction
or retrofitting, wherever the effect on the reliability or cost is greatest. Another,
more physically motivated interpretation is that one can either try to prevent the
initiation of piping or its progression.

2. The main categories of uncertainties involved in assessing piping safety are in-
put variable and model uncertainties as well as uncertainties in stratification and
anomalies. Most of these can, in principle, be reduced by measurements, moni-
toring or other kinds of observations, as long as they are of (pre-dominantly) epis-
temic nature.

3. Uncertainties concerning stratification and anomalies can be much more dom-
inant than parameter uncertainties, especially in data-sparse regions where the
stratification models are largely based on geological expert knowledge. While much
of the recent literature has dealt with heterogeneity in terms of spatially varying
properties within (statistically homogeneous) strata, this thesis explicitly deals with
stratification uncertainties and anomalies, because their influence on the reliabil-
ity is significant.

4. Flood fighting measures and their effect on the reliability with respect to uplift and
piping are not included in the safety assessment. However, they may need to be
accounted for when updating reliability using field observations.

Finally, it is pointed out that the length-effect (see e.g. Kanning, 2012) is not treated
explicitly in this thesis; all analyses are for statistically independent levee sections with
lengths in the same order of magnitude as the relevant scales of fluctuation.



RELIABILITY UPDATING AND
DECISION ANALYSIS

"A decision was wise, even though it led to disastrous consequences, if the evidence
at hand indicated it was the best one to make; and a decision was foolish, even
though it led to the happiest possible consequences, if it was unreasonable

to expect those consequences."

Herodotus, around 500 BC

This chapter elaborates the proposed approach for updating piping-related uncertainties
and reliability, building upon the background, objectives and restrictions presented hith-
erto. Bayesian posterior and decision analysis form the very basis of the approach pro-
posed in this thesis. After a brief review of the essential aspects of the theory, specific meth-
ods for reliability updating and pre-posterior analysis will be discussed, addressing the
specific requirements posed by the applications envisaged in this thesis. The theory and

methods described in this chapter will be applied in the remaining application-related
chapters5to 7.
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4.1. BAYESIAN DECISION ANALYSIS

4.1.1. UTILITY THEORY

Utility theory, developed by Von Neumann and Morgenstern (1947), formalizes the ra-
tional choice based on a decision maker’s preferences. Suppose there is a set of possible
events (or outcomes) E; (i = 1...n). The set is ordered such that events with higher values
of index i are preferred over events with lower index values. Choosing an action a; will

lead event E; to assume probability p(ji). Note that this requires the probabilities for all
events per action to be an exhaustive set:

Y =1 4.1)
i

Under the condition that the preferences (i.e., the ordering of the events) fulfil a number
of consistency requirements, a numerical index u; called utility can be assigned to the
events E; such that an action (i.e., decision) is preferred to another, if and only if it has a
larger expected utility:

Elutap) =Y. p\ ui(a;) 4.2)
i

Thus, expected utility provides a formal basis for comparing alternative actions. Van
Dantzig (1953) and Benjamin and Cornell (1970) were among the first to apply the theory
to engineering problems, Ditlevsen (2003) furthermore addresses issues like risk aver-
sion and the valuation of human lives in engineering decision problems.

4.1.2. BAYESIAN DECISION THEORY

Building upon classical decision theory as developed by Von Neumann and Morgenstern
(1947), Raiffa and Schlaifer (1961) provide formal procedures to take into account the
preferences and judgments of decision makers. To this end a decision maker needs to be
capable of

1. assigning a unique utility to each identified possible outcome that may result from
the decisions taken (i.e., formalization of preferences),

2. assigning a (possibly subjective) probability to all uncertain variables involved.

Bayesian Decision Analysis forms the fundamental basis for optimizing reassessment
and site investigation planning in this thesis. Even though the use of subjective prob-
abilities and preferences is controversial, it is the only way to make decision-making
consistent for this type of problems (Raiffa and Schlaifer, 1961; Savage, 1974). The main
benefit of the approach lies in its consistency and transparency, for in the formalized
process decision-makers need to state their preferences and judgment rather than their
decisions right away. This way, discussions can focus on the critical decision parameters
rather than on the result and arbitrariness can be avoided as much as possible.
Furthermore, the following chapters will show that the degree of subjectivity in judg-
ment can be reduced substantially by involving "objective" information (i.e., observa-
tions) and by formalizing the procedures to arrive at judgment (e.g., geological assess-
ments) as much as possible. The critics of subjective probabilities should recognize
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that strictly seen nothing in life is objective in its purest sense, this is especially true
in geotechnical engineering. The term "data interpretation" speaks for itself in this con-
text. Yet, where decisions need to be made for the community, for example the citizens
of a flood-prone area, the author believes it is their right to have their agents invest their
tax-payers’ money as consistently and transparently as reasonably achievable.

4.1.3. PRIOR DECISION ANALYSIS

Prior decision analysis is about decisions with given information (see Benjamin and Cor-
nell, 1970). If 6 is the true, yet unknown state of nature described by the PDF fg(©), the
optimal decision a* is the one that maximizes the expected utility:

a*: m;le[u(a,G)] =m;1xf u(a,0) fo(0)do (4.3)
Notice that in contrast to Eq. 4.2 here the decision space is continuous.

4.1.4. POSTERIOR DECISION ANALYSIS
Posterior analysis only differs from prior analysis in that new information (i.e., evidence)
€ is accounted for by Bayesian Updating:

a*: m;le[u(a,Q)] =m;1xf u(a,0)fo6le)do (4.4)

where f(0]¢) is the posterior (i.e, updated) PDF of the state of nature, which can be ob-
tained as discussed in the next section.

4.1.5. PRE-POSTERIOR ANALYSIS

Site investigation or monitoring decision analysis is about acquiring new information
and subsequently updating the existing information with it. In order to take the new
but as yet unknown information into account, the posterior analysis can be carried out
with the prior probabilities of the observations. In the so-called pre-posterior analysis,
in abstract terms the expected utility to be maximized changes to:

E(u(S,€,a,0)] = E[u(S,¢,d(S,€),0)] (4.5)
where
S the information acquisition strategy: all decision parameters regard-
ing measurements, monitoring or experiments in terms of type, num-
ber, location, time etc.
€ the evidence or sample outcomes: for example results of in-situ and
laboratory testing, geological anomaly detection or monitoring
a the terminal acts: possible actions after obtaining new information

such as reinforcement or do nothing

d(S,e) decision rule to determine the terminal action based on the inspec-
tion strategy and the inspection results

(€] the true but unknown state of nature (e.g., failure)
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u(s,s,a,0)

S € a 0

Figure 4.1: Decision tree of pre-posterior analysis, after Raiffa and Schlaifer (1961)

The decision tree in Figure 4.1 shows the ingredients and steps involved in pre-posterior
decision analysis. Note that the terminal act is determined by the decision rule a =
d(S,¢€), which can is a deterministic function after integrating out the (remaining) un-
certainties. In fact, the decision rule is obtained by carrying out posterior analysis (see
4.2) conditional on the possible inspection results. Furthermore it is important to realize
that the sample outcomes € depend on the state of nature ©. Raiffa and Schlaifer (1961)
distinguish between the normal and the extended form of (statistical decision) analysis.
Both types of analysis are different ways to obtain the same optimal decision or strategy,
this thesis applies the normal form, which is rather common in risk-based inspection
and maintenance planning. Recent examples

In contrast to the classical decision problems typically involving the costs or benefits
involved with the state of nature (e.g., in risk analysis the consequences of an unwanted
event such as the failure of a flood defense), this thesis works with (risk-based) reliability
constraints (see 4.4.1). Furthermore, it is important to notice that the expected future
posterior reliability is the same as the prior without any actions or interventions (see
Box 1 below for illustration).
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Box 1: Expected Posterior Reliability Indexfor Z=R - s

The following example illustrates that the expected reliability after a posterior analysis
in the future based on the prior uncertainties is the prior reliability itself. To this end,
we recur to the popular example of Z = R — s where the resistance R ~ N(ug,0g) is a
Gaussian random variable and the load s is deterministic. The prior reliability index
equals: f=puzloz = (ug — S)/or. Suppose, we can measure R with a measurement
error e, ~ N(0,0,), which implies that future measurement values of the resistance
2

€m

can be modeled as R, = R + e, the distribution of which is R,;, ~ N(ug, 0’% +0
The correlation between the limit state function and the measurement is:

COV(Z,R,) 0% OR
PZRy = = ==

O7zOR, OROR,, OR,,

For updating the reliability with a measured value r,;,, we transform the measured value
to standard normal space (u;, = (r;; — pr)/Or,,) and we condition a bivariate standard
Normal distribution on the transformed measurement u,;, (see also appendix G):

_ _ (rm — UR) =
Koluy, = PUm = P~ oR, Ovluy =\/1-p
Now we back-transform to real space;
(rm — 1R)
Kzt = Molu,0ztHz= P%Uz +Uuz

m

OZlrm = Ovlu,0z=\/1-p*0z

With these ingredients we can express the posterior reliability index as a function of an
arbitrary measurement as follows:

n_ MZir, _ PUTm—pUR)/OR, + B
O Zlrm \/l—pz

Given the uncertainty in the measurement, also the posterior reliability index can be
considered uncertain with:

Uﬁ” =]

__B P
”ﬁ - /1_p2 /1_p2

In order to obtain a Bayesian estimator for 8/, the uncertainty can be integrated out
with the limit state function Zg = ﬁ/ ! —u, where u is a standard Normal random variable.
The corresponding mean and standard deviation are:

p? 1

B
Mzg =Ppr = —F—  0z,=./0%,+12= +1=
p /1= p? Zp B 1-p2 V1-p2

That implies that the pre-posterior reliability index equals the prior .
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4.2. POSTERIOR ANALYSIS

P OSTERIOR analysis, also called "Bayesian Updating", is a key element in (Bayesian
pre-posterior) decision analysis. This section discusses several issues with and as-

pects of posterior analysis which will play an important role in the application chapters.

Bayes’ Rule (Bayes, 1763) forms the basis for updating probabilities with new evidence:

P(e|E)P(E)
P(Ele) = ———— (4.6)
P(e)
where E is the event to be predicted and ¢ the observed event or evidence. Similarly, a
vector of random parameters © can be updated by:

P(elf) fo ()

fo@le) =
fP(EIH)f@(Q)dG

x L(6) fo(6) 4.7)

where fg(0) is the prior PDF of the parameters and L(0) is the likelihood function ex-
pressing the probability of observing the evidence given the parameters or the state of
nature (L(0) = P(€|0)). There are two important distinctions for the implementation of
posterior analysis for the envisaged applications. Firstly, we distinguish:

1. Indirect Reliability Updating: The distribution of the basic random variables is up-
dated first, before the uncertainty or reliability analysis is re-done with the poste-
rior distribution.

2. Direct Reliability Updating: The direct method exploits the definition of condi-
tional probability and avoids updating the basic random variables first.

Secondly, we distinguish two general types of information in posterior analysis:

1. Inequality type: observations where it is only known that the observed variable is
greater or less than some limit (e.g., incomplete load capacity tests): h(x) <0

2. Equality type: value has been measured directly or indirectly, measurement and
transformation errors are known and modeled as random variables: h(x) =0

Both updating methods and information types are discussed in more detail below. sub-
sequently, additional information on updating discrete scenarios is provided.
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4.2.1. INDIRECT RELIABILITY UPDATING

One way of updating a probability of failure is using Bayes’ Rule (Eq. 4.7) to update the
probability distributions of the basic random parameters and recalculate the reliability
with these posterior probability distributions. Having updated the parameters, the up-
dated probability distribution of the random variables is found by:

Axle) = f A&(XI0) foBle)do 4.8)

where fx(x|60) is the probability distribution of the random variables. Consequently, the
posterior (i.e., updated) probability of failure (F) is obtained by:

P(Fle) = f Sxxle)dx (4.9)
g(x)<0

where g(-) is the limit state function. While updating the parameters of the distribution
of O is necessary, if we assume an underlying "true" distribution of © (i.e., random pro-
cess), posterior analysis can be carried out directly on the distribution of the random
variables x (i.e. by applying equation 4.7 to x instead of 0), if their probability distribu-
tion describes epistemic uncertainty regarding a true but unknown value. The latter ap-
proach is followed in this thesis for resistance properties of flood defenses, unless stated
otherwise.

4.2.2. DIRECT RELIABILITY UPDATING
Direct reliability updating exploits the definition of the conditional probability of failure
F given the evidence ¢, which is

P(Fneg)
P(e)

P(Fle) = (4.10)
While the direct and indirect updating are mathematically equivalent, the direct method
is easier to implement, especially with simulation type of reliability analysis methods
such as Monte Carlo simulation (MCS). Schweckendiek (2010) showed that the indirect
method implemented with numerical integration indeed gives the same results as the
direct method with MCS. In this thesis the direct method is preferred, mainly due to its
flexibility and ease of implementation.

If implemented with simulation techniques, often also the updated distributions of
the basic random variables can be inferred, too. While this is very useful for interpreta-
tion of the results, using the updated distributions for further analysis must be treated
with caution. Correlations between the variables are introduced or changed through the
updating, which would need to be accounted for properly.
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4.2.3. INEQUALITY INFORMATION

As mentioned earlier, there are two types of information that are distinguished mainly
due to the difference in implementation for reliability updating, equality and inequality
information. We are dealing with inequality information, if the evidence € implies that
our observed quantity is greater than or less than some function of the random variables
of interest, which can be (re-)formulated as:

e={hx) <0)} (4.11)

where k() is the observation function. Typical examples of inequality information are
failure (i.e., exceedance of a limit state), survival or the loads reached in incomplete load
tests, the latter being in fact some form of survival information. In terms of direct relia-
bility updating, the posterior probability of failure can be found as follows:

P({g® <0} n (X0 <0}) i XHVIX

P(h(X) <0) B ffx(x)dx
&

where F is (the outcome space of x for) failure: F = {g(x) < 0}. Notice that for multiple
observations, the total evidence is the intersection of the individual outcome spaces:

e =[hi(x) <0} (4.13)
k

P(Fle) = (4.12)

4.2.4. EQUALITY INFORMATION
In contrast to inequality information, equality type of observations are described by

e={hx) =0} (4.14)

In principle, the difficulty with reliability updating problems involving equality informa-
tion is that surface integration is involved, which conventional reliability analysis meth-
ods are not suited for. Another problem is that the prior probability of the observation is
zero (i.e., the denominator in Eq. 4.12).

One way of bypassing both problems is transforming the failure and observation ran-
dom variables, g(x) and h(x) respectively, to Standard Normal space, for which a solution
is known. Straub (2011) developed an alternative method recently, which is exact and
can be used with simulation techniques directly. For a brief discussion and comparison
of both methods, refer to appendix G. In essence Straub’s method allows reformulating
the equality in terms of inequality information.

For the envisaged problems in this thesis, we may measure a system characteristic
where s, is the measured value of the system characteristic s(x) with error e, the PDF
of which is denoted as f,,, (). In that case the likelihood function can be expressed as

L&) = fe,, [sm — sX)] (4.15)

The key element in the the transformation to an inequality problem is rewriting the like-
lihood function as the following identity

1 -1
Lx) = EP (U-97 ' [cLx)] <0) (4.16)
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where U is a standard Normal random variable and c is a positive constant chosen to en-
sure that 0 < clL(xg) < 1. This enables expressing the likelihood function by the following
equivalent (observation) limit state function

he(xg, u) = u— @ [cL(xg)] (4.17)
and the corresponding (inequality) domain
€e ={he(xg,u) <0} (4.18)

The conditional probability of failure is then obtained by

P(Fne) _ /pme Jxg X)) du dxg

P(Fle) = =
P(e) f Tx, Xg)p(u) du dxg
Ee

(4.19)

where ¢(:) is the standard normal PDE Notice that both, the numerator as well as the
denominator can be evaluated straightforwardly using standard (structural) reliability
analysis methods, including sampling techniques such as Monte Carlo simulation.

4.2.5. UPDATING SCENARIOS

So far, the posterior analysis has been discussed for continuous probability distributions,
which are the most common representations for uncertainty in physical quantities in-
volved in failure and observation (limit state) functions. As discussed in chapter 3, also
discrete random variables play an important role for the envisaged applications, mainly
in the form of stratification scenarios (see section 3.4). If the random variables per sce-
nario are independent, the (relative) likelihood of a scenario is the probability of the
observation given the scenario:

L(E;le) = P(el E;) =ffx,- (x;)dx; (4.20)

where X; are the random variables in scenario E;. For equality type of information, the
integration domain changes to €, (using the same normalization constant c for all sce-
narios). A more detailed discussion and examples of survival analysis are provided in
appendix D.
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4.3. REDUCIBILITY OF UNCERTAINTIES

HE focus of this thesis lies on reducing uncertainties and reliability updating. In en-
T gineering problems, most random variables reflect either natural (intrinsic) variabil-
ity or lack of knowledge (i.e. epistemic uncertainty), some a combination of both where,
however, often one of the two is dominant. The distinction between sources and types of
uncertainty (see e.g. Figure 4.2) is important, not so much for classification or semantic
purposes but for the question if uncertainties can be reduced and to what degree.

— space
inherent —
— time
uncertainty model
— parameter
statistical —
—— distribution type

Figure 4.2: Classification of uncertainties (after Van Gelder, 2000)

The intention of this section is not to repeat or re-open the (probably never-ending) de-
bate on types and definitions on uncertainty as held already by numerous scholars, also
in engineering decision making (see e.g. Ditlevsen, 2003; Der Kiureghian and Ditlevsen,
2009), but to highlight a few relevant points one encounters when applying Bayesian
posterior analysis to the envisaged applications.

4.3.1. REDUCIBILITY

As stated, the question that matters for decision making is whether uncertainties can
be reduced by incorporating additional information or not. We define uncertainties as
reducible, if it is feasible to acquire, interpret and incorporate information that has a
significant impact on the magnitude of uncertainty. Statistical uncertainties are typically
reducible.

Typical examples of reducible uncertainties related to the problems at hand are the
probability distributions of stratification scenarios (introduced in section 3.3.3), includ-
ing so-called anomalies or adverse geological details. These features are time-invariant,
at least on an engineering scale. At the same time, information about them can be
acquired by site investigation. The impact of such additional information can be sig-
nificant, as we will see, because of changes in scenario probabilities and the resulting
change in reliability. In specific situations scenarios can, in practical terms, even be
verified or falsified (i.e., posterior probability equal to one or zero), which can have a
considerable impact on the reliability and risk.

On the other hand, the uncertainty in a year’s maximum river water level at a certain
location would be rather of the irreducible type of uncertainty. While it is true that each
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year we obtain new evidence, because each year a new maximum level is realized, such
information usually does not change the probability information significantly (except
for extreme events). Furthermore, we can hardly actively pursue such information; this
year’s measurement will not tell us much about next years.

As we may conclude from these examples, for the envisaged applications, reducibil-
ity is a matter of correlation in time.

4.3.2. AUTO-CORRELATION IN TIME

One way to interpret uncertainty and reliability updating as described above is that the
parameter space for which the past observations were likely obtains more weight in the
probability redistribution than parameter space for which the observations were un-
likely. The latter is only possible, if we assume the random variables to be time-invariant.
In other words, we consider them to be the same in the past during the observation as
in the future event to be predicted. Note that statistical uncertainties are typically time-
invariant.

If however, a situation we deal with has predominantly intrinsic variability (in time),
we can hardly "learn" from an observation (i.e., the effect of updating is insignificant).
In this case the observation and the predicted event are statistically independent in time
(i.e., zero auto-correlation), practically speaking.

4.3.3. MODEL UNCERTAINTY

Conceptually, modeling model uncertainty is accounting for model error, the deviations
of model predictions from true behavior. Arguably, model uncertainty will contain re-
ducible and non-reducible elements. Some reasons are listed below.

predicted

observed

Figure 4.3: Illustration of model error estimation by comparing observed and predicted outcomes

Observed versus Predicted One way to estimate the model error is to compare model
predictions with observations as illustrated in Figure 4.3. If the experiments are
reproducible under controlled conditions, such as in the laboratory, the model er-
ror probably implies that the model does not perform equally well under different
conditions. In such a case, we deal with a sort of local bias (i.e., local in terms
of parameter space), which is reducible because it does not change from time to
time.
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Field versus Laboratory At the same time, we need to realize that in engineering ap-
plications the difference between controlled (laboratory) conditions and real-life
behavior contributes to the discrepancy between observations and predictions.
While the temperature and moisture are controlled in the laboratory, they are vari-
able outside. While the soil in a physical model is homogeneous, heterogeneity is
a reality in the field. The more these ingredients of the model error can change
from event to event, the less reducible the model uncertainty is.

Site-to-site Variation The performance of a model (i.e., it’s bias) may vary from site to
site, essentially due to the same reasons as discussed in the point above. There
may be factors influencing a characteristic of interest which are not included in
the model, but which differ from site to site. This implies that only part of the
(reducible portion of the) model uncertainty is also reducible from site to site. In
other words, what we learn from an observation at one site is not necessarily trans-
ferable to other locations.

Event-to-event Variation Similar to the above, as already discussed for all random vari-
ables in 4.3.2, the model error may be different from event to event due to influ-
encing factors varying in time. This part of model error is also of non-reducible
nature.

In conclusion, model uncertainty typically has contributions of reducible and of irre-
ducible nature. The modeling of model as well as other uncertainties in this thesis is
discussed below in section 4.3.4.

4.3.4. MODELING APPROACH

In reality, most random variables will not belong to either category exclusively - epis-
temic or aleatory - and, as such will not be fully reducible nor absolutely irreducible.
For the envisaged applications, however, load variables (e.g., the river water level) will
typically be predominantly aleatory and irreducible. On the other hand, geotechnical
properties such as the grain size distribution will be virtually time-invariant and thus
predominantly of reducible. As argued in section 3.3, ground-related uncertainties are
essentially statistical and, hence, epistemic, even though we sometimes resort to mod-
eling them as random processes (e.g., random field simulation).

Although in principle the uncertainty could even be split in reducible and irreducible
parts for each random variable, for the applications in this thesis we pragmatically as-
sume each random variable to belong to either of the categories. More specifically, the
variables assumed to be reducible will be modeled as "simple random variables", while
the irreducible ones will be modeled as stochastic (time-varying) processes. Further-
more, for the latter category we assume no auto-correlation in time, at least not at the
time scale between observations and events to be predicted. Section 4.3.5 describes how
this is dealt with in the posterior analysis using Monte Carlo simulation.

Model uncertainty was assumed to be irreducible in all cases in order not to overes-
timate the effects of reliability updating. A thorough analysis of the distinction between
the reducible and non-reducible parts of model uncertainty for uplift and piping was out
of the scope of this thesis, but is certainly recommended to future research.
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4.3.5. MONTE CARLO-BASED POSTERIOR ANALYSIS
As indicated in the previous section (4.3.4), for the envisaged applications we will distin-
guish between random variables with perfect auto-correlation in time (fully epistemic/re-
ducible) and random processes with zero auto-correlation between the observed event
and the event to be predicted (fully aleatory/irreducible). This is indicated by using two
sets of random variables, X” and X/, where p stands for the (past) observed event and
f for the (future) event to be predicted. Notice that this is simplified way of modeling
the random processes. Even though for some of the variables the true auto-correlation
may be in between those values, the actual differences in results are speculated to be
insignificant, as for example the results in chapter 5 indicate.

The steps describe a prior and subsequent posterior analysis using these definitions:

1. Simulation of the event to be predicted Generate n realizations of the basic ran-
dom variables according to their joint probability distribution. The jth realization

of the i-th random variable is denoted as X l]; and j-th the realization of the vector

of basic random variables is denoted as Xf .

2. Prior probability of failure The prior probability of uplift, heave and piping is the
number of realizations where all three mechanisms fail (1[-] is the indicator func-
tion), divided by n.

A L £ _ 1 £ £ £
PP = 5 g0 <0 = 2 1158 <01-1gy ) <01-1igy () <0

3. Simulation of the observed conditions The realizations of all variables with (fully)
reducible uncertainty obtain the same value as the event to be predicted (full auto-
correlation in time or time-invariance):

p_xf
Xii=X;;
for all i where the uncertainty is assumed reducible. The random variables as-

sumed to be intrinsically variable obtain new independent realizations (no auto-
correlation in time) according to their (joint) probability distribution.

4. Posterior probability of failure The updating is achieved by conditioning on the
observation (in general form €y = {h;(XP) < 0},) and evaluating the following term:

L Hgu X <0)]- 1[gn(X] < 0)] - 1[g, (XD <0 - [T 11k (X)) < 0]

P(Fle) =
e X 1) < 0]

Similar procedures can be used for updating the distributions of basic random variables
and fragility curves. The term [Tz {h (X;’ < 0} implies that an observation can imply sev-
eral limit states (i.e., inequality types of information) and/or several observations. For
equality information, the equivalent inequalities can be used (see 4.2.4).

Adaptation of the implementation with Monte Carlo sampling as described above
to more more computationally efficient methods such as Importance Sampling, Direc-
tional Sampling or Subset Simulation is straightforward.
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4.4, DECISIONS IN PIPING SAFETY ASSESSMENTS

HIS section discusses the constraints and criteria applicable to decisions in piping
T safety assessments in a Dutch context. To this end, we combine the search for the
strategy maximizing the expected utility (section 4.1) with the constraints imposed by
the requirements from the safety assessment (chapter 2).

4.4.1. RELIABILITY CONSTRAINT

An important assumption in this thesis is that the safety requirement is expressed in
terms of an annual acceptable probability of failure pr (per levee reach or structure) as
discussed in chapter 2. The flood defense is considered safe, if

P(F) < pr 4.21)

An alternative way of expressing acceptable probabilities of failure is the target annual
reliability index 7 = ®~! (1 - pr), where @~ (-) is the inverse of the Standard Gaussian
CDE

Note that working with reliability constraints means treating the consequences of
failure implicitly rather than explicitly. In this respect, the problem at hand and the so-
lution approaches are slightly different from classical risk-based decision problems.

Strategy s State of Nature ® Evidence ¢ Terminal Action a Cost C
(observations) (consequences)

uncertainty
reduction cost

updated
retrofitting cost

retrofitting cost

Figure 4.4: Decision tree for safety assessments of flood defenses

4.4.2. DECISION OPTIONS
The situation considered in this thesis is a levee that failed to meet the target reliability
for piping based on a-priori uncertainties (i.e., P(F) > pr), which implies that action
needs to be taken. The conventional way of achieving an acceptably safe situation would
be retrofitting or reinforcing the levee. As illustrated in the decision tree (Figure 4.4),
taking measures to reduce uncertainties is an alternative to retrofitting right away.

In general, site investigation or acquiring additional information (e.g., through mon-
itoring) will reduce uncertainties. As a result, the retrofitting design and the associated
cost may change and in very favorable conditions retrofitting can even be avoided. For
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piping, retrofitting can mean the construction or extension of a berm, the insertion of
seepage screens or the use of relief wells.

The main characteristics, advantages and drawbacks of the alternative measures to
reduce piping-related uncertainties are summarized in Table 4.1; more details are dis-
cussed below.

FIELD OBSERVATIONS

The first, and probably least costly alternative is incorporating field observations from
past flood events (see chapter 5). This option is about incorporating readily available
information from performance observations during past loading events through poste-
rior analysis. In this context, performance observations are defined as observations that
can be interpreted in terms of (non-)exceedance of limit states which are related to the
failure of a levee such as via sand boils.

If well-documented data from historical floods are available, a posterior analysis will
always provide results as if the response of the levee to a test loading were analyzed.
Naturally, to be of significance, the loading needs to have been considerable in the sense
that the response is representative for the conditions under which failure could occur.

MONITORING

In contrast to field observations, which work with readily available data, monitoring a
levee’s response to loading (e.g., the piezometric head in the aquifer) as discussed in
chapter 6 requires installation and maintenance of sensors as well as waiting for a flood
which leads to sufficiently significant loading of the levee to measure a representative
response. This implies that the time to a useful measurement is uncertain and may well
be in the order of years.

SITE INVESTIGATION

In contrast to the precious two, site investigation or exploration does not depend on ex-
treme load conditions but can take place virtually anytime. Insitu or laboratory tests
provide direct or indirect measurements of ground properties. Most insitu-techniques,
furthermore, allow inferring the local stratification. The main drawback is that mea-
surements are usually local and due to heterogeneity a rather high sampling density is
required.
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7 Field Observations Monitoring Site Investigation

Characteristics | visually observe performance | measure a system state measure ground properties

observed flood events future flood events not flood-related

partial (non-)failure instrumentation needed in-situ or laboratory

response to test loading response to test loading mostly indirect measurements
Advantages + inexpensive (desk study) + measures response directly + execution flood-independent

+ always gives results + focus on quantities of interest | + focus on important ground parameters
Disadvantages | - scarce/incomplete records - requires extreme loading - heterogeneity

- requires extreme loading

- extrapolation to extremes
is not always possible
- maintenance of equipment

- high density needed (expensive)
- uncertain transformation models

Table 4.1: Characteristics, advantages and disadvantages of the basic decision options to reduce uncertainties
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4.4.3. OPTIMAL DECISIONS

Knowing our options to solve a safety issue with a levee section by either retrofitting,
reducing uncertainties or a combination of both, we will now discuss how to analyse
and identify the optimal or preferable decisions.

In this thesis, we assume a risk neutral decision maker (see section 4.5), which im-
plies that the optimal decision is the one with the lowest expected total cost of all deci-
sion alternatives. Below we discuss the different elements, in terms of costs, decisions
and uncertainties that constrained optimization problem entails. The explanation below
focuses on the necessary ingredients for specific problem at hand, which fit very well in
the more generic framework for decision analysis of inspection problems using Value of
Information concepts described by Straub (2014). Recent examples of applications from
related disciplines are described in Faber et al. (2000), Straub and Faber (2004), Thoens
and Faber (2013), Garre and Friis-Hansen (2013) or Corotis et al. (2005).

PRIOR RETROFITTING COST

The starting point considered in this study is an unsafe levee (i.e., P(F) > pr), for which
we would need to invest the so-called retrofitting cost C, based on prior knowledge.
Without including any additional information, the optimal retrofitting cost C’, is the
minimum cost for which the reliability becomes acceptable (i.e., constrained optimiza-
tion, s.t. stands for subject to):

C, = minC,(Q, () (4.22)

s.t. P(F)spr

where f(x) represents the prior uncertainties of the state of nature (i.e., the prior distri-
bution of the basic random variables) and Q is the set of design variables. In this case,
argming C,(Q, f(x)) are the optimal design values. Design variables can be continuous,
such as the length of a seepage berm, or discrete (or even binary) such as the decision
whether or not to install a seepage screen or pressure relief installations (e.g., relief wells
or toe drains).

SITE INVESTIGATION COST

For the sake of simplicity, we will denote all costs involved with uncertainty reduction
as site investigation cost Cs(¥), which is a function of the site investigation parameters
Y. As the retrofitting parameters, site investigation parameters can be continuous or
discrete. Examples for continuous parameters are the distance between soundings (e.g.,
CPT) or exploration depths; examples for discrete ones are the choice of a site investi-
gation or monitoring technique or, most importantly, the main decision (parameter) of
whether or not to invest in site investigation or monitoring at all.

In this thesis, we only consider situations where the entire scope of site investigation
is decided beforehand. That means that we do not consider staged investigations where
follow-up activities depend on the outcomes of preceding activities, even though the
problem is conceptually very similar. Hence, the site investigation cost are considered
known a-priori and deterministic.
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POSTERIOR RETROFITTING COST

Measures to reduce uncertainties lead to new information or evidence &, which is used
to update our state of knowledge in form of the posterior probability distribution of the
random variables f(x|e) and the posterior probability of failure P(F|e). Hence, the opti-
mal design and retrofitting cost changes to:

Ch(e) = min C,(, f (xl¢)) (4.23)

s.t. P(Fle) < pr

where P(Fle) = [, g(0<o S (xl€)dx. Hence, a-posteriori, an investment in site investigation
or monitoring has paid off if the achieved saving in terms of difference in retrofitting cost
(ACIr/) exceeds the cost:

Cs(¥)<AC. =C. - C.(¢) (4.24)

Notice a-priori that there is no guarantee that the posterior retrofitting cost will actually
be lower than the prior, as ¢ is random.

PRE-POSTERIOR RETROFITTING COST

As nicely put by Herodotus (see quote at the beginning of the chapter), the crux is to
make decisions with uncertain future outcomes rather than evaluating their results a
posteriori. In our case that means that at the moment we need to decide, we do not yet
know the outcomes of our actions to reduce uncertainty (¢) and, hence, we do not know
beforehand what the posterior probability of failure P(F|¢) and the posterior retrofitting
cost Clr/ (¢) will be. As discussed in 4.1.5, the way to deal with this in Bayesian decison
analysis is pre-posterior analysis, in which we assume the future evidence to be uncer-
tain with distribution:

fel?) =ff(6|‘1’,x)f(x)dx (4.25)

where f(e|¥, x) represents the conditional probability of the evidence given the site in-
vestigation parameters ¥ and the random variables x.

Hence, in pre-posterior analysis, we use our prior degree of belief to estimate what
the future evidence (e.g., outcomes of experiments) will be, including uncertainty. With
that, we can obtain an expected value of the posterior retrofitting cost by:

EIC, (V)] = f minC; (Q, f(xle)) f (e ¥)de (4.26)

s.t. P(Fle) = pr

Notice that f(¢) is actually a function of the prior uncertainties f(x), thus, the optimiza-
tion essentially depends on our prior degree of belief.
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OPTIMAL STRATEGY

Since the optimal decision was defined as the one with the lowest total cost (except fail-
ure cost), it will be the strategy with decision parameters ¥* that minimizes the sum of
the cost of measures to reduce uncertainties and expected retrofitting cost:

v = argIIt\gn{Cs(\I’) +E[C;(‘~P)]} (4.27)

= argrr\llgn{Cs(‘I’)+fngnCr(Q,f(xls))f(EI‘I’,x)f(x)dx}
s.t. P(Fle) = pr

In contrast to fully pre-determined site investigation strategies as treated here, the cost
of staged strategies depend on the outcomes of intermediate phases.

Another potentially metric would the probability of a successful measure in the sense
that there is a probability of the actual savings exceeding the costs given by:

P(AC, >cs(w))=f1 [Ac’,’—cs(w)>o f(el¥,x) f(x)dx (4.28)

A probability of success is especially useful in situations where the cost savings are either
all or nothing, for example, when a certain retrofitting measure required a-priori can be
avoided entirely by uncertainty reduction. In such cases, usually the savings in case of
success are guaranteed (i.e., AC/,/ > Cs(y)) and the probability of success becomes the
probability of achieving a safe situation with uncertainty reduction only:

P(P(F|£)<pT)=ffl fl[g(x)<0]f(x|£)dx] <pr| fEel¥,x) f(x)dx (4.29)
£

For such cases with known costs, in the framework considered in this thesis one would
invest, if P(P(Fle) < pT)AC/,' > Cy(y). In a fully risk-based decision framework without
reliability constraints, the approach and the results would be different.

Box 2 on the next page illustrates both the approach with a target reliability as well as
a fully-risk based approach by means of a simplified example of an investment decision
in inspection. By comparing the decision trees, one can easily see that using a target
reliability is simpler because there is no need to account for the consequences of failure
explicitly.
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Box 2: Simple Example Decision Analysis: Inspection versus Retrofitting

The following simplified example illustrates the type of decision analysis envisaged in
this thesis. Suppose in our levee section under consideration there may be a weak spot
with a probability of 0.1. While the conditional annual probability of failure with a weak
spot would be 1071, the probability of failure without a weak spot would be much lower
with 107°. The resulting annual probability of failure would be: py =0.1-1071+0.9-107° =
10~2. The levee section is considered unsafe because the target annual probability f fail-
ure is 10~* and retrofitting up to 10~° (i.e., mitigating the effect of the anomaly and meet-
ing the target reliability) would cost IM€. Furthermore, assume that we could use an
inspection technique costing 10k€ which could tell us for sure, if an anomaly is present
(i.e., no measurement error). Would we invest the inspection?

inspection cost: 10*€

expected cost:

%4 (V% %4 (6215,
0.9*10*€+0.1*10°%€=~10°€ (target pr=10")

(p=10"")

. . . . =108,
retrofitting retrofitting cost + inspection cost: ~10°€

3 retrofitting cost: 10%€
certain cost: 10°€

The decision tree above illustrates how we can determine the expected costs for the ba-
sic decision options of doing retro-fitting right-away or doing inspection (and possibly
retrofitting afterwards). Solving a decision tree works from the consequences to the ini-
tial decision (here from right to left), while the squares represent decision nodes and the
circles represent the state of nature.

If we choose for the inspection strategy and we detect no anomaly, retrofitting can
be avoided (the probability of failure is lower than the target) and the only costs are the
inspection costs. Based on our prior belief, the respective probability is 0.9. On the
other hand there is a probability of 0.1 that we find an anomaly and have to pay for
the retrofitting and the inspection. Hence, the expected cost of the inspection strategy is
roughly 10°€, which is less than choosing for retrofitting right-away with a certain cost
of 10°€.

The conclusion of the example is that a risk-neutral decision maker would opt for
the inspection strategy, because the potential savings together with the corresponding
probability outweigh the risk of paying the inspection cost on top of the retrofitting cost.
One could say we can buy the probability of saving money.

In fully risk-based decisions without target reliability constraints we need to take
into account the consequences of failure. For comparison, the decision tree correspond-
ing to this example, where the assume that failure of the levee would cause damages of
10M<£, is shown in appendix E.
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4.5. LIMITATIONS
OGETHER with the considerations regarding the target reliability in chapter 2 and
the theory for reliability analysis as discussed in chapter 3, the theory presented in
this chapter forms the basis for the applications treated in the remainder of this thesis.
Clearly, choices and assumptions have been made to keep the scope manageable. The
most important general limitations are listed below, specific limitations are addressed in
each application-related chapter.

INTERIM RISK

Data acquisition by monitoring or site investigation requires time, during which the risk
for a flood defense considered unsafe is, in principle, unacceptably high. Yet reinforc-
ing a levee reach usually takes roughly ten years from initiation to completion. Thus
monitoring or site investigation campaigns, of say one year duration, fall well within the
standard preliminary design period. As long as the time of a reinforcement project is not
extended significantly by measures to reduce uncertainty, we assume no cost of (addi-
tional) risk-bearing. An exception are long-term monitoring strategies as described in
section 5.2.

RISK NEUTRALITY

In this study the decisions are based on comparing the expected costs of decision alter-
natives. In utility theory this implies that the utility is assumed linear with respect to
monetary units, also called "risk-neutral" behavior. Is this justifiable?

All costs and benefits valued in this study are actual costs, namely the costs of mea-
sures to reduce uncertainties (e.g., data acquisition or monitoring) and the costs of rein-
forcing levees. There is no necessity for estimation of direct or indirect economical dam-
age nor for valuation of human lives, because the consequences of failure (i.e., flooding)
are treated implicitly in the reliability constraint(see chapter 2 and section 4.4.1).

The main reason for a decision maker to act risk-aversely instead of risk-neutrally
would be if the the total costs would be of such magnitude that the public budget' could
require significant amendments in case of adverse outcomes. This is not the case with
levee reinforcement measures in the Dutch context. Furthermore, in a portfolio of lev-
ees there will be some "averaging" of positive and adverse outcomes. Hence, there is no
(financial) reason for a public authority to act risk-aversely or risk-seeking and the as-
sumptions of a risk-neutral decision maker seem reasonable for the envisaged applica-
tion. Similarly, Benjamin and Cornell (1970) come to the conclusion that expected cost
is an appropriate decision criterion in most in civil engineering problems and discuss
the related issues in more detail.

IKeeping primary flood defenses up to the safety standards is a tasks carried out by public entities in the
Netherlands.
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UNKNOWN UNKNOWNS

Posterior and pre-posterior analysis can only act on our relative degrees of belief in iden-
tified potential states of nature; unknown unknowns cannot be revealed by Bayesian
Analysis. As the term "relative likelihood" suggests, posterior analysis is a relative re-
weighting exercise. Even if all considered potential explanations for the evidence are
very implausible, Bayesian posterior analysis will just make the most plausible ones
more likely.

The latter does not only hold for the considered random variables and their distri-
butions, it is also true for the physical process or limit state models considered in the
analysis. All conclusions are conditional on the model (and the considered model un-
certainty). This is not restricted to the mathematical models involved but entails all sorts
of modeling choices made such as representative input values.

RATIONALITY AND OBJECTIVITY

Decision-analytical approaches are often said to lead to objective decision-making. How-
ever, decision analysis being the principal theoretical framework in this thesis requires
the assessment of probabilities of events with uncertain outcomes. A considerable part
of the uncertainty is epistemic (i.e., lack of knowledge); this is especially true for ground-
related problems. Consequently, subjectivity can impossibly be avoided and is inherent
to site characterization as it is to most engineering problems.

Despite all the difficulties with removing subjectivity, we can make rational deci-
sions. Rationality (in a practical sense) only implies that we make choices based on our
stated preferences and we choose the actions based on the maximum expected utility
(Raiffa and Schlaifer, 1961)). That means that, even though objectivity would be desir-
able, the work in this thesis cannot contribute to making decisions totally objective, but
it can help to reduce subjectivity. In any case, the proposed framework will contribute to
making site investigation decisions more explicit and justifiable and therefore, hopefully,
more effective.

REDUCIBILITY

Uncertainties can be reducible or irreducible (see 4.3). Which random variables or which
parts of the uncertainty belong to which category is not a result of Bayesian posterior
analysis but input to it. In this thesis, random variables will be assumed to belong to
either category based on engineering judgment.

MULTI-STAGE STRATEGIES

Multi-stage site investigation strategies are not treated in this thesis, only strategies where
the entire scope and parameters of the measures to reduce uncertainties are decided a-
priori.
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4.6. SUMMARY

N safety assessments with explicit reliability constraints we may identify unsafe dike
I reaches based on prior information. The two essential strategies to improve the safety
of such reaches are (a) reducing uncertainties and (b) structural reinforcement measures
or a combination of both. Uncertainty can be reduced by incorporating information on
past performance, by monitoring the structural response to loading or by site investiga-
tion. Bayesian Decision Analysis provides an adequate theoretical basis for optimizing
strategies to improve piping safety. The objective is to minimize the total expected cost
of measuring, monitoring and/or structural reinforcement measures. How information
from the mentioned sources can be incorporated quantitatively and how the respective
strategies can be analyzed is the subject of the remaining chapters, which are dedicated
to specific applications.

Some of the listed limitations to the proposed approach as listed above give rise to

recommendations for further research:

1. As most random variables contain both reducible and irreducible uncertainty, we
need to investigate to which degree a random variable belongs to either category.
There are different strategies, like treating the reducible and irreducible parts as
separate random variables. However, there may be more efficient approaches.

2. The issue in item (1) above is particularly interesting for model uncertainty, since
it not only concerns the residuals between model predictions and experimental
observations, but also the differences between experiments and reality.

3. The cost-effectiveness of multi-stage site investigation strategies may be consid-
erably higher than one-stage strategies. This needs further study.

While the presented decision theoretical approach itself is not new, the related orig-
inal contributions in this thesis will be in the applications in the remaining chapters,
where further more specific recommendations will be formulated.



FIELD OBSERVATIONS

Data never speak for themselves.

De Finetti

Figure 5.1: Landside ponding due to seepage through a river levee (source: Rijkswaterstaat)

Observations of a levee’s performance in the field, from here on denoted simply as field
observations are a source of information often neglected in reliability assessments. For
example, the Dutch river dikes experienced high river discharges in 1993 and 1995, both
events with return periods of approximately 100 years. How do we incorporate the in-
formation provided by such observations in reliability analyses? That is the question this
chapter strives to answer by applying Bayesian posterior analysis as described chapter 4 to
uplift, heave and piping reliability as introduced in chapter 3.

Some of the material in this chapter has been published in: Schweckendiek, T., Vrouwenvelder, A.C.W.M. &
Calle E.O.E (2014): Updating Piping Reliability with Field Performance Observations, Structural Safety 47, p.13-
23.
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URING floods, we often make observations in the field that are related to failure

modes. The simplest type of observation is the survival of the extreme load event;
for levees this would mean non-exceedance of one or several (failure) limit states con-
ditional on the observed flood stage. In fact, such a survived loading has strong analogy
with incomplete load tests (i.e. loading not up to failure) such as pile bearing capacity
tests (Zhang, 2004; Ching et al., 2011). Calle (1999, 2005) and Zhang et al. (2011) have
demonstrated how survival information can be incorporated by means of Bayesian Up-
dating for slope stability. The result of such analyses is an updated (i.e, posterior) reliabil-
ity, which in case of survival information is always higher than the prior. Depending on
the method, updated distributions of the basic random variables can also be obtained.

Besides survival there are other field observations that can be related to failure modes
of levees, which can be used in a similar fashion. For example, sand boils indicate that
piping-related processes (i.e., under-seepage or backward internal erosion) are ongoing.
The information provided by these observations regarding the ground conditions and,
ultimately, reliability is largely neglected. Only recently, rather pragmatic approaches
have been developed by the US Army Corps of Engineers (USACE, 2011) using so-called
likelihood ratios in a Bayesian framework with a base failure rate as prior. This approach
uses expert judgment to obtain both the prior base rate (i.e., probability) of failure as
well as the likelihood ratios, which modify the base rate based on observations of past
performance such as seepage or fracturing. The objective of this chapter is to develop a
more objective approach, consistent with the reliability analysis methods and the level
of detail as applied for reliability analysis of flood defense systems in the Netherlands
(Jongejan et al., 2013; Van Manen and Brinkhuis, 2005), for which a first step was made
in Schweckendiek (2010).

The chapter commences by elaborating a simple example of survival analysis in sec-
tion 5.1, for the sake of illustration. Subsequently, section 5.2 shows how the concept
can be extended by accounting not only for past observations but also for (expected)
future observations, an important element in decision analysis. After clarifying the gen-
eral concept, section 5.3 applies the theory to piping using Bligh’s rule, before section 5.4
discusses how uplift-, heave- and piping-related observations such as sand boils can be
incorporated in state-of-the-art reliability analysis, including system reliability aspects.
In the last section (5.5 the impact of the different (potential) observations for a recent
flood in 2011 is demonstrated using the application example introduced in section 3.5.
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5.1. SURVIVAL OF EXTREME LOADS
HIS section illustrates the concept of updating resistance variables and reliability
with observed survivals of loads for the simple limit state function Z = r — s, where
r represents the resistance and s the load. Notice that many reliability problems can
be reformulated this way. For example, river levee-related failure models most models
can provide a critical water level k. (resistance) which is compared to the water level h
(load).

5.1.1. PRIOR RELIABILITY
The prior probability of failure (F = {Z < 0}) is given by:

P(F)=P(Z<0)=P(R-S<0)=P(R<YS) (5.1)

It can be computed by integrating the joint PDF of R and S (which are assumed inde-
pendent) over the failure domain or by integrating the fragility curve Fr weighted by the
probability density of the load fs:

P(F) =[f fr(N) fs(s) dr ds:fFR(s)fS(S) ds (5.2)
r<s

5.1.2. RESISTANCE DISTRIBUTION AND PARAMETERS
Now we assume R Normal-distributed with R ~ N(ug, o g). The estimated parameters of
the distribution of R are assumed to have the following properties:

e The prior distribution of (the estimate of) the mean resistance fig is f(ug), as-
sumed as fig ~ N(u,0).

e The variance o represents the intrinsic within-site variability of the resistance
which is assumed to be known in this example and non-reducible.

Thus, the total prior variance of the resistance is the sum of o2 (reducible) and a% (non-
reducible). Consequently, the prior (Bayesian) distribution of R is given by:

2
u-r

1
2 2 2 2
\/21(o +UR) \J oo +og

Note that, if measurements of the resistance property are available, 4 may be estimated
as the average of the data for the prior distribution, whilst sample variance may be used
as estimate for o g.

The prior distribution of fig is straightforward

fr(r) = exp (5.3)

Jar(©) = ﬁ exp{—% (“T_g)z} = %tp(“T_f) (5.4)

where ¢(:) is the Standard Normal PDE
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5.1.3. LIKELIHOOD FUNCTION

Suppose that survival of the load § has been observed (i.e., the evidence is € = {R > §}). In
order to update the distribution of ur and subsequently R and the probability of failure
using the indirect method (see 4.2), the following likelihood function of up is formulated:

© 1 1 r—yR)z}
—=|— d 5.5
fs’ V2n0R exp{ 2 ( OR ' -5

§—

L(urle) = P(R> S| pur)
(5.6)

where @(-) is the standard normal CDE This is the probability of observing the evidence
¢ (here: survival), given the parameter assumes pg .

For the sake of illustration we consider the special case where there is no irreducible
within-site variability (i.e., or = 0), in which case the resistance uncertainty can be fully
reduced and the likelihood function becomes:

limO(D(—m):q)(—oo):O if g < §

Lugley=] 20 | (on (5.7)
lim dD(— ):(D(+oo):1 ifur>3§
or—0 Osite

which may also be formulated as a uniform distribution with limits: U($,+oc0). In this
special case survival tells us with certainty that the resistance cannot be less than the
observed load § and the likelihood is uniform above that value.

5.1.4. POSTERIOR ANALYSIS
POSTERIOR MEAN RESISTANCE
The posterior distribution of pp can be determined using Bayes’ rule (Eq. 4.7):

§=¢) 1 1 5—#)2}
~L =0|—-———= - — 5.8
furle©) ~L(urle) fuy &) ( on ) — exP{ 5 ( - (5.8)
For the special case without irreducible (inherent) uncertainty (o = 0), the posterior
distribution becomes a truncated normal distribution as illustrated in Figure 5.2):

bl

funle® ==

§—u)’
1—@(7)

E=§ (5.9)

INotice that the standard deviation used in the likelihood function is & R, i.e. the inherent or irreducible part
of o . This is due to the fact that the likelihood function represents the probability of observing the evidence,
in this case survival, given the mean up is known (i.e., o = 0).
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& = s’ (survived load) €

Figure 5.2: Illustration of resistance updating for the special case without inherent uncertainty (0 g = 0) and
without measurement uncertainty

POSTERIOR RESISTANCE
The posterior distribution of the resistance R (quantity of interest) is obtained by inte-
grating out the uncertainty of pp:

fre(r) = f FR(1E) Fune ) dé (5.10)

POSTERIOR PROBABILITY OF FAILURE
Using the indirect method (4.2), the posterior (updated) probability of failure is obtained
by using the posterior resistance in Eq. 5.2 instead of the prior:

P(Fle) = ff frRie(N fs(s) dr ds= fFR\s(S)fS(S) ds (5.11)
r<s
where Fr|. would be the updated or posterior fragility curve.

5.1.5. NUMERICAL EXAMPLE
Assume the following (a-priori) properties:

e prior distribution of the local average resistance: yugp ~ N(u,0) = N(5,1)

¢ within-site variance (inherent, non-reducible): o =1

« prior distribution of resistance: R ~ N(uy/0? + a%) =N(5,v2)

POSTERIOR RESISTANCE

Figure 5.3 shows the likelihood and posterior distribution of the estimated mean resis-
tance based on the survival of an observed load § = 4 (we do not consider measurement
uncertainty in this example) according to Eq. 5.8. Integrating out the uncertainty in the
estimated mean gives the posterior distribution of the resistance (Eq. 5.10) as presented
in Fig. 5.4.
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f(€)

Figure 5.3: Example: Survival analysis with Normal-distributed resistance - posterior mean resistance after
survival of load § =4
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Figure 5.4: Example: Survival analysis with Normal-distributed resistance - load vs. posterior resistance

PROBABILITY OF FAILURE
The prior probability of failure for the given example can by computed by:

F(F)=P(R-S5<0)=® K—Hs :@(_ 5-2

/02+012q+0§ V12+12+12

Solving the posterior probability of failure analytically is not trivial. Numerical integra-
tion of Eq. 5.11 results in a posterior probability of failure about a factor 2 lower than the
prior with:

):4.2%

P(Fle) =[FR|5(S) fs(s) ds =~2.3%

Evaluating the effect of updating, one should bear in mind that the prior probability of
failure at the observed water level was P(R < §) = 0.24, which means that the load was
rather high compared to characteristic loads in civil engineering. Figure 5.5 shows the
dependence of the posterior probability of failure and the corresponding reliability index
respectively.
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Figure 5.5: Example: Survival analysis with Normal distributed resistance - posterior probability of failure and
reliability index as functions of the observed load

5.1.6. GENERALIZATION

The approach illustrated so far for a single resistance parameter can be generalized to
multi-dimensional problems as follows. The likelihood function is the the probability of
survival given the parameters 8, which is the complement of the probability of failure
given the parameters:

L@OIF|$) = P(Z(X,$) >0[0) = l—f fxxI0) dx (5.12)
Z(x,$)<0

where F|$) = {Z(X, §) > 0} is a short-hand notation for survival given load §. Hence, the
reliability analysis techniques for determining the probability of failure (see 3.4 and ap-
pendix B) are also useful in computing the likelihood for survival observations.

Whereas the likelihood is required for the indirect method, we can also update the
probability of failure P(F) with an observation € using the direct method as discussed in
4.2 in the following way:

P(Fne) P(ENEP$) _{P(Z(X,S) <0} n{Z(XP,$) > 0})

P(Fle) = —— p
P(e) P(FP|$) P(Z(XP,$)>0)

(5.13)

where superscript P (past) indicates indicates the survived event in the past. Notice that
there is only an effect of updating, if the past and future random variables are correlated.
The effect is maximum for perfect correlation between the two, which would imply time-
invariance (see 4.3.2) being a reasonable assumption for many geotechnical properties.
Calle (1999, 2005) provides a first-order approximation approach with examples for slope
stability problems; the theory is provided in appendix F.
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5.2. EXPECTED DEVELOPMENT OF RELIABILITY OVER TIME

HILE the previous section illustrated incorporating readily available information
from survival of extreme loads, this section” discusses what future development of
the reliability can be expected based on the probability distribution of the load.

5.2.1. EXPECTED PROBABILITY OF FAILURE
Let the extreme annual load in year i be S; and the resistance in the same year be de-
noted as R;. Consequently, failure in year i and the corresponding probability are de-
noted as F; = {R; < S;} and

P(F;))=P(R; < S;) (5.14)

If the survival of the (known) load §; in year j is denoted as Fj = R; > §;, the posterior
probability of failure in year i (i > j) is given by:

P(F;|F}) = P(R; <SIRj>§;) i>maxj (5.15)

For pre-posterior analysis, we may only have a probability distribution for the future load
S j» not the exact value. Accounting for this uncertainty, the (pre-)posterior probability
of failure in year i is obtained by integrating over the probability density of S; of the
uncertain survived load event:

P(Fi|Fj) Z-[[P(Ri <silR;j > $;) fs($;) fs(s;) dSj ds; (5.16)

For several known survivals, the evidence is the intersection of the observed survivals
and Eq. 5.15 changes to:

P(FiI(F)=P@R; <SiI[ }{R;>$;}) i>maxj (5.17)

Contemplating a series of consecutive years, the expected or pre-posterior probability
of (first-time) failure in year N depends on the conditional probability of failure in that
year and the probability of survival (non-failure) of the previous years:

N-1 B _ N-2 B B B
pr(N)=P(Enn (| F)) = PENIEn-1) - [[ PEjalF) - P(F) (5.18)
j=1 j=1
= P(Fy|Fn-1)-(1-P(Fn-1)) (5.19)
~ P(FnlIFn-1) (5.20)

For low probabilities of failure the survival term is approximately equal to 1. Notice that
this is a Markov process, i.e., the conditional probability of year N only depends on year
N —1, not on all previous years.

2Some of the material presented in this section was published in Schweckendiek (2010).
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If the uncertainty in the resistance is time-invariant and, consequently, purely epistemic
and fully reducible, we have a special case similar to Fig. 5.2: Updating in that case
means truncating the resistance distribution at the highest survived load; loads smaller
than the highest one have zero probability of causing failure. The conditional probability
for several observations can then be simplified to:

P(Fn|Fn-1)

ffP(RN<S|R>SN—1)fSN71(-§)fS(S) dsds (5.21)

megN_l (8)fs(s) ds

where fs, ($n) is the (extreme value) distribution of the maximum of load S in N years
(Sy =max(S;),i = [1, N]). Thus, the probability of failure in any year N in the future only
depends on the distribution of the maximum load that has occurred until the previous
year N — 1. For many distribution types this extreme value distribution can be deter-
mined analytically (Ang and Tang, 2007). Multiplying with the probability of survival
until year N — 1 we obtain the probability of failure in year N:

prN) = (1-P(Fy-1)) f Frisy, () fs(s) ds = f Frisy., () fs(s) ds (5.22)

This is computationally very attractive , since there is no need for computing the proba-
bility of survival for the whole time series.

5.2.2. EXAMPLE: PIPING (SIMPLIFIED MODEL)

The following example illustrates the effect of accounting for future survivals in the ex-
pected probability of failure for a simplified piping model with the limit state function
is: Z, = H. — H. While the head difference H [m] is characterized by a Gumbel (extreme
value, type 1) distribution, the critical head difference is described by means of a Normal
Distribution with coefficient of variation of Vy_. = 0.2, which is a realistic value for the
overall uncertainty in the piping resistance.

N-YEARS EXTREME VALUE LOAD DISTRIBUTION
If yearly maxima of H are described by a Gumbel distribution in this form:

h-a
Fr(h) =exp |—exp (_T) (5.23)
the distribution of the maximum in N years can be written as’
h— N h- 1
FHN(h):{exp —exp(—Ta)]} =exp —exp(—wn (5.24)

Thus, Fp,, (hy) is also Gumbel-distributed with parameters ay = a+ f1In(N) and Sy = §;
the yearly distribution is shifted to the right by SIn(N).

3We use the fact that N = exp[In(N)].
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LOAD AND RESISTANCE PARAMETERS
Typical values of load parameters can be found by contemplating design water levels
(MHW, in Dutch: "Maatgevend Hoogwater"), which correspond with region-specific
protection levels expressed in terms of exceedance probabilities (Fey., see Rijkswater-
staat (2007)). Combining the exceedance probability with the so-called decimate height
hgec (water level difference that reduces Fey. by a factor 10), the local Gumbel param-
eters, § (spread) and « (location), can be derived using the expressions described in
appendix C. The three parameter sets used in this example are presented in Table 5.1 for
yearly, 5-year and 50-year maxima. Five years is the typical safety assessment interval
and 50 years a common design life time.

For the present example, the mean values of the critical head difference ug, perload
parameter set have been chosen such that the prior probability of failure equals the cor-
responding exceedance frequency Fey..

Location Hy (m] | 1/Fexc [1/y1] | hgee [m] B a as as50
Rivers (upstream) 3.0 1,250 0.70 0.304 | 0.83 | 1.05 | 1.35
Rivers (downstream) 5.0 4,000 0.35 0.152 | 3.74 | 3.85 | 4.00
Coast, estuaries 5.5 10,000 0.75 0.326 | 2.50 | 2.73 | 3.05

Table 5.1: Typical hydraulic load conditions for piping in the Netherlands (H; = MHW — hy, is the design value
for the head difference).

POSTERIOR RESISTANCE

For sake of illustration, we assume resistance uncertainty to be entirely epistemic and
reducible. Thus, the updated resistance distribution is a Truncated Normal distribution
with the maximum observed water level* Ay (so far in N years) as lower bound:

hN - IJ’Hc
OH,

. 1 he—pH,
fHC(hc|Hc > hN) = U_Hc(p [%

[{1-®

) (5.25)

In the absence of an analytical expression we denote the posterior fragility curve as
FHc(hcch > hN)-

EXPECTED PROBABILITY OF FAILURE DUE TO PIPING
As discussed, the expected probability of failure in year NV is approximately equal to the
conditional probability of failure in year N:

P(Fy|Fn-1) (5.26)

f f Fu, (hlHe > Hx) fulhlan, Ba) fuhla, ) diy dh (5.27)

u

pr(N)

u

where fH(szlaf ~N» Bn) is a Gumbel distribution with parameters a and By for the dis-
tribution of the maximum load in N years and fz(k|a, B) is the PDF of the annual maxi-
mum water load.

4Notice that the water level 7 in this example corresponds with the generic load s in the preceding theoretical
considerations.
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Figure 5.6 shows the expected development of the probability of failure over time. The
difference in decrease of py ,(i) between the different parameter sets is remarkable.
They may be due to the relative contributions of load and resistance to the total uncer-
tainty and, furthermore, in the absolute level of the probability of failure. The decrease
in pp (i) in 50 years is between a factor 2 and 100 for the assumption of a time-invariant
resistance with fully reducible uncertainty.
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Figure 5.6: Expected probability of failure due to piping with a (simplified model) over time. Notice that this
expected value includes the possibility of intermediate failure, however, since the level of probability of failure
is low, the influence is insignificant.

The behavior exhibited in Figure 5.6 is similar to what Hoeg (1996) found for dam fail-
ures and to the results of a more conceptual study by Vrijling and Gelder (1998). Most
dam failures occur in the first years after construction. The most important or design
load for a reservoir dam is a full reservoir, which usually occurs in the first years after
construction, often on purpose. Hence, the (test) loading of the dams in the early years
reduces epistemic uncertainty significantly and the failure probability of the dams that
survived decreases considerably. Levees, on the other hand, usually experience loads
close to their design load much later if at all. Therefore, also the expected decrease of
probability of failure is slower than for dams.
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5.3. SURVIVAL WITH BLIGH’S RULE

HILE the previous sections illustrated the effect of probability updating based on
Wsurvival information for a single resistance variable, this section shows that the
same principles are valid updating various resistance variables. To this end, the theory
is applied for Bligh’s rule:

L
Z,=mp=—H (5.28)
c

where mp is the model uncertainty factor by Kanning (2012) based on a Bayesian Anal-
ysis of dike failures and survivals, while ¢ is considered deterministic, if the grain size
(class) is known (see Table 3.1).

5.3.1. EXAMPLE 1: DETERMINISTIC OBSERVATION

INPUT PARAMETERS

The effects are best illustrated by an example, the input parameters of which are pre-
sented in Table 5.2. In this example we consider the seepage length L to be uncertain

l X; \ Unit \ Distribution \ Parameters ‘

L [m] Normal ©n=>50,0=25

H | [m] Gumbel a =0.53, f=0.406
mg | [-] Lognormal ©=1.76,0=1.69

c [-] Deterministic | ¢=18

Table 5.2: Example survival analysis with Bligh’s rule: input parameters

but reducible (see section 4.3). The same assumption is made for the model uncertainty
factor mp (see section 4.3.3).

If we observe a head difference with a 100 year return period to be H = 2.4m and no
piping failure has occurred, the evidence may be expressed as:

. L .
e={Zp(L, mB,c,H)>0}={mB— >H:2.4m} (5.29)
C

LIKELIHOOD AND POSTERIOR DISTRIBUTIONS
Correspondingly, the likelihood function can be formulated as:

L .
L(mg, L|€) P(mB— >H|mB,L) (5.30)
c

{ 1 ime%ZH (5.31)

0 ifmgi<H
That means that the parameter space not complying with this condition becomes im-

possible (likelihood equal to zero) and the probability mass is re-distributed over the
feasible parameter space proportional to the prior, as clearly shown in Fig. 5.7.
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Figure 5.7: Prior and posterior JPDF of seepage length and Bligh model factor

The fact that the joint PDF is truncated does not imply that the marginal distributions
are truncated as well, as demonstrated in Fig. 5.8. Even though the posterior distribution
of mp seems almost truncated, it has, in fact been redistributed. Please notice that the
posterior random variables (mp and L) are not independent anymore, even though the
priors were; the updating has introduced correlation.
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Figure 5.8: Prior and posterior PDF of seepage length and bligh model factor
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PRIOR AND POSTERIOR RELIABILITY AND FRAGILITY CURVES
The fragility curve represents the CDF of the critical water level Fx, with:

(5.32)

chmB—
c

Figure 5.9 shows the prior and posterior fragility curves. As expected the posterior curve
is zero up to the observed survived load in this example with fully reducible resistance
uncertainty. Clearly, the effect is greatest close to the observed value. This implies that
the effect of updating is even more important for future flood event management for
events similar to the historical one than for safety assessments, which also consider even
more extreme events (Schweckendiek, 2010).
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Figure 5.9: Prior and posterior fragility curves for Bligh parameters updated with survived head difference of
H=2.4m

Table 5.3 contains the prior and posterior reliability, the probability of failure decreases
by roughly a factor 40.

Prior Posterior
Probability of Failure (P(H; < H)) | 49E-2 1.2E-3
Reliability Index (f) 1.66 3.03

Table 5.3: Example survival analysis with Bligh's rule - annual prior and posterior probabilities of failure for a

deterministic observation
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5.3.2. EXAMPLE 2: UNCERTAIN OBSERVATION

The second example builds upon the first by using the same limit state function and
input parameters. However, the observed head difference is assumed to be uncertain,
modeled with a Normal Distribution with a standard deviation of o ; = 0.3m (i.e., H~
N(2.4,0.3)). In contrast to the previous example, the uncertain observation leads to a
likelihood function that is no longer just zero or one:

L(mp, Lle)

L
P(mB— >H|mB,L) (5.33)
c

mpgL/c— y
@ ( B Hg )
0q
Consequently, the posterior joint PDF in Figure 5.10 is not truncated anymore.

(5.34)
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Figure 5.10: Prior and posterior JPDF of seepage length and Bligh model factor for an uncertain observation

As opposed to the first example, the posterior fragility curve is not zero up to the ob-
served survived load (Figure 5.11), even though in this example the resistance uncer-
tainty is fully reducible. Either uncertain observations (e.g., measurement error) or in-
trinsically variable and, hence, non-reducible resistance uncertainties can cause this ef-
fect - past survived loads are not necessarily survived in the future with certainty.

Table 5.4 contains the prior and posterior reliability, the probability of failure de-
creases by roughly a factor 30, hence less than for the deterministic observation.

Prior Posterior
Probability of Failure (P(H; < H)) | 49E-2 1.6E-3
Reliability Index (B) 1.66 2.95

Table 5.4: Example survival analysis with Bligh’s rule - annual prior and posterior probabilities of failure for an
uncertain observation
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Figure 5.11: Prior and posterior fragility curves for Bligh parameters updated with uncertain survived head
difference of H ~ N(2.4,0.3) [m]

5.4. PIPING-RELATED FIELD OBSERVATIONS

I N contrast to the previous sections, which contemplated rather simple examples for
sake of illustration, this section develops a more elaborate approach extending the
concept (a) by looking at uplift, heave and piping together as a parallel system and (b) by
analyzing more types of field observations than just survival.

During floods, when a levee experiences extreme loading by high water levels, vi-
sual inspection and / or instrumented monitoring may observe several piping-related
phenomena which may influence the piping reliability. This section relates these field
observations to the phenomena uplift, heave and piping (see Figure 3.1) and to the re-
spective limit states to enable quantitative analysis.

In the following, f denotes the water level at which field observations were made and
X? denotes the random variables at the time of the observation (superscript p stands
for "past"), which is usually the maximum flood stage reached an extreme event. The
following shorthand notations are introduced for exceedance of the uplift, heave and
piping limit state respectively:

FP\lh = {guXPlh=h)<0} (5.35)
Fl\h = {guXP|h=h)<0} (5.36)
Fh\h = {gy(XFlh="h)<0} (5.37)

Superscript p stands for the past observed event, meaning the exceedance of the re-
spective limit state with the realizations of the random variables in the past. This dis-
tinction between past observed event and future event to be predicted is important if
time-variant (i.e., non-reducible) variables are involved. The complement (i.e., non-
exceedance of the limit state or non-failure) is denoted as F l.p Iﬁ.
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5.4.1. NO SEEPAGE (NO UPLIFT)

If no excessive seepage is observed during extreme flood stages, we may conclude that
no uplift has occurred (i.e., the landside blanket is still intact). In quantitative terms we
may interpret that as the uplift limit state not having been exceeded up to the observed
river water level. Consequently, the evidence becomes:

e=Fl\h (5.38)

Since without uplift neither heave nor piping can be observed, this observation cannot
be related directly to their limit states.

For ground conditions without blanket layer, we suppose that excessive seepage should
always be observed during extreme flood stages. And vice versa, if no seepage is ob-
served there must be a blanket present.

5.4.2. SEEPAGE (UPLIFT)
When (significant) seepage is observed, we may conclude that the pore pressures under
the blanket layer have led to its rupturing (see Figure. 3.2, phase b). Hence, the conclu-
sion is that the uplift limit state has been exceeded (or that there was no intact blanket
layer), leading to the evidence:

e=F\h (5.39)

Even though no erosion is observed at the same time, we cannot conclude that the heave
limit state has not been exceeded, because heave is considered a necessary but not a
sufficient criterion for erosion. The observation does not allow us to conclude anything
about the (non-)exceedance of the piping limit state either.

Figure 5.12: Sand boils (left: active during flood; right: post-flood crater; source: Rijkswaterstaat)

5.4.3. SAND BOILS (UPLIFT & HEAVE)

Sand boils (see Figure 3.2, phase c and Figure 5.12) are characterized by sand transport
to the surface through the blanket layer. If we observe excessive seepage and erosion,
the conclusion is that the uplift limit state has been exceeded and so has the heave limit
state. The combined evidence is given by:

e={F,nF}h (5.40)
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It is conservative to not neglect that no piping has occurred (13,[’,7 ) because piping could
not occur in the future at the same water level. One reason is that the piping process
takes time and a future flood may last longer, while flood duration is not captured in the
Sellmeijer model on which the piping limit state is based. Another reason is that it is
yet unclear if piping exhibits memory or cumulative effects (i.e., formed pipes remain
intact after the flood). For a more detailed discussion and sensitivity analysis refer to
Schweckendiek and Rijneveld (2012).

5.4.4. FLOOD FIGHTING

Sand bags are a common mitigation measure (Figure 5.13), when water or sand boils
are observed by dike inspection during extreme events. Even though such measures
influence the head difference over the structure, such flood fighting measures are taken
after detecting seepage and/or erosion. Hence, their effect on the head difference does
not need to be accounted for uplift and heave-related information.

Figure 5.13: Sand bags around an active sand boil (source: Rijkswaterstaat)

5.4.5. SUMMARY

Table 5.5 summarizes the types of observations and the information they provide for
situations. For situations where there is no blanket on the landside of the levee, the
main information provided is on the scenario likelihoods themselves. The probability of
observing no seepage at extreme flood stages without a blanket is zero; the probability of
observing seepage or sand boils is one. The reason for observing seepage but no erosion
may be that there is no concentrated outflow.

Limit state exceeded?

Observation Uplift | Heave | Piping
No seepage no (E7|h) n/a n/a
Seepage & No Erosion yes (F,f |7) n/a n/a
Seepage & Erosion (sand boils) | yes (Fff Ifl) yes (F;: | fz) n/a

Table 5.5: Relations of observations with uplift, heave and piping limit states for situations with blanket layer
(summary). For situations without blanket layer only the likelihood of the scenarios is affected, which becomes
zero for "no seepage" and one for "seepage" and "sand boils".
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5.5. APPLICATION EXAMPLE: MASTENBROEK

T HIS section applies the theory as developed above to the application example which
was introduced in section 3.5, where also the prior reliability with respect to uplift,

heave and piping is discussed.

5.5.1. OBSERVED WATER LEVEL

The river IJssel experienced relatively high flood stages in mid-January 2011. The loca-
tion of interest as described in section 3.5 is about 18 km downstream of measurement
station Wijhe and 12 km upstream of measurement station Kampen. Interpolating be-
tween the maximum water levels at Wijhe and Kampen which were 4.7 m and 1.5 m
respectively, the maximum water level at the dike reach under consideration on January
18, 2011 was estimated to be / = 2.8m, which is an event with a return period of roughly
11 years. To put the observation into a context, the design water level for the considered
dike ring is based on an annual exceedance frequency of 5-10~* (1/2000).

5.5.2. POSTERIOR ANALYSIS

In the following, the effect of updating using the different types of observations will be
demonstrated. Even though, only "no seepage" (i.e., no uplift) was observed at the stud-
ied location during the analyzed flood, all types of observation are contemplated to show
what their occurrence would have implied. Per observation, the results and illustrations
for stratification scenario are presented below as well as an overview of the most impor-
tant results for all scenarios. For the detailed results, see appendix H.

With respect to the reducibility of uncertainty, the choice of how much of the uncer-
tainty per random variable is actually reducible can be somewhat arbitrary as pointed
out in section 4.2. The main aspect in posterior analysis based on field observations is
to consider if a variable is time-invariant and, if not, how much of its variance can be
attributed to intrinsic variability. For this example the pragmatic choice was to assume
all basic random variables as epistemic (i.e., reducible) except the following: the hin-
terland water level (h;), the permeability of the hinterland blanket (kj) and all model
uncertainty factors (see discussion in section 4.3).

NO SEEPAGE

Observing no uplift at /2 = 2.8 m water level shifts down the fragility curves for uplift and
piping (see Figure 5.14). The effect is most obvious for uplift. Note that because there
is some intrinsic, non-reducible uncertainty involved, the probability of uplift below h
is not zero. Since the limit state functions for uplift, heave and piping have common
random variables, also the probabilities of heave and piping are affected by the observa-
tion, as is the (system) probability of failure, though not significantly. Interestingly, the
fragility curve for heave is shifted upwards slightly. The reason is that a lower probability
for uplift implies higher limit gradients (ig) at the exit point (see Eq. 3.9).
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Figure 5.14: Application example for field observations, dike ring 10 (Mastenbroek) - posterior fragility curves

for "no seepage"-observation, Stratification Scenario E;

Figure 5.15 shows the changes in probabilities for the stratification scenarios. The
likelihood of a scenario is the prior conditional probability of the observation for that

scenario. For uplift that means that E; and E; had a prior probability of about 95% of ex-

hibiting no uplift at the observed water level. Notice that E5 and E, are scenarios without
blanket layer. Since for these seepage should have been observed clearly, they obtain a

likelihood zero (i.e., the observation was impossible) and, hence their posterior proba-

bility becomes zero, too.
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Figure 5.15: Application example for field observations, dike ring 10 (Mastenbroek) - prior and posterior sce-

nario probabilities for "no seepage"-observation
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Furthermore, Table 5.6 shows that the posterior probability of failure is more than a
factor 10 lower than the prior, which can be mainly attributed to the "exclusion" of the
scenarios without blanket layer.

Table 5.6: Application example for field observations, dike ring 10 (Mastenbroek) - posterior analysis results
summary, no seepage

PRIOR ANALYSIS P(F) = 1.9E-3
Uplift Heave Piping Failure
P(Ey) P(FulEp) P(F,|Ey) | P(FplE;) P(F|E;) P(E;)P(F|E;)
17.6% 1.8E-2 1.0E-1 48E-4 14E-4 25E-5
62.4% 28E-2 1.7E-1 5.7E-4 22E-4 1.3E-4
4.4% 1.0E-0 1.0E-0 | 8.7E-3 8.9E-3 39E-4
15.6% 1.0E-0 1.0E-0 | 83E-3 8.3E-3 1.3E-3

POSTERIOR - NO SEEPAGE P(F) = 14E-4

i | P(Ejle) | P(FulE;,€) | P(FylE;) | P(FplEs, &) | P(FIE;€) | P(Eile)P(F|E;e)
22.4% | 6.3E-3 1.0E—1 | 43E—4 1.0E—4 | 96E-5

77.6% | 8.7E-3 1.7E-1 | 52E—4 15E—-4 | 4.0E-4

0.0% 1.0E-0 1.0E-0 | 8.7E-3 89E-3 | 0.0

0.0% 1.0E—0 1.0E-0 | 83E-3 84E-3 | 0.0

S e

=W N =

Similar to the fragility curves, the posterior distributions of the (reducible) basic ran-
dom variables can be compared to the priors in order to get an impression of the impact
of the observation. Figure 5.16 illustrates that in stratification scenario E; there is hardly
any effect, only a slight change in the distribution of volumetric weight of the blanket
layer 4. This is unsurprising, since the prior probability of the observation was high.
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Figure 5.16: Application example for field observations, dike ring 10 (Mastenbroek) - posterior distributions

for "no seepage"-observation, stratification scenario E}
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SEEPAGE (UPLIFT)

Observing seepage and no erosion implies that the probability of uplift increases sig-
nificantly (see Figure 5.17), which implies that the probability of reaching the limit po-
tential increases, or equivalently, the probability distribution of the limit potential shifts
towards lower values. This effect is reflected in the heave fragility curve shifting upwards
for low water levels while the asymptote goes down. The asymptote reflects the probabil-
ity that the critical heave gradient is lower than the limit gradient. Through the parallel
system behavior, the fragility curve for failure is at the same level (only for theoretically
possible water levels with very low probability of exceedance).

““““““ ‘ — = ={ | uplift prior
- IR I FPOPY uplift posterior
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e e RA RIS heave posterior
s o6l K ~,% ., |~ ~ ~piping prior
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Figure 5.17: Application example for field observations, dike ring 10 (Mastenbroek) - posterior fragility curves
for the "seepage"-observation, stratification scenario Ej

Figure 5.18 shows that the probability mass is significantly shifted to the stratification
scenarios without blanket layer (E; and E,4), for which the likelihood equals one. From
Table 5.7 we may conclude that the increase of the probability of failure by approximately
afactor 4 is due to both changes in scenario probabilities and changes in the conditional
probabilities of failure per scenario.

The posterior distributions in Fig. 5.19 show that the most affected random variables
are the permeability of the aquifer k as well as the blanket thickness d and the volumetric
weight ys4; (i.e., the blanket weight). Interestingly, the change in the volumetric weight
appears to be more significant than the permeability. This demonstrates how Bayesian
inference in essence analyses the the plausibility of observations. Apparently, the best
explanation for the observation is that y,; is lower than estimated a-priori.
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Figure 5.18: Application example for field observations, dike ring 10 (Mastenbroek) - prior and posterior sce- u

nario probabilities for the "seepage"-observation

Table 5.7: Application example for field observations, dike ring 10 (Mastenbroek) - posterior analysis results
summary, seepage

PRIOR ANALYSIS P(F) = 1.9E-3
Uplift Heave Piping Failure

i | P(Ep P(FulE;) P(Fy|E;) | P(FplEp P(F|Ep) P(E;)P(F|Ey)

1| 17.6% 1.8E-2 1.0E-1 | 48E-4 14E-4 2.5E-5

2 | 62.4% 28E-2 1.7E-1 | 5.7E-4 22E-4 1.3E-4

3| 4.4% 1.0E-0 1.0E-0 | 8.7E-3 8.9E-3 3.9E-4

4 | 15.6% 1.0E-0 1.0E-0 | 83E-3 8.3E-3 1.3E-3

POSTERIOR - SEEPAGE P(F) = 7.1E-3
i | P(Ejle) | P(FulEje) | P(FylEy) | P(FplE;e) | P(FIE;e) | P(Eile)P(FIE;,¢)
2.7% 33E-1 1.1E-1 1.1E-3 6.3E—4 3.1E-5
15.2% 34E-1 1.9E-1 | 88E-4 49E—-4 1.3E-4
18.1% 1.0E-0 1.0E-0 | 8.7E-3 8.7E-3 1.6E-3
64.0% 1.0E-0 1.0E-0 | 84E-3 8.4E-3 54E-3

B W DN | -
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Figure 5.19: Application example for field observations, dike ring 10 (Mastenbroek) - posterior distributions
for "seepage"-observation, stratification scenario Ey
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SAND BOILS (UPLIFT & HEAVE)

For observing sand boils (i.e. uplift and heave) Figure 5.20 shows that all posterior fragility
curves are shifted upwards with respect to their priors. In contrast to the previous case

(seepage and no erosion) also the heave fragility curve increases without asymptote be-

low one. As a consequence, the probability of failure is now dominated by the piping

fragility curve, which is by far the lowest probability of the three mechanisms.
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Figure 5.20: Application example for field observations, dike ring 10 (Mastenbroek) - posterior fragility curves
for "sand boils"-observation, stratification scenario Ey

As for seepage, Figure 5.21 shows that the probability mass is significantly shifted to
the stratification scenarios without blanket layer (E3 and E,), for which the likelihood
equals one. This effect is even more pronounced, because observing uplift and heave for
scenarios E; and E, (with blanket) was even less likely based on the priors than observing
uplift and no piping. Table 5.8 shows that the increase of the probability of failure is
approximately by a factor 4.

The posterior distributions in Figure 5.22, too, show that the random variables im-
portant for the uplift and heave limit states are most affected, namely the permeability
of the aquifer k, which affects uplift pressure, and the blanket thickness d as well as the
volumetric weight y4,. As opposed to the previous case, the change in permeability is
much more pronounced, because now it explains both uplift and heave under the ob-
served conditions. As heave is involved, we also observe a change in the distribution of
the critical heave gradient i, j,.
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Figure 5.21: Application example for field observations, dike ring 10 (Mastenbroek) - prior and posterior sce-
nario probabilities for "sand boils"-observation

Table 5.8: Application example for field observations, dike ring 10 (Mastenbroek) - posterior analysis results
summary, sand boils

PRIOR ANALYSIS P(F) = 1.9E-3
Uplift Heave Piping Failure

i | P(Ep P(FulE;) P(Fp|E;) | P(FplEp P(F|E;) P(E;)P(F|Ey)

1| 17.6% 1.8E-2 1.0E-1 | 48E-4 14E-4 2.5E-5

2 | 62.4% 2.8E-2 1.7E-1 | 5.7E-4 2.2E-4 1.3E-4

3| 44% 1.0E-0 1.0E-0 | 8.7E-3 8.9E-3 3.9E-4

4 | 15.6% 1.0E-0 1.0E-0 | 83E-3 8.3E-3 1.3E-3

POSTERIOR - SAND BOILS P(F) = 79E-3
i | P(Ejle) | P(FulEje) | P(FylEy) | P(FplE;e) | P(FIEje) | P(E;le)P(FIE;,¢)
1.1% 1.2E-1 3.1E-1 | 20E-3 1.7E-3 2.1E-5
7.7% 1.6E-1 4.0E-1 1.2E-3 1.0E-3 9.4E-5
20.1% 1.0E-0 1.0E-0 | 89E-3 8.7E-3 1.7E-3
71.2% 1.0E-0 1.0E-0 | 84E-3 84E-3 6.0E-3

AW N -
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Figure 5.22: Application example for field observations, dike ring 10 (Mastenbroek) - posterior distributions

for "sand boils"-observation, stratification scenario Ey
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5.5.3. SUMMARY

There is a significant shift in stratification scenario probabilities for each observation
type towards the scenarios with blanket layer for "no seepage" and towards the scenar-
ios without blanket layer for observations that do include uplift (and heave). This ef-
fect can dominate the overall change in the (unconditional) probability of failure. The
uplift-related observations do not only affect the uplift fragility curve (and, hence, the
conditional probability of uplift) but also the piping fragility curve through their correla-
tion induced by the random variables they have in common. Only observing essentially
no signs of failure (no seepage) decreases the conditional probability of failure per sce-
nario. Observing seepage but no erosion (uplift) increases it and observing sand boils
(uplift and heave) results in an even higher increase.

Table 5.9: Application example for field observations, dike ring 10 (Mastenbroek) - prior and posterior analysis
results summary

PRIOR ANALYSIS P(F) = 1.9E-3
Uplift Heave Piping Failure
i | P(Ep P(FulEp) P(F,|Ey) | P(FplE;) P(F|E;) P(E;)P(F|E;)
1| 17.6% 1.8E-2 1.0E-1 48E-4 14E-4 25E-5
2 | 62.4% 28E-2 1.7E-1 5.7E-4 22E-4 1.3E-4
3
4

4.4% 1.0E-0 1.0E-0 | 8.7E-3 8.9E-3 3.9E-4
15.6% 1.0E-0 1.0E-0 | 83E-3 8.3E-3 1.3E-3

POSTERIOR - NO SEEPAGE P(F) = 14E-4

i | P(Ejle) | P(FulEje) | P(FLlE) | P(FplE;€) | P(FIEje) | P(Ejle)P(FIEj,¢)
22.4% 6.3E-3 1.0E-1 | 43E-4 1.0E-4 9.6E-5

77.6% 8.7E-3 1.7E-1 | 5.2E-4 1.5E-4 4.0E-4

0.0% 1.0E-0 1.0E-0 | 8.7E-3 8.9E-3 0.0

0.0% 1.0E-0 1.0E-0 | 83E-3 8.4E-3 0.0

POSTERIOR - SEEPAGE P(F) = 7.1E-3
i | P(Ejle) | P(FulEje) | P(FylEy) | P(FplE;e) | P(FIEj,e) | P(Eile)P(FIE;,¢)
2.7% 33E-1 1.1E-1 1.1E-3 6.3E—4 3.1E-5
15.2% 34E-1 1.9E-1 | 88E-4 49E—-4 1.3E-4
18.1% 1.0E-0 1.0E-0 | 8.7E-3 8.7E-3 1.6E-3
64.0% 1.0E-0 1.0E-0 | 84E-3 8.4E-3 54E-3

POSTERIOR - SAND BOILS P(F) = 7.9E-3
i | P(Ejle) | P(FulEje) | P(FylE;) | P(FplE;e) | P(FIE;e) | P(E;le)P(FIE;,¢)
1.1% 1.2E-1 3.1E-1 | 20E-3 1.7E-3 2.1E-5
7.7% 1.6E-1 4.0E-1 1.2E-3 1.0E-3 94E-5
20.1% 1.0E-0 1.0E-0 | 89E-3 8.7E-3 1.7E-3
71.2% 1.0E-0 1.0E-0 | 84E-3 84E-3 6.0E-3

AW N |-
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5.5.4. SENSITIVITY TO TIME-INVARIANCE ASSUMPTIONS

As pointed out in section 4.3.2, all (resistance) random variables were assumed time-
invariant except the hinterland water level (), the permeability of the hinterland blan-
ket (kp,) and model uncertainty factors (mg, m, and mp). Itis hard to determine to what
degree these are correlated in time. The assumption made in the analyses led to the
minimum updating effect possible regarding these variables. In order to explore how the
effect on reliability updating we explore assumption of all variables being time-invariant
and fully reducible, the results being presented in Table 5.10. The results indicate that
the updating effect is indeed stronger for this assumption, but not considerably. The
likely reason is that other uncertainties dominate the problem at hand.

Table 5.10: Application example for field observations, dike ring 10 (Mastenbroek) - prior and posterior analysis
results summary for the assumption of all random variables being time-invariant (sensitivity analysis)

PRIOR ANALYSIS P(F)= | 1.9E-3
POSTERIOR - NO UPLIFT P(F)= | 1.3E-4
POSTERIOR - UPLIFT & NO PIPING | P(F)= | 7.3E-3
POSTERIOR - UPLIFT & HEAVE P(F)= | 8.1E-3

5.6. CONCLUSIONS

HIS chapter has demonstrated how field performance observations can be used to
T update the probability distributions of the basic resistance random variables and
the probability of failure by means of Bayesian posterior analysis. First, the concept was
illustrated for a simple example of one load and one resistance variable (i.e., Z =R - ),
which was also extended to (uncertain) observations in the future. Subsequently, the
method was extended to a multi-variate resistance problem by applying it to Bligh's rule.
And, ultimately, the method was elaborated for state-of-practice uplift, heave and pip-
ing models including system reliability aspects. For the latter, different types of field
observations of limit states of uplift, heave and piping were used in order to use them as
inequality type of information in the posterior analysis.

The findings in this chapter have led to the following observations and conclusions:

1. Field performance observations from historical loadings are valuable information
for the estimation of reliability of a flood defense (in fact for any kind of structure
for which the probability of failure is dominated by large uncertainties in resis-
tance properties). So far, field observations have hardly been exploited consis-
tently in reliability analyses. The presented method enables using not only mere
survival information but also more specific field observations as long as these can
be related to an observation (limit state) which is correlated to the failure limit
state in question.

2. In posterior analysis, attention needs to be paid to distinguishing between re-
ducible and non-reducible uncertainties. Since data are usually scarce, the deci-
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sion on what (part of) uncertainty is reducible may need to be based on judgment.
The more uncertainty is reducible, the larger are the effects of updating.

. If not all resistance uncertainty is reducible (i.e., time-invariant), there is no guar-

antee that a previously survived load level will be survived again in the future. The
reason is that the parameters with intrinsic (i.e., non-reducible) uncertainties may
be less favorable in future events than during the observed event. Notice that this
holds also for non-degrading resistance.

. For decision analysis purposes, we can estimate the effects of yet uncertain future

observations as illustrated in section 5.2. A simplified analysis with realistic num-
bers for typical Dutch conditions regarding piping reliability has illustrated that
the expected decrease of probability of failure during the a design life time of 50
years can be one order of magnitude or more, if the resistance is assumed time-
invariant and fully reducible. A substantial part of the decrease is realized in the
first 10 years.

. The application of the theory with Bligh’s rule has demonstrated the method for

a multi-dimensional problem and also the effect of an uncertain observation, the
latter unsurprisingly weakening the effect of updating.

. Three types of observations have been defined and related to the limit states for

uplift, heave and piping: (a) observing no excessive seepage is interpreted as no
uplift having occurred, (b) observing excessive seepage is interpreted as the uplift
limit state being exceeded and (c) observing sand boils (i.e., sand erosion) is inter-
preted as the uplift and heave limit states having been exceeded. Notice that with
sand boils assuming that the piping limit state has not been exceeded would imply
further unconservative assumptions (see 5.4).

. The application example essentially demonstrates (a) that the probability of fail-

ure can decrease or increase by roughly a factor 10, (b) that the change in scenario
probabilities can be significant and dominate the posterior probabilities and (c)
that observing signs of (partial) failure can outweigh the effects of not having ob-
served piping.

. Though not thoroughly analyzed, it seems that the prior level of reliability would

influence the (expected) impact of the updating based on field observations. The
relative importance of the reducible part of the resistance certainly does. Future
studies are advised to study these aspects more systematically.

. Field performance observations should be taken into account for decision-making

in inspection and maintenance or in design of newly built structures. Neglecting
the information may lead either to over-investments in structures which are more
reliable than based on prior data only or to under-investments in structures that
are less reliable than initially thought. In both cases, incorporating the information
leads to cost-savings either in terms of lower construction cost or in terms of lower
risk.



HEAD MONITORING

Things should be made as simple as possible but not any simpler than that.

Albert Einstein

Figure 6.1: What you can see of an observation well at the surface.

As opposed to passive observations of field performance as described in the previous chap-
ter, this chapter investigates the cost-effectiveness of actively monitoring pore pressure. In
chapter 2 geohydrological uncertainties were shown to be important in piping reliability.
Pore pressures are directly related to geohydrological parameters such as the permeability
of the aquifer, its thickness or the seepage length. This chapter investigates how moni-
toring pore pressures affects uncertainties and reliability. After outlining the theoretical
approach, the basic idea and features are first illustrated by means of an example with a
simplified uplift model, followed by a case study on realistic data using the models applied
in Dutch safety assessments.

Some of the material in this chapter has been published in: Schweckendiek, T. & Vrouwenvelder, A.C.W.M.
(2013). Reliability Updating and Decision Analysis for Head Monitoring of Levees, Georisk, 7(2).
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6.1. PRE-POSTERIOR ANALYSIS FOR MONITORING PLANNING
T HE previous section highlighted important features of reliability updating for a sim-

plified uplift model; this section elaborates a more realistic modeling approach in-
cluding (a) uplift, heave and piping, (b) the influence of the position of the monitoring
device and (c) the dependence of the retrofitting cost on the monitoring and reliability
updating outcome. The latter is based on the idea that the closer the posterior reliability
is to the target, the less retrofitting is needed.

6.1.1. POSTERIOR ANALYSIS
Using the definitions from chapter 3, the prior probability of failure is given by:

P(F)=P(FynFynFp)=P({Z, <0In{Z, <0}n{Z, <0}) (6.1)

where Z,, Zj, and Z, are the limit state functions as described in section 3.2.
The goal of posterior analysis is to incorporate the evidence ¢ provided by the pore
pressure measurements in the reliability:

P(Fne) P(FynFrnFpne)

P(Fle) = =
P(e) P(e)

(6.2)

The posterior probabilities of uplift, heave and piping (P(Fyl¢), P(Fyl€) and P(Fp|€), can
be computed accordingly.

The monitoring provides a measured head, "equality type" of information which is
treated using the approach by Straub (2011) (see 4.2.4). Similar to the example in the pre-
vious section the likelihood is expressed as a function of the measurement error for the
difference between the measured and the real value of the head ¢(x, fz) (for the observed
water level h):

L&) = fo,, (Pm—px, M) (6.3)

and the equivalent inequality domain can be expressed as:
o= {he(x,u) <0} = {u—-® ' [cL®)] <0} (6.4)

Whereas the simplified example in section 6.2 uses a damping factor approach for the
head ¢(x, h), the application example in sections 6.3 and 6.3, employs the groundwater
flow model described in appendix A. Notice that in the latter we can take the position of
the monitoring device into account, too, and the heave and piping probabilities will be
affected indirectly through the common random variables in the respective limit states.
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6.1.2. MONITORING DESIGN AND COST
The principal design parameters in pore pressure monitoring design are (a) the number
and (b) the position of devices. For the sake of illustration, here we contemplate only the
installation of one device. The preferable position is where its updating effect is greatest.
In principle, the total cost of monitoring consists of mobilization cost and unit cost
(e.g., cost of maintenance and readings per year). For the sake of simplicity, we will not
distinguish between these cost items explicitly and only consider a lump sum monitor-
ing cost Cinonitor [€].
The decision analysis for the monitoring design consists of finding the optimal con-
figuration (i.e., position) and comparing the expected costs or benefit-cost ratios (BCR)
of the decision options for that design.

6.1.3. PRE-POSTERIOR ANALYSIS

In contrast to posterior analysis with readily available monitoring data (6.1.1), in pre-
posterior analysis the future measurements are yet unknown and, hence, uncertain. Not
only is the measurement uncertain due to the uncertainties in ground properties and
the measurement error, in this case also the future water level (i.e., loading) triggering
the pore pressure response needs to be modeled as a random variable. That implies that
the measured head ¢, used in the likelihood function in the posterior analysis (Eq. 6.3)
becomes a random variable itself:

LX) = fe,, (Om X By em) — px,h) (6.5)

Notice that X is the vector of random variables, while x is a dummy vector, and that here
h and e,,, are random variables in contrast to Eq. 6.3 from posterior analysis.

As to updating the scenario probabilities, in principle, the same method for posterior
analysis is applicable as for inequality type of information (Eq. 4.20); the only difference
is that the observation or evidence space ¢ is replaced by the equivalent observation
space &,.

Furthermore, notice that since the likelihood is a random variable, the future up-
dated reliability will be a random variable and, hence, so are the required retrofitting
cost, as will be investigated in the following example.
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6.2. EXAMPLE SIMPLIFIED UPLIFT MODEL

0 illustrate updating with monitoring (i.e., equality type) information, an example
with a simplified uplift model is elaborated below.

6.2.1. SIMPLIFIED UPLIFT MODEL

In contrast to the analytical, Dupuit-based model presented in section 3.2.2 and ap-
pendix A, the simplified model in this example only uses a damping factor A, without
considering the underlying permeabilities etc. The damping factor is supposed to be
estimated directly in this case, for example, by expert judgement or based on measure-
ments.

river‘ - foreshore o levee o hinterland
h
r AN A¢ = A(h-hy)
------------------------- hp=hs
.................... v;
ha Ky B
y J

= = i e __potential
— o . exit point
—» —» —»

Figure 6.2: Damping factor A for predicting the head at the exit point

Notice that in the following all surface and phreatic levels are denoted as h (with a sub-
script), whereas the ¢ stand for hydraulic heads in the aquifer.

LIMIT STATE FUNCTION

The limit state function is formulated basically as the critical head difference minus the
predicted head difference:

Zy = guX) = myAdey — AP (6.6)

where m,, is the resistance model factor, A¢.,, = ¢, — hs is the critical head difference
[m] with respect to surface level ks and A¢p = ¢ — h; is the corresponding (estimated)
head difference [m].

CRITICAL HEAD DIFFERENCE (RESISTANCE)

The phreatic (polder) level i, [m] is assumed to be at surface level (i.e. hy, = h;). Hence,
the critical head is given by the (total) weight of the blanket in terms of meters of water
column above the bottom level of the blanket i, [m]:

(,bc,uzhu"‘dM:hg—d+dm (6.7)
Yw Yw
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where d = blanket thickness [m], y¥4; = volumetric saturated weight of the blanket layer
[kN/m?] and Y w = volumetric weight of water [KN/m?3]. As the critical head difference is
defined with respect to hy, it is given by

Adeu=d (75‘” - 1) 6.8)

w

HEAD DIFFERENCE (LOAD)
The head itself is estimated using the damping factor A by

¢=hy+A(h—hp) (6.9)

where h = (river) water level [m]. Consequently, the corresponding head difference is
given by
Ap=Alh— hp) (6.10)

Estimating A can be done by either judgement, monitoring or modelling.

CRITICAL WATER LEVEL
Inserting the load (Eq. 6.10) and resistance (Eq. 6.8) in the limit state function results in

Zy=gux) = mud(“‘” —1)—/l(h—hp) (6.11)
Yw
Equating to zero and solving for the water level gives the critical water level for uplift
he,u:
d (Ysat/Yw - 1)

hew = —————+hy (6.12)

Notice that Fy, , (¢) is the uplift fragility curve.

6.2.2. INPUT PARAMETERS AND PRIOR RELIABILITY

The input example parameters as presented in Table 6.1 are fictitious but realistic; the
values are similar to the example from section 5.5. The annual prior probability of failure
obtained by Monte Carlo simulation is P(F,) = 3.9-1072 (the convergence is shown in
Figure 6.3), which corresponds to an annual reliability index of § = 1.76.

[ X; [ Unit | Distribution | Parameters ‘
h [m] Gumbel (annual) | @ =3.0,=0.3
hp [m] Normal ©n=1.0,0=0.1
d [m] Lognormal pu=4.0,0=0.4
my Lognormal ©=1.0,0=0.1
Ysar | [m] Normal ©=20.0,0=1.0
A Lognormal ©=0.8,0=0.1
em [m] Normal ©=0.0,0=0.1

Table 6.1: Example uplift monitoring: input parameters
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6.2.3. OBSERVATION

We suppose that monitoring during a 100-year flood stage of 4.4 m (h=F " 1(1-1/100) =
4.4m) has resulted in a measured head in the aquifer at the dike toe of ¢, = 2.8 m. The
duration of the reached flood stage is assumed sufficient for a near steady-state pore
pressure response in the aquifer, which means that the models from appendix A are ap-
plicable. Furthermore, the measurement is supposed to be unbiased with a standard
error e;; ~ N(0,0.1) [m].

6.2.4. POSTERIOR ANALYSIS
The equality information for this example is given by:

h(X, em) = GX, h) + e — G =0 (6.13)

Following the approach by Straub (2011) (see 4.2.4), we formulate the likelihood function
as the probability of the measurement error for the difference between the measured and
the real value of ¢ (x, h):

LX) = fo,, (6m—Px, ) (6.14)

That implies that the equivalent inequality domain can be expressed as:
ge = thex, w) <0} = {u—®7 [cfo, (Pm—Px )] <0} (6.15)

Now, according to equation 4.19, the updated probability of uplift failure is determined
by:

P(F,ne) mege FxXe(w) du dx

P(e) f AW du dx
Ee

P(Fyle) = (6.16)

where F), = {g(x) < 0}.

Since the evaluation of the limit states for uplift, heave and piping is computationally
inexpensive, we can obtain (asymptotically) exact results by using Monte Carlo simu-
lation, which are summarized in Table 6.2. Incorporating the monitoring observation
causes the probability of failure to decrease by a factor 10.

l [ Probability of Failure [ Reliability Index ‘
Prior P(F,)=3.9-10"% B=1.76
Posterior | P(Fyle) =4.0-1073 B=2.65

Table 6.2: Example uplift monitoring: annual prior and posterior probability of failure
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Figure 6.3: Example uplift monitoring: convergence of the prior and posterior annual probabilities of failure

Figure 6.3 illustrates that, even though the prior and posterior probability are not ex-
tremely low, the posterior analysis takes a large number of MCS-realisations to converge.
Decisive here is the numerator term of equation 6.16, P(Fy N €), which can be orders of
magnitude lower than P(F,|¢) itself. Subset Simulation (SubSim) (Au and Beck, 2001)
provides a workable alternative for cases, where this poses computational problems. For
the given problem, the same results were obtained by SubSim with roughly a factor 10 to
100 less realizations.

1.2

0.8

0.6

f(h), F(h)

water level, f (h)
0.4 o
_ _ - uplift prior, Fh (h)

- - = uplift posteriorl, Fh |s(h)

U

0.2

Figure 6.4: Example uplift monitoring: prior and posterior critical water level and head at exit point expressed
as probability densities (f(-)) and fragility curves (F(-))
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An important difference with the preceding chapter 5 is illustrated in Figure 6.5. In
survival type of analysis as for field observations, basically all random variables are up-
dated. Here only the random variables that influence the measurement are updated.
While the fragility curve of the critical head difference A¢. does not change at all, the
fragility curve of the critical water level k., changes significantly. The reason is that A¢,
does not contain any (load) variables that influence the pore pressure at the exit point.
On the other hand, &, does contain those variables; it contains all random variables
except h.

2
— @)
..... (pm
15} N
- = —¢hlg)
g 1t :
0.5} 1
0 _
0 5 6

Figure 6.5: Example uplift monitoring: prior and posterior distributions (PDF) of the unconditional head (¢ (h))
and the head conditional on the observed 100-year flood level (¢(h))

In Figure 6.5, the gray dashed line represents the prior PDF of the head distribution
at the exit point, while the black solid line shows the head distribution conditioned on
the observed water level /. The observed head ¢m (dotted line) is thus relatively high
with respect to the yearly (unconditional) distribution, but it is a rather low value for the
observed event. This means that the posterior load characteristics are lower than the
prior ones, which is another explanation for the increase in reliability after updating.

Similar conclusions can be drawn from the posterior PDFs for individual variables
of shown in Figure 6.6. Only h, and A, the variables influencing the head ¢ (remember:
¢ = hy + A(h — hp)), are updated. While the PDF of h;, only slightly shifts to the left, the
distribution of A shifts significantly and the spread decreases considerably, too. This is
plausible, because with the head based on the mean values of i, and A and for A would
have been: ¢ = pyp, + A(h - En,) = 3.6m; the measured value was significantly lower
with ¢, = 2.8m. Notice that the posterior distributions can be correlated even though
the prior distributions were uncorrelated as illustrated in Figure 6.7.
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Figure 6.6: Example uplift monitoring: posterior probability density functions
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Figure 6.7: Example uplift monitoring: posterior JPDF of the damping factor and the landside phreatic level

6.2.5. SENSITIVITY ANALYSIS
Below we investigate the sensitivity of the outcomes to the following observation related
parameters:

1. o, (the measurement error),
2. ¢, (the measured head at the potential exit point),

3. h (the observed water level, at which the measurement was taken)

Finally, some qualitative consideration on additional variables will be given.

MEASURED HEAD ¢, AND OBSERVED WATER LEVEL F

Figure 6.8 is a contour plot showing the posterior reliability index for combinations of the
observed water level (/) and the measured head (¢,,,) for a given measurement error of
0. = 0.1m. Such a representation helps in quick interpretation of observations and can
be used as "pre-compiled" results in pre-posterior analysis as shown in the subsequent
section.

MEASUREMENT ERROR 0,
Figure 6.9 demonstrates that the updating effect vanishes with increasing measurement
€error.
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Figure 6.8: Example uplift monitoring: posterior reliability as a function of the measured head ¢;;, and the
observed water level & (for a measurement error of o, = 0.1m, annual reliability)
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Figure 6.9: Example uplift monitoring: sensitivity of the posterior reliability with respect to the measurement
error o, (for a measured head of ¢p;; = 2.8m and a 100-year flood stage i = 4.4m, probabilities on an annual

basis)

OTHER PARAMETERS

While the considerations above cover the most relevant parameters, the effect of other
parameters can be inferred qualitatively. For example, if the observed water level is not
known deterministically (e.g., due to measurement error), the updating effect will be
weaker in a comparable fashion as for the measurement error of the head (o,). After all,
both make the observation more uncertain. Similarly, the lower the prior variance of A,
the the smaller the effect of updating and vice versa.
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6.2.6. INVESTMENT DECISION PROBLEM
After contemplating the effects of posterior analysis for a given measurement, we now
turn to the problem of monitoring planning. Suppose our fictitious levee needs to com-
ply with a target reliability for uplift of pr, = 1072 a~!, which it currently does not
(P(F,) =3.9-1072 a™!). Furthermore, assume that the levee needs to be reinforced up
to compliance level, unless monitoring during the next year leads to updated reliability
which does comply.

For the current example, the decision boils down to whether or not to invest in mon-
itoring as illustrated in the decision tree in Figure 6.10.

Strategy Qutcomes Mitigation Actions Marginal cost

oﬁ'\(\'\t\Q

A\ .
e reinforcement cost based on

posterior knowledge
(zero, if P(F) < pr)

reinforcement cost based on
prior knowledge
(if P(F) > pr)

Figure 6.10: Example uplift monitoring: decision tree for a simple uplift monitoring example in a safety assess-
ment situation

PRE-POSTERIOR ANALYSIS

The essential difference with posterior analysis is that we don’t know the water level
that will occur during the monitoring year and we do not know the outcome of the pore
pressure measurement (gbm(fz)) either. With the uncertainty in the water level to be ob-
served described by the PDF of the yearly maximum water level (f;(¢) = f,($)), the head
to be measured becomes a function of / (which now is a random variable) and the other
parameters influencing the head:

Gm X, 1) = OX, 1) + e ops 6.17)

where ¢(X, h) is the real head and em,obs is the measurement error at the observation'.
The uncertainty in the future observation leads to uncertainty in the reliability after
posterior analysis, which is illustrated by the distribution of the resulting posterior re-
liability index (Figure 6.11). The latter is based on the prior distribution of the random
variables and also called "pre-posterior distribution". The pre-posterior distribution of
the reliability index shows that the expected reliability after the measurement will be
higher than a-priori. We would expect this because the general effect of measuring is
uncertainty reduction. On the other hand, there is a considerable chance (~ 30%) that

INotice that it is necessary to distinguish between em,obs and ey, since the future measurement error is inde-
pendent of the error at the time of the observation
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Figure 6.11: Example uplift monitoring: Pre-posterior distribution of the posterior annual reliability index
after one year of monitoring

the posterior reliability is lower than the prior, for example due to "measuring" resistance
properties such as the damping factor A to be lower than the expected value.

From a decision theoretical point of view, at least now there is a chance that after
one year of monitoring the dike section under consideration may comply with the uplift
safety assessment criteria (the target reliability f7) and retrofitting becomes unneces-
sary. This probability of "success" is given by:

PIP(F,l6) < pru) = 41.1% (6.18)

That means that there is a 41% chance that retrofitting becomes unnecessary and a 59%
chance that retrofitting is still required on top of the investment in monitoring. This
information in itself is insufficient to take a well founded decision, since the difference
of monitoring and retrofitting cost is also important as we will see below.

STRATEGY COSTS AND DECISION CRITERION
As illustrated in Figure 6.10, the strategy options as to choose for retrofitting directly or
to choose for monitoring will be called strategies Sp and S; respectively.

For the sake of illustration, in this simplified example we use a simple cost function.
Since berm with cost Cy,,,, needs to be built if the reliability target (pr,,) is not met, the
retrofitting costs are:

Cr = Cherm (6.19)

Thus, for Sp (no monitoring, direct retrofitting) the expected cost equals the retrofitting
cost: E[Cs,] = Cr = Cperm-

The monitoring strategy S; involves monitoring cost Cp,onitor and the retrofitting
cost will depend on the observation €. The cost is thus given by:

C51 = Cmonitor + Cherm : I[P(Fulg) > pT,u] (6.20)

which means we have only monitoring cost, if after monitoring the probability of failure
drops below the target and we have monitoring and berm cost, if it remains unacceptably
high.
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The expected cost of S; depends on the probability of the evidence f(¢) and is de-
noted as:

E[Csll = Cmonitor + Cperm - P[P(Fyl€) > pr,ul (6.21)

where P[P(F,le) > Pr,] is the probability that the posterior probability of uplift failure
will (still) be larger than the target, which is computed by:

PIP(Fyle) > Pr] = f Fle)de 6.22)
P(Fyle)>pr,u

where P(F,|¢) is determined based on equation 6.16, in which the ¢, and h are random
variables as described above. In words, this means that we consider all possible obser-
vations (¢) weighted by their probability based on prior uncertainties and integrate over
the observation space that would lead to "failure" - a reliability problem in essence.

Having determined the costs and probabilities involved, the (risk-neutral) decision is
based on the comparison of the expected costs per strategy. One would choose to invest
in monitoring (Sy), if

E[Cs,] < E[Cs,] (6.23)
< Cmonitor + C+P[P(Fyle) > prul < Gy (6.24)
< Cuonitor < CrP[P(Fyle) <prul (6.25)
C .
—HEEE < PIP(Fule) < prul (6.26)
-

which means in words that if the monitoring investment is lower that the expected sav-
ings (potential savings = Cp,,,, times probability of "success") we would decide to invest.
Or, equivalently, if the ratio of investment over potential saving is lower than the proba-
bility of achieving the saving, the decision would be to invest. For the given case a rea-
sonable indication for the orders of magnitude of monitoring and retrofitting cost in the
Netherlands would be 10*€ and 10%€ respectively, which makes the ratio approximately
1%. Hence, despite a considerable probability of "failure" (i.e., not avoiding investments
in retrofitting), in this specific example investing in monitoring would make sense.

BENEFIT-COST RATIO
Another way to present the decision support information is Benefit-Cost Ratio (BCR).
While a risk-neutral decision maker would come the same conclusion via BCR as via ex-
pected cost, BCR may be more appealing to decision makers, since it shows the expected
return on investment.

In the present example it seems appropriate to define the monitoring cost as costs
and the expected value of the reduction in retrofitting cost as benefits:

CermP [P(Fyle) < Pry|  4.11-10°

BCR= -
Cmonitor 10

=41.1~=40 (6.27)

The BCR being (considerably) greater than unity shows that monitoring is a viable option
and should be preferred over Sy which has no cost but no benefit either according to the
chosen definition.
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DECISION TREE
As the considerations regarding strategy cost and BCR, the decision tree in Figure 6.12

illustrates that the monitoring strategy is preferred, for its expected cost is roughly 30%
lower.
Strategy (S) Expected Probability Outcomes & Conditional Cost
Cost (EC) Mitigation Actions
1 levee still unsafe after reliability
=0 updating: P(Fulg) > pT‘u) Cmonitor+ Cberm = 106€

= berm required

ECg=7x10%

levee safe after reliability
updating: P(Fyle) < pr.) Crnonitor = 10*€
= no berm required

ECso= 10°€ Cherm = 10°€

Figure 6.12: Example uplift monitoring: decision tree with the results regarding (expected) cost and probabili-

ties

6.2.7. DISCUSSION

Besides the specific noteworthy aspects below, this simple example illustrates some gen-
eral features of reliability updating with pore pressure monitoring and the respective in-
vestment decisions:

1.

The posterior analysis confirms that only uncertainties of variables affecting the
measured variable can be updated. Since the head at the toe is not affected by re-
sistance properties such the blanket thickness or weight, these uncertainties per-
sist. Hence, the effect of reliability updating depends largely on the relative impor-
tance of the observation-driving variables.

Figure 6.5 demonstrates the importance of knowing the water level belonging to
the measured head in the aquifer. If we only had a measured head but no infor-
mation on the corresponding water level, we would need to assume the probabil-
ity distribution of the water level as a sort of measurement uncertainty. Figure 6.5
shows that for an unknown water level the measured head would have been rather
expected, while it it was a very low value for the observed water level.

The sensitivity analysis shows how the posterior reliability changes with respect to
varying the measured head, the measurement error and the observed water level.
Furthermore, it illustrates how posterior analysis results can be precompiled for
use in pre-posterior analysis.

The more (a-priori) unlikely an observation is, the larger is the difference between
prior and posterior reliability.
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5. The pre-posterior reliability (i.e., after integrating out prior uncertainties) is prac-
tically equal to the prior. After all, a-prior we expect to measure according to our
expectation (prior probabilities) and in that case the effect of updating is rather
small. On the other hand, if the prior uncertainty in the observation-driving vari-
ables is considerable, the uncertainty in the posterior distribution will be large,
too. Hence, even though the expected posterior reliability is not much different
from the prior, the decision can be influenced significantly. In the example, even
a rather small chance of "success" of about 1% would have made the monitoring
strategy the preferable choice.

6. The ratio of investment cost and potential savings drives the decision, together
with the probability of realising the savings - the "chance of success". That means
that investments even with a rather low probability of success can be worthwhile,
if they are relatively low-cost, for example monitoring with respect to retrofitting.

7. The computations for this example were based on Monte Carlo simulation (MCS).Even

though the probability of failure is not very small, in the posterior analysis the

number of required MCS-realisations can be very high (i.e.,, much higher than in

the prior analysis). The reason is that the (equivalent) observation space can be

very small, especially for small measurement errors. The problem also increases,

if several observations are considered simultaneously. More efficient techniques

with full system reliability capabilities like Subset Simulation Au and Beck (2001) m
also provide a solution.
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6.3. APPLICATION EXAMPLE - POSTERIOR ANALYSIS
T HIS section applies the theory developed in this chapter to the application exam-
ple which was introduced in section 3.5 and further elaborated on in terms of field
performance observations in section 5.5. We contemplate the same location, observed
water level and assumptions regarding the reducibility of uncertainty as described in
these sections. This enables comparing the relative effects of reliability updating with
the two different sources of information (i.e., field observations vs. head monitoring).
Below the results and illustrations for stratification scenario E; are presented as well
as an overview of the most important results for all scenarios. For the detailed results for
all scenarios the reader is referred to appendix H.

6.3.1. OBSERVATION

The effect of reliability updating with pore pressure measurements is demonstrated with
a fictitious measurement here. We assume that at a 100-year flood stage of 7 = 3.5m a
head of ¢p,;;, = 2.1m was measured (with measurement error o, = 0.1m)).

6.3.2. POSTERIOR FRAGILITY CURVES
The posterior fragility curves in Figure 6.13 indicate that the observation has led our
degree of belief in failure to decrease; all curves shift downwards.

1
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Figure 6.13: Application example head monitoring: water level (k) PDF and posterior versus prior fragility
curves for uplift (hc,y), heave (h p,), piping (hc,p) and failure (h), stratification scenario E}
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Figure 6.14 confirms that the measured head ¢, was lower than expected a-priori for the
observed water level. The expected value was approximately E[¢p(x, h)] = 2.5m, whereas
the measured value was roughly one standard deviation lower.

probability density
o O O
A OO O BB

0.2t

Figure 6.14: Application example head monitoring: prior distribution of the head at the measured location,
stratification scenario E;

Itis important to realize that through the common variables in the failure limit states and
the load model (i.e., the parameters affecting the observed head) all three, uplift, heave
and piping are affected. This illustrates an important advantage of failure models which
involve physically interpretable and (directly or indirectly) measurable parameters as
opposed to empirical models. The advantage is that observations can be related to these
physically interpretable parameters in order to update our degree of belief of the state of
nature, the model bias and failure.

6.3.3. POSTERIOR SCENARIO PROBABILITIES

The likelihoods and posterior probabilities of the stratification scenarios in Figure 6.15
show that (a) the observation changes our relative belief between the scenarios with
blanket layer (E; and E») and it provides evidence that (b) the scenarios without blan-
ket layer are highly unrealistic and practically attain a posterior probability of zero. The
explanation for the latter is rather simple; if there were no blanket layer, the measured
head should be close to hy, which it is not.
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Figure 6.15: Case study field observations: prior and posterior scenario probabilities

6.3.4. POSTERIOR ANALYSIS SUMMARY

The comparison of prior and posterior probabilities in Table 6.3 shows that the obser-
vation has led to a significantly lower overall probability of failure (almost two orders
of magnitude). The main contribution to that reduction was the "exclusion” of the two
stratification scenarios without blanket layer, whereas a-priori these scenarios were the
main contributors to the probability of failure. For the scenarios with blanket layer (E;
and Ej), the reduction in probability of failure was most significant for piping, mainly
through the change in the distribution of the permeability k (see posterior distributions
for scenario E) in Figure 6.16).

Table 6.3: Application example head monitoring, dike ring 10 (Mastenbroek) - prior and posterior analysis
results summary (annual probabilities)

PRIOR ANALYSIS P(F) = 1.9E-3
Uplift Heave Piping Failure

i | P(Ep P(Fyl|Ey) P(F,|Ey) | P(FplE;) P(F|E;) P(E;)P(F|E;)

1 17.6% 1.8E-2 1.0E-1 48E—-4 14E-4 25E-5

2 | 62.4% 28E-2 1.7E-1 | 5.7E-4 22E-4 1.3E-4

3| 4.4% 1.0E-0 1.0E-0 | 8.7E-3 8.9E-3 3.9E-4

4 | 15.6% 1.0E-0 1.0E-0 | 83E-3 8.3E-3 1.3E-3

POSTERIOR ANALYSIS P(F) = 3.3E-5

i | P(Ejle) | P(FylEj,e) | P(FL|E;) | P(FplE; ) | P(FIEj€) | P(Eile)P(F|Ej, )

1| 41.3% 1.6E-2 8.8E-2 | 1.5E—-4 5.0E-5 2.1E-5

2 | 58.7% 24E-2 1.5E-1 24E-5 1.8E-5 1.1E-5

3 | 0.0% n/a n/a n/a n/a 0.0

4 | 0.0% n/a n/a n/a n/a 0.0
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6.4. APPLICATION EXAMPLE - PRE-POSTERIOR ANALYSIS

HIs section will elaborate the (pre-posterior) decision analysis for the present ex-
T ample. Instead of using readily available monitoring data as in posterior analysis,
we have to estimate the expected measurement outcome and its effect on the updated
reliability as well as the respective costs or savings based on our prior knowledge.

6.4.1. PRE-POSTERIOR MEASURED HEAD ¢,

As outlined in 6.1.3, in pre-posterior analysis our measurement outcome also becomes
a random variable (¢, (X, fz, enm)), because the water level h (i.e., the forcing for the ob-
servation), the ground properties and the measurement error are all random variables
themselves. Figure 6.17 shows that for the present case study, the pre-posterior distri-
bution of the (future) measured head is bi-modal. The reason is that scenarios E3 and
E, would lead to measured heads practically equal to the hinterland surface level A,
which represents the left-hand part of the distribution, while scenarios Es and E, "gener-
ate" the right-hand part. The set of realisations underlying the ¢, -distribution, together
with the corresponding (future) observed water levels form the input to the pre-posterior
analysis below.
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Figure 6.17: Application example head monitoring: probability distribution of the future measured head ¢,
[m] based on prior distributions of the random variables

6.4.2,. DEALING WITH HIGHLY UNLIKELY OBSERVATIONS

As Figure 6.17 illustrates, the distribution of future observations is actually divided in
two parts with little overlap. One part stems from the stratification scenarios with and
the other part without blanket layer. Using these observations in posterior analysis leads
to highly unlikely events, namely the measured ¢, coming from blanket-scenarios are
highly unlikely for no blanket-scenarios and vice versa. Computationally, this introduces
the following issue: The equivalent inequality domain ¢, is in parameter subspace with
very low probability density of the basic random variables, which results in very low
probability values for the term P(g,) (i.e, lower than 1076) and even lower values for
P(Fyle.) and P(Fyle,). As a result, the amount of required MCS-realisations becomes
computationally intractable. Fortunately, if P(e,) is orders of magnitude lower than the
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total and the target probability of failure, the posterior probability of the respective strat-
ification scenario P(E;|e) ~ P(€.|E;)P(E;) will also be that small that its contribution to
the total probability of failure P(F|e) = }_ P(F|E;, €) P(E;|€) becomes insignificant.

Computationally, we can use this reasoning to keep computations tractable by first
evaluating P(g,) and skipping the evaluation of the conditional posterior probabilities
of failure (i.e., P(F;|E;, €) for very low values of for example P(g,) < 1075. At the same
time, the posterior scenario probabilities are set to zero. Table 6.4 illustrates how this
approach works out for the present case study. The highly unlikely observations use to be
the ones where in the posterior analysis of a scenario with blanket layer the observation
was "generated" by a scenario without blanket and vice versa. Note that the same holds
for other types of scenarios as described in 3.3.3 as for example the uncertain in the
location of a potential entry point.

Table 6.4: Case study field observations: posterior stratification scenario probabilities and the influence of a
blanket layer

OBSERVATION-GENERATING SCENARIO
ANALYZED SCENARIO blanket no blanket
blanket normal analysis P(Eile)=0
no blanket P(Eijle)=0 normal analysis

6.4.3. RELIABILITY INDEX PER STRATIFICATION SCENARIO

Figure 6.18 shows the pre-posterior distributions of the reliability indices for uplift,heave,
piping and failure per stratification scenario for observations with a significant likeli-
hood as explained in section 6.4.2. Consequently, only the realisations of the future mea-
surements from scenarios with blanket layer influence each other, the same holds for the
no blanket layer scenarios. As a result, the expected value of the reliability index in E;
is lower than the prior because it is influenced by scenario E», which is characterized by
more unfavorable conditions (i.e., a higher prior probability of failure.). The inverse is
true for E,. Qualitatively, the same holds for scenarios E3 and E4, only that the mean
posterior reliability index stays much closer to the prior.

An important observation for the decision analysis is that there is significant spread
in the posterior fBs as already illustrated in section 6.2.6. Roughly speaking, the likely
range of change in terms of reliability index is plus minus 0.5, which is equivalent to a
range of one order of magnitude in terms of probability of failure.
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Figure 6.18: Application example head monitoring: density plots of pre-posterior realisations of posterior re-
liability indices per stratification scenario for a random future water level and measurement error (1 year of
monitoring).
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Figure 6.19: Application example head monitoring: realisations of posterior scenario probabilities for a ran-
dom future water level (1 year of monitoring)

The pre-posterior stratification probabilities in Figure 6.19 also reflect the impor-
tance of the shifts in scenario probabilities, especially due to highly unlikely observa-
tions as outlined in 6.4.2. The histograms of all scenarios show a significant bin with
zero posterior probabilities, which can be explained as follows. Both, E; and E, exhibit
approximately a 20% probability of "being excluded" by the posterior analysis. That is
exactly the sum of the prior probabilities of scenarios E3 and E4 (P(E3) + P(E4) = 0.2). As
explained earlier observations generated from no blanket-scenarios lead to practically
zero likelihood for scenarios with blanket. Again, the inverse holds for E3 and Es, which
obtain zero posterior probability with an 80% chance. This implies that after posterior
analysis there are only two scenario sets left, either E; and E» or E3 and Ej.

Furthermore, subfigures (c) and (d) of Figure 6.19 show no variation in the poste-
rior scenario probabilities (except for the zero probabilities). This results from the fact
that for both scenarios one would measure the same head, namely the surface level
(¢m = hg). Hence, a measurement cannot help to distinguish between the two scenarios
in terms of relative likelihood. The only effect is that P(E3) and P(E,) are normalized to
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sum up to one. This is different for E; and E,, where the measured head is more plausi-
ble for one scenario than for the other. Also notice that, except for the zero probabilities,
the histograms of E; and E, and of E3 and E4 are mirror images of each other, which
makes sense because they need to sum up to one (to be proper PMF of mutually exclu-
sive scenarios).

6.4.4. PRE-POSTERIOR RELIABILITY

The distributions of the "total" pre-posterior reliability indices (i.e., "weighted" by the
scenario probabilities) reflect the combination of the conditional posterior reliability in-
dices per scenario and the and the posterior scenario probabilities. All distributions, for
uplift, piping and failure are two-modal, reflecting the differences between blanket- and
no blanket-scenarios”. The left modes of the piping and failure distribution stem from
scenarios E3 and Ej4, while the right part comes from E; and E,.

Notice that integrating out the uncertainty in the posterior reliability we obtain a
Bayesian estimate of the posterior reliability, which is exactly the same as the prior (as
discussed and exemplified in 4.1.5). However, for the decision analysis, we conclude that
there is a 5% probability that the posterior reliability will comply with the target value:

P[P(Fyle) < Pr,u]l = 5%
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Figure 6.20: Application example head monitoring: density plots of pre-posterior realisations of posterior reli-
ability indices for all scenarios for a random future water level and measurement error (1 year of monitoring). A
part of the density of the pre-posterior uplift reliability ;| is below zero and left out for better representation
of the relevant B-regions.

ZNotice that as indicated in the figure caption the left part of the posterior uplift reliability index distribution
is not displayed in the figure, it is somewhere around -5.
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6.4.5. INVESTMENT DECISION

The general approach to the decision analysis based on expected cost and benefit-cost
ratio has already been discussed in 6.2.6 and is not repeated here. However, in a realistic
setting we should consider the following additional aspects:

1. The retrofitting cost may vary depending on the "degree of lack of safety" (i.e., the
difference between posterior and target reliability).

2. The retrofitting cost may also depend on the changes in scenario probabilities,
since for specific scenarios, the retrofitting options may differ considerably be-
tween the two. For example, while for some scenarios an increase in berm length
may be effective, in other cases vertical seepage screens can be the better option.

There is no general recipe for analyzing these cost aspects other than consequently ap-
plying pre-posterior and decision analysis while using appropriate cost (functions) for
the situation at hand. In the Monte Carlo approach followed in this thesis, this implies
finding a optimal design for each pre-posterior realization and computing its (expected)
cost.

6.4.6. PRE-POSTERIOR ANALYSIS SUMMARY

The pre-posterior analysis nicely illustrates that based on prior knowledge, the expected
future measurement is rather uncertain, especially due to the different stratification sce-
narios. In the spre-posterior analysis with the uncertain future observation this leads
to "highly unlikely observations" or ranges of measurements. For measurements in a
certain range, some stratification scenarios are highly implausible and obtain a poste-
rior probability of practically zero. This confirms our intuition that if we have scenarios
that would lead to considerably different measurement outcomes, monitoring helps in
"ruling out" some of them. As pointed out earlier, this discrete type of uncertainty again
proves to be more important than the uncertainty in resistance properties "within" a
scenario (i.e., the conditional probability distributions given a scenario).

Furthermore, this realistic case demonstrates that investments in monitoring can
pay out because there is a reasonable chance that the levee section under considera-
tion can be proven to fulfil the target reliability. The main effects are the "ruling out" of
scenarios and the considerable differences in monitoring versus retrofitting cost.

6.5. CONCLUSIONS

His chapter has demonstrated how pore pressure monitoring can be used for relia-

bility updating and how decisions on monitoring investments can be supported by
pre-posterior analysis. First, the concept was illustrated for a simplified uplift model
with an expert judgment damping factor. Subsequently, the method was elaborated for
state-of-the-art uplift and piping models including system reliability aspects. In con-
trast to chapter 5, pore pressure measurements provide equality type of information, for
which the method by Straub (2011) was applied in the reliability updating.
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The following conclusions are based on the findings in this chapter:

1.

Uplift, heave and piping reliability are very sensitive to pore pressure information,
because the geohydrological conditions - the main drivers of these mechanisms -
are usually highly uncertain. Both, the simplified example (6.2) as well as the ap-
plication example (6.3 and 6.4) show that reliability updating based on monitoring
can change the probability of failure up to orders of magnitude, depending on the
degree of prior uncertainty.

. Itisimportant to realize that an observation is not only the pore pressure measure-

ment itself but also the loading which triggered it, in this case the water level. That
implies that measurement uncertainties of both the measured head and the water
level need to be accounted for. The higher the measurement error, the weaker the
information and the smaller the change in reliability.

As shown in the simplified example, only the variables affecting the observation
are updated. The reliability updating method takes care of this inherently. On the
other hand, the analyst himself needs to take care that only reducible uncertainties
are updated. For example, the water level distribution needs to remain unaffected
in posterior analysis. This implies that it needs to be modelled as a random pro-
cess rather than most soil properties, which are usually treated as time-invariant
random variables.

The posterior analysis method to deal with equality type of information presented
by Straub (2011) has proven to be easy to implement and work very well with the
Monte Carlo approach followed in this thesis. The only drawback with (crude)
MCS is that high reliability together with rather unlikely observations lead to even
more unlikely intersection terms (i.e., P(failurenobservation)), which can lead
to very high numbers of required realisations. In those situations, the use of more
efficient techniques such as Subset Simulations is recommendable.

Observing the unexpected causes significant changes in posterior probability, where
unexpected means unlikely based on prior uncertainties. Where the prior uncer-
tainties include scenarios that lead to very different geohydrological responses, an
observation is most likely unexpected for at least some of these scenarios, which
can then be "ruled out". Similarly, the uncertainty in highly uncertain geohydro-
logically important parameters (within scenarios) can be reduced significantly as
shown in 6.2.

Since in pre-posterior analysis we use prior probabilities as input, we actually ex-
pect to observe the expected. In fact, integrating out the uncertainties in the future
posterior reliability leads to the prior reliability. However, the spread or distribu-
tion of the (pre-)posterior reliability can make a significant difference for the deci-
sion, because the consequences (here: cost) for each posterior reliability can vary
considerably.

Since the difference between monitoring and retrofitting cost uses to be large (i.e.,
several order of magnitude), even a small chance of "success", which in this case is
avoiding retrofitting or reducing its cost, can make monitoring very cost-effective.



SOUNDINGS

You pay for a site investigation, whether you have one or not.

Institution of Civil Engineers (1991)

Figure 7.1: CPT-cone

The most obvious form of reducing ground-related piping uncertainties is site investiga-
tion. Since stratification is very important, this chapter focuses on in-situ soundings (e.g.,
CPT, borings). The objective is to show how they can reduce uncertainties and how they
can be planned cost-effectively. After an overview of the piping-relevant information pro-
vided by soundings in section 7.1, two types of investigation are addressed in detail. The
first one is detection of anomalies (adverse geological details). An example addressing the
potential existence of sand lenses in section 7.2 highlights the most important features in
anomaly detection. Section 7.3 elaborates on uncertainties in the blanket thickness and
the related location of potential entry or exit points as well as the seepage length. A ficti-
tious but realistic example demonstrates how such these uncertainties can be reduced by
using Kriging analysis and conditional random field simulation to update the reliability.

Some of the material in this chapter has been published in: Schweckendiek, T., Gelder, PH.A.J.M. van & Calle,
E.O.E (2011). On risk-based geotechnical site investigation of flood defenses. In Faber, Koehler, & Nishijima
(Eds.), Applications of Statistics and Probability in Civil Engineering (ICASP 11), Zurich, Switzerland.
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Figure 7.2: Typical CPT-data from the Dutch riverine area indicating a low-permeability blanket overlying an
aquifer (sand).

7.1. INFORMATION PROVIDED BY SOUNDINGS
HIS section gives a brief overview of the information provided by CPTs (see Figure
7.2) and borings which can be used for inference of piping-relevant properties, the
most important of which is certainly the stratification.

7.1.1. STRATIFICATION

The most important and straightforward information to obtain from soundings with
respect to piping is the mapping of aquitards (low permeability) and aquifers (high-
permeability).

INFERENCE OF STRATIFICATION FROM CPT

There are various methods in the literature which allow the identification and delin-
eation of geological deposits, at least in terms of the main types of soft soils, i.e. sand,
clay and peat, based on tip resistance, sleeve friction and/or pore pressures. An exten-
sive overview is provided by Fellenius and Eslami (2000); Figure 7.3 shows an example of
a widely-used CPT interpretation or profiling chart by Robertson (1990).
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Figure 7.3: CPT profiling chart per Robertson (1990) based on cone resistance and friction ratio

The method most commonly used in the Netherlands is the one described in CUR
(1992), which in essence boils down to that cone resistance values above roughly 2 MPa
are interpreted as sand, while for lower values the distinction between clay and peat
is made based on the friction ratio (i.e. low values indicate clay whereas high values
indicate peat or organic material).

GEOMETRY OF STRATA BOUNDARIES

Being able to identify or at least distinguish soil deposits based on CPTs or bore logs, we
also have information on the boundaries between those geological units, at least at the
location of the sounding (i.e., along a vertical line). In order to infer 2D or 3D geometrical
models of the subsurface, we need to interpolate between the exploration points in some
way. Ideally, (engineering) geologists are involved in order to introduce (local) geological
knowledge in the interpolation as much as possible.

Where either the available data or expert knowledge allow for a spatial statistical
characterization, techniques such as Kriging (e.g., Krige, 1951; Cressie, 1990) or random
field simulation (Vanmarcke, 1983) can be used for estimation, reliability analysis or de-
cision support. As we have seen so far, in terms of subsurface geometry, the most influ-
ential uncertain variable is the thickness of the blanket layer. Sections 7.4 and 7.5 will
provide the theory and an exemplary case respectively on how such techniques can be
used for uncertainty reduction and reliability updating using CPT-data, as well as how
decision analysis can be used in site investigation planning, for example by optimizing
sampling grids.

DETECTION OF ANOMALIES

Anomalies, also called adverse geological details, are a special case of the identification
and localization as described above because of their local nature in an otherwise pre-
dominantly horizontally layered environment. As pointed out in section 3.3.3, the most
important type of anomaly for piping is a sand lens, usually an old river channel, which
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causes thin, weak spots in the cohesive blankets or even shortens the length of the seep-
age path. In section 7.2 we will see how anomaly detection problems can be approached
by means of pre-posterior analysis.

7.1.2. SOIL PROPERTIES
The piping-relevant soil properties in terms of the models described in chapter 3 are:

* ¥sar KN/m3]: saturated volumetric weight of the blanket layer
* do [m]: 70%-fractile of the grain size distribution of the piping-sensitive layer
° k [m/s]: specific conductivity of the aquifer

* ky [m/s]: specific conductivity of the hinterland blanket

While most of these properties can be analyzed using laboratory testing on samples ob-
tained by borings, the correlations of CPT data with these properties are highly uncer-
tain. For the properties of interest, the only parameter which can reasonably be inferred
from CPT is permeability (e.g., Robertson, 2010), even though we need to bear in mind
that the corresponding techniques are suitable to estimate permeability rather locally,
while for piping we would need the representative value for a larger volume. Of course,
one may infer parameters indirectly, by combining local geological knowledge with CPT
logs in order to identify the stratification first (e.g., Cetin and Ozan, 2009) and assign
values to the respective units or strata based on local or regional experience.

7.1.3. SUMMARY

Since we expect most impact from incorporating information on the blanket thickness,
the seepage length and the related anomaly issues, the remainder of this chapter will
focus on stratification-related uncertainties rather than on updating of soil properties,
the inference of which from in-situ soundings is highly uncertain.

Figure 7.4: Overview of sand channels in the Dutch Rhine-Meuse delta. The warmer colors indicate younger
deposits. Source: Universiteit Utrecht, Dept. Fysische Geografie, K.M. Cohen & E. Stouthamer, 2012.
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7.2. DETECTION OF SAND LENSES

A S pointed out in 3.4, adverse geological details such as shallow sand lenses or chan-
nels (Figure 7.4) can dominate the probability of failure. Both the conditional prob-

ability of failure as well as the probability of their presence have an influence on the

relative importance of such phenomena in piping reliability. Both can be influenced by

site investigation.

The following example addresses the detection of adverse geological details or, in
fact, the updating of the probability of their existence. The example is simplified for the
sake of illustrating the basic concepts and features in reliability updating for this kind
of problem. The goal is to determine the optimal sounding interval using pre-posterior
analysis and to decide whether investing in (additional) soundings is sensible at all.

7.2.1. EXAMPLE DESCRIPTION AND PARAMETERS

Figure 7.5 illustrates the hypothetical conditions in this example: subfigure a) represents
the ground profile interpreted from site investigation where a blanket layer is (continu-
ously) present in the levee section under consideration while subfigure b) shows a sit-
uation where a shallow sand lens cuts through the blanket. The latter is a weak spot
for piping. We consider a levee reach of 1 km length, suppose that the conditional an-
nual probabilities of failure for that reach are P(F |A) =1075 and P(F|A) = 107!, where A
(anomaly) stands for the stratification scenario with sand lens and Afor its complement,
the stratification without sand lens.

- N levee levee
/< blanket (aquitard) A S5 EEEEEEEEES
aquifer aquifer
a) Stratification Scenario Without Sand Lens longitudinal section
- S _ levee levee
aquifer aquifer
b) Stratification Scenario With Sand Lens (Anomaly) longitudinal section

Figure 7.5: Anomaly detection example - possible ground profiles for a piping assessment
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Suppose that the target annual probability of failure is pr = 1073 so that dike would
be safe without sand lens (A) and unsafe with it (A). The probability of such an anomaly
in the given reach is estimated (e.g., by engineering geologists) to be P(A) = 0.1, which
implies that the current situation is considered unsafe, since

P(F) = P(F|A)P(A) + P(FIA)P(A) = 1072 > pr =107° (7.1)

We consider two options to improve piping safety: site investigation with soundings to
detect potential sand lenses or building a berm which would provide sufficient safety
regardless of the presence of a sand lens. Figure 7.6 illustrates the considered decision
problem:

1. Do Nothing: As discussed, doing nothing is not acceptable, as the current (prior)
reliability does not meet the target.

2. Retrofitting: Reinforcing the dike by building a berm in order to make it safe re-

gardless of the presence of sand lenses would cost Cpe;,, = 500 k€. For the sake of
illustration, we assume that the berm is built over the entire length.

3. Site Investigation: The cost of doing site investigation by means of soundings with
an interval d; [m] would be Ccpr = 1000/d; [k€] (supposing the cost of one CPT
to be 1 k€). The cost of this decision option depends on the outcome:

e No Detection (D): If no sand lens is detected, there is only the site investiga-
tion cost;

e Detection (D): If a sand lens is detected, the total cost will be the cost of site
investigation plus the cost of the berm.

el retrofitting (berm)

-> reinforcement: Cggry

no sand lens detected
-> dike safe: Ccpr

sand lens detected
-> reinforcement: Ccpr+Cgerm

Figure 7.6: Anomaly detection example - decision tree

The potentially present sand lens is characterized by a detectable' width B with
mean value pyp = 50 m and standard deviation op = 15 m (i.e., Vg = 30%). We neglect
the possibility of several sand lenses being present in the reach.

INotice that sand lenses like old river channels can cross the levee in any direction, not only perpendicular.
That means the the detectable width may be greater than the actual width of the lens or channel.
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Based on the information provided, the following issues will be discussed in the remain-
der of this section:

1. How can the probability of the stratification scenarios be influenced by posterior
analysis using the outcomes of soundings (i.e., P(A|D))?

2. What is the optimal sounding interval d?

3. What are the expected costs of the two decision options (site investigation versus
retrofitting)?

7.2.2. PROBABILITY OF DETECTION (POD)

For the posterior analysis we need to assess the updated probability of an anomaly, given
no sand lens is detected”, which is given by Bayes’ rule: P(A|D) « P(D|A)P(A). That
means that we need to assess the probability of missing a sand lens P(D|A) or its com-
plement, the probability of detection P(D|A), commonly abbreviated as PoD.

Figure 7.7 illustrates our geometrically motivated probabilistic detection model, in
which the PoD is the probability that the sum of the distance to the closest sounding a
[m] (on the left) and the lens width B [m] exceed the inter-sounding distance d; [m]:

P(D|A)=P(a+B>ds) (7.2)

In the absence of information on the location of a sand lens relative to the closest sound-

| a | B (detectable width) |
|
CPT, ‘ CPTi ‘

anomaly

d, |
(soundings interval) I

Figure 7.7: Anomaly detection example - definitions for the probability of detection (PoD)

2Notice that we assume perfect accuracy for detecting sand lenses with the soundings, i.e. no false positives
nor false negatives, which implies that the probability of an anomaly in case of detection equals one.
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ing, the PDF of a is uniform between 0 and d; (i.e., f,(£) = 1/d;) and the PoD becomes

1 B> d;
P(D|A) = {B/d B<d (7.3)
S — )
d“f
= P(B>d)+ f = fao)dg (7.4)
0 )
dsé
= 1-Fg(dy)+ f d—fB(f)dé (7.5)
S
0

where fp(¢) is the PDF of the detectable width B. Consequently, the probability of miss-
ing the sand lens is

ds
P(D|A) =1~ P(D|A) =FB(ds)—fdifB(€)df (7.6)
0 N

Figure 7.8 shows how the probability of missing a potentially present sand lens decreases
with decreasing sounding interval d; for different types of probability distributions (see
analytical derivations in appendix I) attributed to the detectable width B. The Nor-
mal distribution exhibits some unrealistic behaviour for very small distances, which is
avoided by choosing a distribution that have zero probability below zero distance like
Truncated Normal or Lognormal. The remainder of the example will work with a Log-
normal distribution, since that seems the most realistic choice (i.e., non-negative and
small probabilities for short intervals).

10
<107t
a
a .
| -4
110 4? Normal 1

““““ Truncated Normal
Lognormal
10° : ‘ ‘ ‘
0 20 40 60 80 100

d_ [m]

Figure 7.8: Probability of missing a sand lens with width B (ug = 50m, o g = 15m)]) as function of the sounding
interval d; for different PDF assumptions of B.
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7.2.3. POSTERIOR ANOMALY PROBABILITY
The change of the probability of failure as a function of the soil investigation outcome
can be considered by using the updated scenario probability of a sand lens (given no

detection) in Bayes’ rule:
- P(DIAPA)
P(AID) = —— (7.7)
P(D)
where P(D) is the (prior) probability of the observation (i.e, of not detecting any sand
lens),which itself can be determined using the law of total probability:

P(D)=P(D|A)P(A) + P(D|A)P(A) = P(D|A)P(A) + P(A) (7.8)

Notice that P(D|A) = 1 ,since where there is no sand lens none will be detected. Thus, the
posterior probability of a sand lens only depends on the probability of detection P(D|A)
and on the prior P(A). Figure 7.9 shows that the updated probability of a sand lens
(P(A|D)) drops with increasing investigation density (i.e., decreasing ds). The decrease
in probability becomes very noticeable for ds < ug. For dg = 100m, a value often used
in site investigations for Dutch levees, the probability of a sand lens with the assumed
dimensions would be hardly affected.

10° :

107 i : :

~—
—
—
. ]

Probability
[
o

107} P(-= DIA) |5
——P(AJ- D)
Y - - -P(D)
10 : : :
50 100 150 200

d_ [m]

Figure 7.9: Anomaly detection example - posterior probability of non-detection (given an anomaly), of a sand
lens (width B ~ LN (50, 15)) and of detection as functions of the sounding interval (- in the legend is the nega-
tion sign)

7.2.4. POSTERIOR PROBABILITY OF FAILURE
The probability of failure, our actual quantity of interest, strongly depends on the prob-
ability of a sand lens as equation 7.9 illustrates.

P(F) = P(F|A)P(A) + P(F|A)P(A) (7.9)

where P(A) is either the prior probability of a sand lens for a prior assessment or P(A|D)
for a posterior assessment in case nothing is detected (and P(A) similarly). Opting for
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site investigation only makes sense if the probability of failure can drop below the target
value pr, which implies:

pr— P(F|A)

P(F|D PAD) < ——MM—
(FID)< pr < P(A| )<P(F|A)_P(F|A)

(7.10)
Planning a site investigation unable to meet the requirement stated in Eq. 7.10 is not sen-
sible, because retrofitting would be needed even though no anomaly is detected. For the
present example, the requirement is P(A|D) < 9.9-1073 (annual probability). If the prob-
ability of failure without anomaly is very small (i.e., P(F |A < pr), the required P(A|D)
approaches the ratio pr/P(F|A).

The continuous black line in Figure 7.10 represents the posterior probability of fail-
ure conditional on non-detection P(F|D) (in the figure denoted as P(F|—D)). At a sound-
ing interval of d; ~ 44m P(F|D) drops below the target value, which represents the min-
imum site investigation density, or the maximum inter-sounding distance. At the same
distance of ds = 44m, the posterior probability of an anomaly is approximately P(A|D) =
1072, which corresponds with equation 7.10.

1

10

1072} i
2
o 3
T 10 fr A mim i m
o
o

» P(Al- D)
1 L 4
0 —— P(F|- D)
- - - pT
50 100 150 200

d_m]

Figure 7.10: Anomaly detection example - updated probability of failure as a function of the sounding interval
(anomaly width B ~ LN(50,15); = in the legend is the negation sign)

7.2.5. EXPECTED COSTS

From the previous section (7.2.4) we know what our maximum sounding interval is and
by simple reasoning we can conclude that the same interval will also be the optimum
value. Working with ds = 44m and not finding an anomaly will already lead to meeting
the target reliability, higher sampling density will only lead to higher site investigation
cost but cannot lower the retrofitting cost any further’.

3The independence of the retrofitting cost of the site investigation density is a simplifying assumption in this
example; in reality there may well be a dependence. Therefore the conclusion that there is a minimum site
investigation density equal to the optimum cannot be generalized based on the present findings.
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Figure 7.11: Anomaly detection example - costs as a function of the sounding interval (anomaly width B ~
LN(50,15)). The black and dark grey represent the cost of the berm and the cost of the berm plus soundings
respectively. The light-grey line shows the total cost for the decision option site investigation (SI) provided
no anomaly is detected. The dashed black line is the expected cost of the decision option SI including the
probability of detection. The optimum is found at the lowest expected cost (black circle).

Though unnecessary for finding the optimal sounding interval dy, it is instructive to
investigate the conditional and expected cost for the considered decision options. The
medium gray line in Figure 7.11 shows the conditional cost of the decision option to do
site investigation for detecting an anomaly, which is the sum of the site investigation
cost (Ccpr) and the retrofitting cost (Cpe, ). For non-detection the conditional cost of
the site investigation option C 5 is equal to the outcome with detection for values of
ds greater than 44m due to the reason discussed eatlier. It drops, however to only the
site investigation cost below 44m. The dashed black line shows the expected cost for
choosing site investigation, thus including the probability of non-detection: P(D) (.e.,
the "probability of success"). Clearly, the minimum expected cost is confirmed to be at
the optimum sounding interval of ds =~ 44m.

For the sake of clarification, we approach the same problem also from a mathematical-
analytical point of view. The expected cost of site investigation (see also the decision tree
in Fig. 7.6) is given by:

CcprP(D) + (Ccpr + Cherm)P(D) = Cepr + ChermP(D)  ds < d

N (7.11)
Ccrr + Cherm ds> ds

E[Cs] ={

where
d; = argm;x[P(FlD) <pr] (7.12)
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For d; < d, the probability of non-detection is the probability of success. Also note
that both, Ccpr and P(D) depend on d;, P(D) being defined by:

P(D)=P(D|A)P(A) + P(D|A)P(A) = P(D|A)P(A) (7.13)

The optimum CPT-distance is found to be d; = 44m, for which the expected cost is
E[C,](d]) = 450 k€. As the expected cost of site investigation is lower than the cost of
retrofitting, a risk-neutral decision maker would prefer to "take his chances" with site
investigation over the "safe" option of retrofitting right away.

7.2.6. BENEFIT-COST RATIO (BCR)

25
20f 1
L 15} 1
&
Q 10 1
5 4
0
50 100 150 200
d_ [m]

Figure 7.12: Anomaly detection example - benefit-cost ratio (BCR) as a function of the sounding interval
(anomaly width B ~ LN(50, 15))

Benefit-cost ratios (BCR) are an alternative way to express the cost-effectiveness of
investments. In order to estimate BCRs, we need to define what we consider as costs
and benefits, which is rather arbitrary. Considering site investigation as the investment,
hence cost, the benefit would be the avoided unnecessary retrofitting cost. Using this
approach, the present values of the benefits (PVB) and the costs (PVC) and their ratio for
doing site investigation can be defined as:

PVB _PD)C,

BCR=—==
pPVC Cs

(7.14)
where PV stands for "present value", even though in this example discounting is as-
sumed negligible, because both benefits and costs would be realised practically immedi-
ately. While the cost in this definition is certain, the benefit is uncertain and depends on
the outcome of the soundings. Figure 7.12 shows the BCR as function of the sounding
interval, which assumes its maximum value of BCR = 19.8 at the previously determined
optimum d; .
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7.2.7. OPTIMAL SITE INVESTIGATION DENSITY

Considering the insights hitherto regarding the minimal and, at the same time, optimal
site investigation density, for the assumptions in this example a shorter and more elegant
way to determine the optimal distance d; is the following inverse reasoning:

1. Determine the maximum acceptable posterior probability of a sand lens (given no
detection):

pr — P(F|A)
Pypg= —d Y 7.15
AIDT™ p(E|A) - P(F|A) (7.15)

where P(F|A) < Py 1 < P(F|A).
2. The maximum acceptable probability of missing a sand lens is then given by:

S PyprP(D)  Pypr(P(DIA)P(A) +P(A)
DIAT™  pa P(A)

(7.16)

3. Combining Eqgs. 7.6 and 7.16 it follows that d; is the maximum d; satisfying the
constraint: .,
P(A) [ &7 fy(©dé
Pupr = — (7.17)
P(A)+P(A) [ &% fp(©ae
0

This demonstrates that under specific conditions an optimal site investigation density
or scope can be found rather directly. The above derivation is in fact the elaboration of
Equation 7.12.

7.2.8. SENSITIVITY ANALYSIS
The optimal distance d; and the corresponding (minimum) expected cost depend on
the prior probability P(A). Since determining P(A) necessarily involves subjectivity, it is
interesting to examine the sensitivity of the results with respect to it. Figure 7.13 shows
d{ as well as the conditional and expected cost of the decision option site investigation
as functions of the prior P(A). This illustrates that the whole decision problem becomes
trivial, if P(A) < Py p qam = 0.009, because, neither site investigation nor reinforcement
are necessary. Furthermore, choosing site investigation is practically always the better
choice, because its expected cost is lower than the cost of reinforcement. Only if we
were quite sure from the beginning to encounter a sand lens (P(A) 2 0.92), immediate
retrofitting is preferable from a cost-effectiveness point of view.

Of course, the results are also sensitive to the (probability distribution of the) anomaly
width. The results cannot be generalized for any type and size of anomaly.
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Figure 7.13: Dependence of the optimal CPT-distance and the expected costs on the prior probability of a sand
lens (width B ~ LN(50,15))

7.2.9. DISCUSSION

This simplified fictitious example has demonstrated conceptually how soundings can be
used for anomaly detection. The basic trade-off is that an investment in site investiga-
tion can lower the cost of retrofitting’ with a certain chance of success. Using our prior
beliefs, we can analyze the problem in a pre-posterior way to optimize the site investiga-
tion and to decide whether the investment is cost-effective at all.

It is important to realize that the probability of "false negatives", here the proba-
bility of non-detection given the presence of an anomaly P(D|A), drives the decision
rather than the probability of "true positives", which would be the probability of detec-
tion P(D|A). This is interesting because intuitively we tend to do our best to detect of
phenomena rather than making sure they are really not there.

Even though the sampling density needs to be rather high in this example with the
sounding distance close to the mean value of the anomaly width, the benefit-cost ratio is
still high (almost twenty). Furthermore, the probability of "success" (i.e., non-detection)
is almost 90%, which means that using soundings to confirm the likely outcome of the
absence anomalies would be a sensible decision.

We conclude this example with a critical note. The simplifications in the assump-
tions have led to a paradoxical situation, namely that we would never choose to do more
site investigation than strictly needed (d;). Even if soundings were free of cost, the ex-
pected cost of the decision option site investigation increases with decreasing ds. This is
an artifact of working with admissible probabilities of failure. The benefits of risk reduc-
tion by a higher reliability than required by the norm are not quantified in this frame-
work, which is a clear limitation leading to suboptimal decision compared to fully risk-
based approaches.

4Notice that, while in the example the possibilities were full or zero retrofitting cost only, in real-world exam-
ples the cost may also be anything in between (or even higher than the a-priori retrofitting cost in case of
unfavorable outcomes of the site investigation).
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7.3. BLANKET THICKNESS AND SEEPAGE LENGTH

PART from adverse geological details and stratification scenarios addressing the geo-

hydrology and the aquifer, the next most important uncertainty in piping to be re-
duced by soundings may be in the blanket thickness on the land-side of the levee, as
this affects the location of potential exit points and the length of the seepage path. This
section elaborates on modeling the blanket thickness as a two-dimensional random field
and on reliability updating with additional soundings using Kriging and conditional sim-
ulation. While in the previous section rather simplistic assumptions were made for the
probability of piping failure, this section develops a more realistic approach using the
actual reliability models as discussed in chapter 3.

7.3.1. RANDOM FIELD MODELING OF THE BLANKET

The aim of this section is to show how uplift, heave and piping reliability can be modeled
taking into account the spatial variability of a statistically homogeneous blanket layer
(in terms of thickness). This will be demonstrated by a realistic but fictitious example;
the modeling of the scale of fluctuation and the random fields is discussed below. The
general theory on random field modeling in a geotechnical context has been extensively
discussed in the literature (see e.g. Vanmarcke 1983; Fenton and Griffiths 2008) and is
not repeated here; the sections below only provide the most important definitions and
concepts to understand the example treated in sections 7.4 and 7.5.

Wide-sense Stationarity The horizontal 2D random field used to represent the spatial
variability of the thickness of the blanket layer is assumed modeled as wide-sense
stationary, implying that (a) the mean and variance of the field are constant and
(b) that the correlation between two points is solely a function of their separation
distance.

Isotropy in the horizontal plane Furthermore, the random field is assumed to be isotropic
in the horizontal plane, which implies that the auto-correlation distance or scale
of fluctuation is equal for all directions in the horizontal plane, i.e. it is invariant
under rotation. In fact, isotropy implies wide-sense stationarity.

Gaussian Correlation Function We will apply the Gaussian autocorrelation function with
lag T [m] and correlation distance 6§ [m], p(7) = exp—(7/ 8)2, which seems to have
several advantages for the envisaged application (Kanning, 2012). The correlation
distance is not the same as the scale of fluctuation 3 (Vanmarcke, 1983), which
for the Gaussian model would be: 69 =6 /7.

Given the modeling assumptions above, the covariance function of a random field of
property d can be denoted as:

T\2
Cald(tr), d(t2)] = Callty = tz1) = Ca7) = 0% palr) = oy exp—( ) (7.18)
where t; and t, are the respective two-dimensional coordinates of two points (i.e., t;
has components ¢; x and f; ) and 7 is the vector representing their difference. Kanning
(2012) also showed that a correlation distance for the thickness of the blanket layer of
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200m is a reasonable assumption for Dutch conditions. This value will be used for the
fictitious examples.

7.3.2. SIMULATION AND UPDATING
The modeling of the thickness of the blanket layer as a two-dimensional random field
will imply unconditional as well as conditional simulation along with kriging. This sec-
tion provides a brief description of the applied techniques.

All figures showing plots of random fields in this section are top views of the blanket
layer thickness from the levee toe landward as illustrated in Figure 7.14.
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Figure 7.14: Position of the random field of the blanket thickness (red) with respect to the levee in (a) top view
and (b) cross section.

UNCONDITIONAL SIMULATION

We speak of unconditional simulation when generating realisations of the random field
solely based on the field parameters (i.e., mean, variance and correlation distance) with-
out any local observations. The respective technique used in this thesis is Local Average
Subdivision (LAS; Fenton 1990). Figure 7.15 shows an unconditional realisation of a ran-
dom field with properties as described in section 7.3.1 above.

Unconditional simulation may be useful in reliability analysis, where no local prior infor-
mation is available but the field parameters of interest can be estimated from regional
data or expert elicitation. Where local data are available, geostatistical techniques like
Kriging or conditional simulation are more appropriate.
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Figure 7.15: Unconditional Realisation of a Random Field with Mean p =5.0m, Standard Deviation o =1.0m
and Correlation Distance § =200m (Top View, Levee Toe at y = 0m)

KRIGING

Kriging is a BLUE (Best Linear Unbiased Estimator) which allows us to estimate a prop-
erty at an arbitrary location based on observations of the same property at other loca-
tions in a statistically homogeneous field with known or estimated field parameters. The
estimate and variance for Simple Kriging for our quantity of interest, the thickness of the
blanket layer, are given by:

dx) = pd+z/1i(d(xi)—pd) (7.19)

Varldx) — dx)]

o —Z/licd (X; —X) (7.20)

wherex; (i = 1...n are the locations of known property values, Cy is the covariance func-
tion and A; are the Kriging weights (i.e., Lagrange multipliers) obtained by solving the
so-called Kriging System:

Y 2;Calx; —xj) = Ca((x; —X) (7.21)
J

In the examples and cases in this thesis we will use Simple Kriging (when the field mean
is assumed to be known) and Ordinary Kriging (when the field mean is assumed to be
unknown). For descriptions of Kriging techniques the reader is referred to the literature
(e.g., Journel and Huijbregts, 1978).

In order to illustrate spatial estimation with Kriging, suppose the field in Figure 7.15
is the true field and we have measurements from a regular grid every 50m (in both direc-
tions). Figure 7.16 illustrates that the kriged field looks similar to the supposed true field
only less variable, as it represents the best estimate not the spatial variability.

Kriging is computationally relatively inexpensive, however, it is commonly applied
to so-called "point processes". Where the function to be estimated depends not only on
the value of a property locally but also on its values elsewhere), the use of Kriging is not
straightforward (sometimes impossible) but instead we can apply conditional simula-
tion in order to simulate random fields yet using the available data (e.g., from measure-
ments).
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Figure 7.16: Illustration Kriging estimate and error assuming the field in figure 7.15 as true and the properties
to be known at the indicated locations (top view, levee toe at x = Om)
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CONDITIONAL SIMULATION

For processes which depend not just on the property at one point in the field (so-called
"point processes") we may use conditional simulation (see Appendix J) to condition the
simulations on the measurements such that each still has the appropriate characteris-
tics in terms of variability and correlation structure as illustrated in Figure 7.17 for two
dimensions. Notice that the average of a large number of conditional realizations con-
verges to the Kriging estimate.
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Figure 7.17: Example conditional simulation, from top to bottom: (a) unconditional realisation, (b) Kriging
estimate, (c) conditional realisation (top view, levee toe at y = 0m)
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7.3.3. CRITICAL SEEPAGE LENGTH

In order to work with the Sellmeijer model for piping (see 3.2.4) when we do not work
with cross sections representative for a levee reach but model the blanket explictly as a
2D-random field, we need to choose an operational definition for the seepage length:

The seepage length L [m] is the distance between an entry and an exit point
in the considered reach”.

This definition will be used in a deterministic setting, namely in (conditional) random
field realizations of the blanket (thickness), where the potential entry or exit points are
either the foreshore or hinterland boundaries or blanket defects caused by uplift as illus-
trated in Figure 7.18.
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Figure 7.18: Illustration of the critical seepage path between the closest entry and exit points (top view)

There are 4 relevant situations to be distinguished:

1: No defect in foreshore or hinterland blanket The seepage length is the distance be-
tween the river and the far boundary of the hinterland.

2: Defect in foreshore, but not in hinterland blanket The seepage length is the distance
between the defect in the foreshore blanket and the far boundary of the hinterland.

3: No defect in foreshore, but in the hinterland blanket The seepage length is the dis-
tance between the river and the defect in the hinterland blanket.

4: Defect in foreshore and hinterland blanket The seepage length is the distance be-
tween defects in the foreshore and hinterland blanket.

In the illustrations in the remainder of this chapter we will assume an intact foreshore
(i.e., no defects leading to hydraulic contact) and potential defects by rupturing of the
hinterland blanket due to uplift, which implies that we either deal with situation 1 or 3.

5Notice that this definition does not entirely match the original assumptions of the Sellmeijer model, which
works in a vertical plane and assumes homogeneous conditions in the longitudinal direction of the levee.
Nevertheless, this model is used in this chapter for the sake of illustration in order to be consistent with the
other applications in this thesis. As for all applications in this thesis, the same concepts and techniques as
presented are also applicable to other or more sophisticated models such as internal erosion models imple-
mented in numerical analysis environments.
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The seepage length L and the (local) blanket thickness d will be evaluated with the
Sellmeijer model for all potential seepage paths to evaluate the potential for piping. The
critical seepage path is defined as the one with the lowest performance function value,
which does not necessarily coincide with the shortest seepage path (both L and d influ-
ence the performance function).

7.4. EXAMPLE UPLIFT

HIS section discusses a fictitious case which investigates the effect of soundings on

the reliability with respect to uplift heave and piping, applying the theory presented
hitherto. While this section will focus on uplift, section 7.5 will include piping as well.
This allows us to illustrate some specific aspects of working with just one local mecha-
nism (i.e., point process) first, before scaling up to the full mechanism and highlighting
other features for that situation.

7.4.1. EXAMPLE DESCRIPTION AND PARAMETERS

We consider a fictitious levee reach of length 1km assuming all variables to be uniform
in space (see Table 7.1) except the blanket thickness, which is modeled as a stationary
random field with correlation length 6 = 200m. For the sake of illustration, the assumed
true but unknown field of the blanket thickness is shown in Figure 7.22. As in previous
chapters, the limit state functions and groundwater flow model are the ones described
in section 3.2.

Designation Symbol | Unit Type Mean Std
(Parl) (Par2)
aquifer thickness D [m] Lognormal 20.0 2.0
hydraulic conductivity | k [m/s] Lognormal 1.0E-4 | 5.0E-5
grain size dro [m] Lognormal 2.0E-4 | 3.0E-5
bedding angle 0 [deg] Deterministic | 37
water level h [m] Gumbel ap=4.0 | b,=3.0
landside phreatic level | hp [m] Gaussian 1.0 0.1
blanket thickness da* [m] Lognormal 6.0 0.5
foreshore width Ly [m] Lognormal 30.0 3.0
levee footprint B [m] Deterministic | 50.0
hinterland width Ly [m] Deterministic | 1.0E+4
blanket permeability ky, [m/s] Lognormal 50E-7 | 5.0E-7
sat. vol. weight blanket | ysar [kN/m3] | Gaussian 18.0 1.0

* The correlation length of the blanket thickness d, the only
parameter treated as a random field, is 5 = 200.

Table 7.1: Soundings example: input parameters for uplift, heave and piping.

Though technically straightforward, we do not consider stratification scenarios as in ear-
lier instances, as the focus is on the influence of soundings on the blanket thickness (es-
timate). Notice that not all parameters are necessary when only uplift is considered, but
they will be used for the extension of the problem to heave and piping in section 7.5.



7.4. EXAMPLE UPLIFT 147

Starting point for the example is that the field parameters (i.e., statistics ) of the blanket
thickness are assumed to be known (e.g., by expert judgment), but no local information
is available.

7.4.2. PRIOR RELIABILITY
In the current example contemplating uplift only, we consider all random variables to
be homogeneous (i.e., fully correlated in space) except the blanket thickness, which is
modeled as a two-dimensional stationary random field. We may reformulate the limit
state function such that we compare the actual blanket thickness d [m] (resistance) with
the critical blanket thickness d. ; [m], which contains all random variables except d. To
this end, we equate the Eq. 3.5 to zero and solve for d:

dey = mey (p(Xexir) — hp) (7.22)

' My (Ysat!Yw—1)

Assuming both d and d,,, are lognormal-distributed, the local uplift reliability per grid
cell can be determined using the following analytical approach:

Aa—Ag,

Vi,

where B, is the uplift reliability index, A4, {2 o Ad. and C are the mean and standard
deviations of the exponents of the actual and the critical blanket thickness respectively
(i.e, the lognormal-transformated parameters).

Figure 7.19 shows how a-priori the mean blanket thickness is constant, while the
mean critical thickness (the equivalent load variable) decreases with increasing distance
from the toe. Consistently, the resulting reliability index increases with increasing dis-
tance from the toe, that is the probability of uplift decreases.

Bu= (7.23)

— 4
Hy (critical)
cu
3
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Figure 7.19: Soundings example: critical versus actual blanket thickness as function of the distance from the
levee toe (left) and prior annual reliability index for uplift assuming the load to be homogeneous in longitudinal
direction (right).

Notice that in the absence of additional information the statistics of the critical and ac-
tual blanket thickness as well as the prior uplift reliability are constant in the longitudinal
direction of the levee.
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7.4.3. POSTERIOR RELIABILITY

This section illustrates the effect of additional soundings on our estimate of d locally.
Figure 7.21 illustrates how the Kriging estimate resembles the true field more and more
as we increase the site investigation density.

Since we are ultimately interested in not only the best estimate of d, we can use the
same approach as in the previous section to obtain the local reliability by first-order ap-
proximation (see Eq. 7.23), using Kriging estimate and variance for the probability distri-
bution of d. Figure 7.22 shows how Kriging based on a CPT-distance of 100m influences
the reliability with respect to uplift. Subfigure d) clearly depicts that by updating the up-
lift reliability can increase as well as decrease locally. In essence, uncertainty is replaced
by "known" strong and weak spots (see subfigure a)). The effect of updating is more
pronounced close to the levee toe than far away from it, or in other words, the effect is
greater in the regions of an a-priori relatively high probability of failure. Similarly, Figure
7.20 shows that the longitudinally averaged annual posterior reliability index does not
move away significantly from the prior.

4.5 4.5
prior (d as RV)
4 4 posterior, average
35 = = = posterior, minimum
T 3
25 memm=---=c-=-=
2 prior (d as RV) 2
1.5 posterior, average |/ 15
= = =posterior, minimum
1 1
0 100 200 300 0 50 100 150 200 250
Xoit [m] (distance from the levee toe) d - [m]

Figure 7.20: Soundings example: prior and posterior annual uplift reliability index obtained by Kriging based
on regular grids. Left: as function of the distance to the levee toe for a CPT-distance of 100m, right: as function
of the CPT-distance at the levee toe. The continuous line shows the average in longitudinal direction, the
dashed line shows the minima.

The dashed lines in Figure 7.20 highlight another issue so far neglected in this thesis
by working with so-called representative values for the whole levee reach for each ran-
dom variable - the effect of spatial variability on the probability of failure. The dashed
lines show the minima of the posterior reliability indices in longitudinal direction. The
minima are what we actually need to consider, when analysing the reliability of a levee
section, as failure will occur at the weakest spots. For the example at hand, the result is
that the update of the mean, which decreases in some locations, has more impact than
the reduction of the variance.
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Figure 7.21: Soundings example: Kriging estimates of the blanket thickness for different CPT-distances (50m,
100, and 200m, regular triangular grid) assuming zero measurement error (top view, levee toe at y = 0m).
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Figure 7.22: Soundings example: posterior uplift reliability index based on soundings with a distance of 100m
assuming zero measurement error (top view, levee toe at y = 0m).
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7.4.4. PRE-POSTERIOR ANALYSIS

As indicated in the previous section, we cannot expect much from pre-posterior analysis
in the given setting, unless local measures could be applied at the weak spots only (e.g.
by increasing the blanket weight locally). While in the next section we will go deeper into
this including heave and piping also, in this simplified uplift example we will only show
what the effect of total information (regarding d) would be.

Suppose we assume perfect information on d but all other random variables to be
uncertain as represented by their a-priori distributions. Furthermore, suppose we sim-
ulate a large number of MCS-realizations for the latter and propagate them through Eq.
7.22 to obtain the critical blanket thickness (d,; (xexi;)). Now we can check per realiza-
tion, if uplift occurs in at least one grid cell. The number of realizations with uplift failure
divided by the total number of realizations is the prior probability of uplift failure for the
entire reach given perfect information on d, which happens to correspond to a reliabil-
ity index of B, = 2.4. Interestingly, that is very close to the minimum posterior value we
obtained for closely spaced soundings (see Figure 7.20).

7.4.5. CONCLUDING REMARKS

The example has shown that even for uplift, in principle a point process (i.e., only de-
pendent on local conditions not the whole field), FORM analysis based on Kriging as
discussed in section 7.4.2 is not enough to obtain a posterior probability of failure for the
whole levee section. Furthermore, the Kriging results and the benchmark analysis with
the true field show that observations from soundings just replace unknown variability by
known weak spots. Hence, if the uncertainty at hand represents only spatial variability
and not epistemic uncertainty, additional investigation is unlikely to pay off, unless lo-
cal measures can be taken at the weak spots which are less costly than an overall rehab
design. In the next section, we will revisit and extend this example by including heave
and piping (i.e., non-point process) and by including (reducible) epistemic uncertainty.




152 CHAPTER 7: SOUNDINGS

7.5. EXAMPLE UPLIFT, HEAVE AND PIPING

T HIS section extends the fictitious example from the previous section by introducing
or including the following features:

1. In addition to uplift, we also consider heave and piping (see 7.3.3).

2. In order to treat the spatial variability of the blanket properly, instead of Kriging
we will work with random field simulation in the prior analysis (unconditional) as
well as the posterior analysis (conditional).

3. In addition to spatial variability, epistemic uncertainty for the blanket thickness
will be considered by modeling the mean value as a random variable (i.e., re-
ducible uncertainty).

4. In the pre-posterior decision analysis we will compare an a-priori design for the
whole reach with a locally adapted design according to what is required a posteri-
ori after updating with additional data.

The example parameters are identical to the uplift example described in section 7.4; the
parameters are given in Table 7.1.

7.5.1. PRIOR RELIABILITY AND IMPORTANCE SAMPLING

This example is computationally relatively expensive, because in posterior and espe-
cially in pre-posterior analysis large numbers of reliability analyses need to be carried
out. Therefore, we will apply Importance Sampling using a sampling distribution for the
water level as displayed in Figure 7.23 in order to reduce the required number of realiza-
tions.

------ fragility uplift
Loy fragility heave
£ osl - —frag?l?ty piping
To fragility failure
w- 0.6y - = = PDF original
§ 0.4t ——— PDF importance sampling
0.2t
0

Figure 7.23: Soundings example: fragility Curves, water level and importance sampling distribution for the
water level fh, 15 (h) with parameters hs ~ N(6,1)

Notice that in the context of this example (7.5) the fragility curves in Figure 7.23 are
merely for the sake of illustration of the suitability of the importance sampling distri-
bution. They are meaningless for other purposes as they include d as a simple random
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variable and not as a random field, whereas we use random field simulation to contem-
plate uplift, heave and piping simultaneously. Nevertheless, the sampling distribution
for the water level will clearly generate more failure samples than the original one.
For each realisation i, of the (load-related) random variables and the random field of the
blanket layer, we

. identify the grid cells of the random field where uplift failure occurs,

. count a realisation as uplift failure (F,), if at least one grid cell fails due to uplift

. check all grid cells failed due to uplift for heave failure,

1
2
3
4. count a realisation as heave failure(F, ), if at least one grid cell fails due to heave,
5. check all grid cells failed due to heave and uplift for piping failure,

6

. count a realisation as piping failure (F,y,)), if at least one grid cell fails.

As the water level h is assumed independent of the remaining random variables, the
probability of failure are obtained by

fu(hi)
fI8(hy)

1
P(F)=— Y 1p, (7.24)
i

where f,(h;) is the PDF of the (annual maximum) water level as specified in Table 3.5
and f}f $(h;) the the importance sampling distribution, which in this example is a Normal
distribution with mean 6m and standard deviation 1m. The resulting reliability indexes
are presented in Table 7.2. Notice that the interpretation of these probabilities is slightly
different than in all previous examples on uplift, heave and piping, as the probability of
heave is actually the probability of uplift and heave and the probability of piping is the
parallel system probability of all three sub-mechanisms failing together. We see that for
this example the probability of heave is lower than uplift, which is plausible looking at
the realisations of critical blanket thicknesses for uplift (d.,,) and heave (d, ;) in Figure
7.24. They are similar, the critical heave gradients being slightly higher on average. Fur-
thermore, the probability of piping failure is orders of magnitude lower than heave and
uplift.

Bi Uplift | Heave | Piping (Failure)
Prior | 2.36 2.65 4.24

Table 7.2: Soundings example: prior reliability indices for uplift, heave and piping
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Figure 7.24: Soundings example: comparison of the critical thicknesses for uplift (dc,,) and heave (d, ;) for
the realizations generated by Importance Sampling (left: scatter plot, right: histogram of the ratio).

7.5.2. POSTERIOR RELIABILITY

This section illustrates the effect of sampling the blanket thickness by means of sound-
ings from the (fictitious) true field using regular grids with different inter-sounding dis-
tance (dcpr). The prior and posterior probabilities for uplift, heave and piping are sum-
marized in Table 7.3. In the current setting, the fact that the prior uplift reliability is lower
than shown for the shortest distance to the toe in Figure 7.20 demonstrates that the serial
system or length effect is implicitly accounted for in this type of analysis.

Bi Uplift | Heave Piping
(and uplift) | (Failure)
Prior 2.36 2.65 4.24
Posterior, dcpr =50m 2.59 3.10 4.51
Posterior, dcpr =100m | 2.52 3.00 4.51
Posterior, dcpr =200m | 2.53 2.98 4.37

Table 7.3: Soundings example: prior and posterior reliability indexes for uplift, heave and piping for different
sounding intervals.

There is no clear trend in the posterior reliability in a sense that a denser sampling
grid would always lead to a clearly higher reliability. This was expected, as the uncer-
tainty in the blanket thickness was entirely attributed to spatial variability, in which case
the additional information just helps to replace the uncertainty by "known" weak and
strong spots.

The effect of updating (i.e., conditioning the random field realizations on the sam-
pling data) is also illustrated in Figure 7.25, which shows an unconditional and a condi-
tional random field realization for the same realization of the remaining (load) variables.
The grid cells marked in red represent the locations where uplift and heave occur for
this particular realization, i.e. the exit points for internal erosion, which determine the
seepage length for the piping sub-mechanism. In this particular case, the additional in-
formation leads to a reduction of the area where uplift and heave occurs.

In real life, the high density of sampling points used in this synthetic example will
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be hardly encountered. That raises the questions which amount of soundings would
be cost-optimal for the present type of problem. To this end, we need to involve the
retrofitting cost and how it is influenced by the additional information as will be dis-
cussed in the remainder of this section.
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Figure 7.25: Soundings example: unconditional and conditional random field realisation indicating uplift and
heave locations (marked in red, obtained with Importance Sampling) based on a triangular sampling grid with
a sounding interval of dcpr = 100m (top view, levee toe at y = Om).
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7.5.3. PRE-POSTERIOR ANALYSIS

If we do not have data from a readily carried out site investigation, the question is how
much we should invest in such a campaign, if at all. That depends on how much we
can get in return in terms of optimizing the retrofitting design and ultimately saving
retrofitting cost. In the ideal scenario, the uncertainty reduction achieved by the site
investigation would even make retrofitting unnecessary.

In order to demonstrate how pre-posterior analysis can be applied to such a deci-
sion analysis, this subsection introduces a simplified design approach and an associated
cost model to be able to estimate the retrofitting cost after posterior analysis. Subse-
quently, to make the case more realistic, we introduce an uncertainty in the mean (field)
value of the blanket thickness. The pre-posterior analysis is then used to optimize (a)
the inter-sounding distance in longitudinal direction d¢cpr, (b) the number of rows in
the sampling grid in transverse direction (one or two) and (c) the transverse distance
between the rows, if applicable (see Figure 7.30).

The example parameters are the same as described in section 7.4 and Table 7.1, ex-
cept for the fact that the mean thickness is modeled as a (epistemic) random variable as
well: uz ~ N6.0,0.3. Notice that for the whole field the epistemic part can theoretically
be reduced to zero by sampling, while the spatial variability part can be reduced locally
but the field variance (considered over the entire area of interest being a multiple of the
relevant correlation distances) will persist.

TARGET RELIABILITY AND DECISION PROBLEM

The target annual reliability index in this fictitious example is f1 = 5.0, which refers to
the total probability of failure (i.e., uplift, heave and piping) for the entire reach. Given
that the prior reliability is significantly lower than the target, doing nothing is not an
option. Similar to the example on anomaly detection (see 7.2), the decision tree for the
situation at hand (Figure 7.26) comprises the decision whether or not to do site investi-
gation at all and the optimization of the site investigation parameters. In contrast to the
example on anomaly detection, the retrofitting cost in this example is not a fixed value
(or zero) but instead the retrofitting design adjusts to the a-posteriori knowledge based
on the sampling outcome as discussed below.

site investigation cost (Cs)

(posterior) retrofitting cost (C;)
+ site investigation cost (Cs)

retrofitting cost (C;)

Figure 7.26: Soundings example: decision tree.
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DESIGN AND COST OF RETROFITTING

While in reality there are many options to mitigate piping such as seepage screens, re-
lief wells or filters (CIRIA, 2013), in this example we only consider the construction of a
landside berm for the sake of illustrating the effect of additional information on the cost
of retrofitting. The considered retrofitting design model is as follows:

1. For the berm width we apply the following (fictitious) design rule, which is as-
sumed to ensure sufficient reliability to meet the target f7: The berm width per
sub-reach of 200m length is determined by the distance of the grid cell farthest
from the levee which has an annual reliability index for heave and heave lower
than B7,5, = 3.4 (see Figure 7.27).

2. The cost of retrofitting by means of berm construction C, [k€/km)] is composed of
mobilisation cost and variable cost as represented by the following cost function:
C; = 1000+ 20 - w, where w [m] is the berm width. Figure 7.28 illustrates that the
cost of berm construction varies between 1M€/km for small berm up to 5M€/km
for very wide berms of over 200m.

berm toe line

landside

Figure 7.27: Soundings example: Illustration of the simplified design model to determine the cost of retrofitting
based on prior and posterior data (top view).
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Figure 7.28: Cost function (fictitious) for berm construction as function of the berm width
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The fact that only a berm is considered as retrofitting measure does not mean that
a berm is the only possible measure nor that it is the one to be preferred. The berm is
merely used to estimate the cost depending on the amount of information. Other mea-
sures are possible and can be treated accordingly. Furthermore, notice that the target
reliability index for design based on uplift and heave can be different to the target relia-
bility index in a safety assessment.

A-PRIORI DESIGN AND COST

In order to explore the decision option of retrofitting without any (additional) sound-
ings, we determine the required berm width and the associated cost as explained above.
To this end we need to use the total uncertainty in the blanket thickness, Odtotal =

\ /ai 4 +Ufj, and the critical thickness for uplift and heave (i.e., the load term), d. ;5 =

min [dc,y, d. ). Figure 7.29 shows the resulting prior annual reliability index for uplift
and heave as a function of the distance from the levee toe. The required berm length is
given by the distance from the toe where the target reliability (81, 5, = 3.4) is met, here
resulting in w = 184m with a total cost of C, = 4.7 M€.

—_— Buh (uplift and heave)

= = = B, (design target)

T W Ll design berm length (prior)
[ca R}
25
5 :
0 100 200 300
X it [m] (distance from the levee toe)

Figure 7.29: Soundings example: prior annual reliability index for uplift and heave (8,,;) as function of the
distance to the levee toe (x,,;;) assuming the load to be homogeneous in longitudinal direction. The berm
design width is determined by the target reliability (87).

OPTIMIZATION OF DESIGN PARAMETERS

In this section, we will use the cost function described above in a pre-posterior analy-
sis for different combinations of the design parameters to illustrate how the cost of site
investigation and the expected retrofitting cost change with them. If one pursues only
the optimal site investigation design, it is convenient and efficient to minimize the total
expected cost by means of global optimization techniques (e.g., genetic algorithms) or
to treat the problem as an augmented reliability problem (Au, 2005; Wang et al., 2011).
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Here we will use brute force and discretise the design parameters, which besides find-
ing the optimal design also provides insights into sensitivities with respect to the design
parameters (see Figure 7.30):

* dcpr (longitudinal spacing of the soundings)

* dcprx (transversal distance between rows of soundings)

° Nrows (Mumber of rows)

Notice that for a given dcpr combinations with n,4,s = 2 and small values of dcprx
should behave similarly as just one row (7;4,ys=1) with half the spacing (i.e., dcpr/2).

y _1dc;”_.|; levee
e ————-@——- & firstrow (= levee toe line)
X dcprx - -
® <—— second row, if applicable
dcpt landside

Figure 7.30: Soundings example: sampling grid parameters to be optimized with pre-posterior analysis (top
view).
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COMPUTATIONAL FRAMEWORK

The computational framework for the pre-posterior analysis is shown in Figure 7.31,
which depicts the role of pre-posterior analysis in the optimization of the design param-
eters for the site investigation and and its nested structure. The "outer loop" uses Monte
Carlo simulation (here with Importance Sampling) for representing the prior knowledge
of the state of nature, in this case of the blanket thickness in particular. Per realisation,
a posterior analysis is carried out, based on which a retrofitting design is made and the
respective cost is determined.

The pre-posterior analysis needs to be repeated for as many combinations of site
investigation design parameters as required for the optimisation and it delivers the ex-
pected retrofitting cost for these combinations. Combining this with the site investiga-
tion cost gives the expected total cost.

In general, the retrofitting design could be a reliability-based design (RBD) where the
design parameters are optimized in an internal loop of reliability analyses with posterior
knowledge. However, as discussed above, in this example we apply a simplified design
rule based on the posterior probability of uplift and heave, which makes only one pos-
terior analysis per pre-posterior realisation necessary and we can use Kriging for this
purpose. On the one hand, this makes the problem computationally much less expen-
sive, on the other hand this is also a situation more likely to be encountered in (Dutch)
reality. For example, in the Netherlands, safety assessments may apply reliability anal-
ysis to show that the target values are met, however in design more often than not we
resort to simpler and more "robust®" approaches.

6The use of the word "robust" is ambiguous in the context of structural design. The meaning here is that
the designs obtained by robust approaches have a high probability of producing designs meeting the target
reliability, often at the expense of being less economical than a reliability-optimized design.
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Figure 7.31: Computational framework for the pre-posterior analysis.
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ONE ROow OF SOUNDINGS EVERY 100M

Before addressing the optimal choice of site investigation parameters, we first contem-
plate the specific case of one row of soundings at the levee toe with a distance of dcpr =
100m and the insights that pre-posterior analysis can provide.

100

200

x [m] (transversal)

300

0 200 400 600 800 1000
y [m] (longitunal)

Figure 7.32: Soundings example: illustration of the prior, posterior optimum and posterior berm width per
subberm of length 200m. The 2D field shows the posterior reliability index for uplift and heave for an arbitrary
pre-posterior realisation (top view, levee toe at y = 0m).

First of all, Figure 7.32 illustrates the berm design based on the posterior (kriged)
field of the blanket thickness. For the arbitrary pre-posterior realisation in the figure,
the posterior required berm (green, dashed line) is narrower than a-priori (red, contin-
uous line), and locally the difference can be significant. Two effects play a role, (a) the
mean thickness varies in each realisation and may be rather high here (i.e., epistemic
contribution) and (b) the uncertainty around the sampling points is reduced.

Without reducible or epistemic uncertainty the probability of avoiding retrofitting
entirely would be virtually zero, because the considered length (1km) is a multiple of
the correlation distance (200m), for which there is a very high probability of a weak
spot somewhere in the reach. However, with the epistemic uncertainty and, hence,
the possibility of encountering a higher field mean in reality, the probability of avoid-
ing retrofitting can become substantial (in terms of the decision problem). For 2 out of
1000 pre-posterior realisations no berm was necessary at all, so the probability of avoid-
ing retrofitting entirely is in the order of 1073,

The pre-posterior distributions of the berm cost and (average) width in Figure 7.33
exhibit a rather wide range of outcomes reflecting the (large) uncertainties in the exam-
ple. Comparison with the prior values (4.68M€and 184m) results in a larger probability
of saving cost than spending more. This is confirmed by the expected cost values in Ta-
ble 7.4, a risk-neutral decision maker faced with the option of doing soundings every
100m or nothing at all should opt for investing in site investigation. The benefit-cost ra-
tio (BCR) is very high (<70), which means that even for a much lower cost function (e.g.,
in rural areas) a BCR in the order of 10 is not unrealistic.
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Figure 7.33: Soundings example: histograms of pre-posterior retrofitting cost (left) and berm width (left) for
one row of soundings at the levee toe with distance dcpr = 100m.

E[C;] k€] | Cs k€] | E[C] k€] | BCR
dcpr =100m | 3870 11 3881 72.6
no soundings | 4680 0 4680 0

Table 7.4: Soundings example: expected cost and BCR for one row of soundings at the levee toe with distance
dcpr =100m.
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OPTIMAL SITE INVESTIGATION

In order to find the optimal combination of site investigation parameters, a parametric
study has been carried out in which the site investigation design parameters have been
varied systematically:

 dcpr (longitudinal sounding distance),

* number of rows (i.e., one or two),

° dcprx (distance between rows, if applicable).
The expected total cost (Figure 7.34) shows a minimum for just one row of soundings
with a distance around dcpr = 200m, which is close to the correlation distance. The op-

timum expected cost is roughly 1M€lower than the prior value (4.68M<€). The expected
average berm width is roughly 130m, as compared to 184m a-priori.

4800
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4600+ ] -
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3600
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expected total cost [kEuro]

100 200 300 400
sounding distance dCPT [m]

Figure 7.34: Soundings example - parametric study: expected total cost versus SI-design parameters.

Figure 7.34 also exhibits that, apparently, adding another row of soundings reverses
the savings effect increasingly with increasing distance from the levee toe (where the first
row is located). For closely spaced soundings in longitudinal direction and the second
row 200m from the toe, both expected cost and width are close to the prior values again.

Considering the probability of avoiding retrofitting (i.e., no berm necessary after pos-
terior analysis) as displayed in Figure 7.35, a plausible explanation for the increasing ex-
pected cost with more site investigation coverage would be the following. We need a
couple of soundings to reduce the epistemic uncertainty around the field mean value.
Additional information from closely spaced soundings only increase the likelihood of
encountering a weak spot, which may "reintroduce" the need for retrofitting. This effect
is very similar to what we encountered in the example on anomaly detection (see 7.2)
and it is an effect that can occur when working with target reliabilities (i.e., omitting the
cost of failure in the risk considerations).
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Figure 7.35: Soundings example - parametric study: probability of avoiding the berm (i.e., C; = 0) versus SI-
design parameters.

Figure 7.36 gives an impression of the BCR encoutered for this example, ranging from
close to zero up to over 200. The fact that the BCR keeps on increasing with larger longi-
tudinal spacing whereas there is a minimum for the expected cost demonstrates that the
BCR can be a poor parameter to base decisions on. The fact that the cost of soundings
may decrease at a higher rate than the savings in berm should not lead to the conclusion
of doing less soundings, because the overall cost is important in the end, not the "relative
return on investment".
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Figure 7.36: Soundings example - parametric study: benefit-cost ratio (BCR) versus SI-design parameters.
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7.5.4. CONCLUDING REMARKS ON THE EXAMPLE

This section has extended the concepts elaborated so far in this chapter to the failure
modes uplift, heave and piping. In order to obtain the reliability for the entire reach
of interest, conditional simulation is applied for posterior reliability analysis, because
Kriging is only suitable for so-called point-processes to determine the probability of
failure(unless the probabilities are combined accounting for their mutual correlations,
which is cumbersome). Importance Sampling on the water level was used to reduce the
computational burden. The example on posterior analysis (7.5.2) showed that, if we only
deal with uncertainty stemming from spatial variability, the impact of observations on
the reliability is negligible, as the uncertainty is only replaced by known weak and strong
spots.

In the extension of the example to (pre-posterior) decision analysis, we introduced
an epistemic uncertainty in the mean blanket thickness. The decision problem is similar
to the one on anomaly detection (7.2), as the essence is to optimize the site investigation
design parameters and to assess, whether an investment in site investigation is cost-
effective at all. The main differences are, though, (a) the more elaborate failure model,
(b) the more refined retrofitting cost model (i.e., the berm width can vary in longitudinal
direction), (c) the spatial variability is described by a (continuous) random field instead
of stratification scenarios and (d) there are more site investigation design parameters
than just the soundings interval in longitudinal direction.

The computational framework has a layered structure with several nested loops, from
outer to inner loop being (a) the optimization of site investigation parameters, (b) the
pre-posterior analysis , (c) the posterior analysis by means of Kriging or conditional
simulation per pre-posterior realization and (d) the retrofitting design and cost based
on posterior knowledge. The outcomes include the pre-posterior distributions of berm
width and cost as well as the probability of avoiding retrofitting at all, the latter depend-
ing mainly on the epistemic uncertainty around the mean blanket thickness.

The main conclusion of the parametric study of the site investigation parameters is
that just one row of soundings at the levee toe with an interval close to the correlation
distance seems the optimal setup. More rows of soundings or smaller intervals only in-
crease the cost and increase the probability of encountering a weak spot. The effect here
is similar to the one encountered in the example on anomaly detection as discussed
in section 7.2.9. In the adopted framework of working with target probabilities of fail-
ure, wherein the benefits of risk reduction through higher reliability are not accounted
for, the incentives are to achieve the target reliability level at minimum cost or with the
highest probability. We essentially do not want to know more than necessary.

7.6. SYNOPSIS

HIS chapter has demonstrated how soundings can be used to for reliability updat-
T ing and how the cost-effectiveness of investments in site investigation can be as-
sessed by decision analysis. First, piping-relevant types of information to be obtained
from soundings were described. Subsequently, a simple example on anomaly detec-
tion highlighted the most important features of pre-posterior analysis. Finally, blanket
layer geometry and its relation with the seepage length were chosen for a more realistic
elaboration of reliability updating and pre-posterior analysis, the effects of which were
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demonstrated in a fictitious example. The following are the main conclusions based on
the findings in this chapter:

1. Soundings like CPT and borings provide information on several parameters rele-
vant to piping such as the permeability of aquifers (e.g., by dissipation tests) or the
grain size distribution (by sieve analysis of samples retrieved by borings). How-
ever, the most important information to be inferred from soundings is the stratifi-
cation in terms of identification of soil strata, blankets and aquifers as well as their
geometry.

2. Bayesian posterior analysis can be applied to update the probability of anoma-
lies as well as for updating the uncertainty of properties that can be modeled by
means of continuous random fields such as the blanket thickness. Whereas an-
alytical solutions are still tractable for (discrete) anomaly detection problems, for
the random fields we need to resort to techniques like Kriging or simulation.

3. Pre-posterior decision analysis provides not only the optimal decision (here for a
risk-neutral decision maker) but provides also insights into the uncertainty of the
pre-posterior retrofitting designs and costs.

4. Site investigation can be very cost-effective for anomaly detection problems, if the
conditional probability of failure given the presence of an anomaly dominates the
overall probability of failure. The cost of site investigation is usually orders of mag-
nitude lower than the cost of retrofitting.

5. Similarly, site investigation can be very cost-effective for reducing the uncertainty
in the blanket thickness. This is especially true, when the epistemic uncertainty
leads to a considerable probability that retrofitting can be avoided and the mobi-
lization cost is relatively high.

6. The proposed approach works well within the chosen framework. However, work-
ing with target reliabilities and neglecting the cost of failure is a simplification
which implies trade-offs. From safety standards we know that target reliabilities
are suboptimal because they need to cover a wide range of inhomogeneous condi-
tions; risk optimization would be more economic. Similarly, working with a target
reliability can provide wrong incentives for site investigation decisions. As pointed
out in both pre-posterior examples in this chapter, gathering more information
than enough to meet the target is not rewarded in this framework, though the ad-
ditional risk reduction may outweigh the additional cost.

Staged site investigation strategies have not been investigated, but the extension is straight-
forward, though computationally even more expensive.






CONCLUSION

Plans are worthless, but planning is indispensable.

Dwight D. Eisenhower

Thomas Bayes (1701-1761)

This thesis presents an approach to increase the reliability of flood defenses to an accept-
able level by reducing piping-related uncertainties through incorporating information
from different sources consistently using Bayesian inference considering the a-posterior
necessary retrofitting (cost). Furthermore, it was demonstrated how obtaining such infor-
mation by means of site investigation or monitoring can be planned in a cost-effective way
using decision theory in a framework with a prescribed target reliability. While detailed
conclusions and recommendations were already discussed in the respective chapters, this
chapter synthesizes the main findings (8.1), states the main recommendations for future
research and practice (8.2) and concludes with some closing words (8.3).
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8.1. MAIN FINDINGS

PIPING UNCERTAINTIES

The failure mode considered consists of the three failure mechanisms uplift, heave and
piping. In reliability terms, these mechanisms can be modeled as a parallel system, as all
three are necessary (but not sufficient) conditions for failure. The mechanisms are corre-
lated through common variables, the most influential ones being the water level on the
loading side, the seepage length, the hydraulic conductivity of the aquifer, as well as the
blanket thickness on the resistance side. Even more important than the uncertainties
in soil properties can be uncertainties in the stratification and in the geo-hydrological
system, which in this thesis have been modeled by discrete scenarios. The examples and
case studies have demonstrated that the latter category, e.g., the presence of adverse
geological details or the position of the so-called entry and exit points can be the dom-
inant uncertainties. Nevertheless, in contrast to the variability of soil properties within
a statistically homogeneous layer, often modeled by means of random field theory, the
discrete type of uncertainties has been paid little attention in the literature so far.

RELIABILITY UPDATING

Bayesian posterior analysis was adopted for updating prior degrees of belief by incor-
porating additional information from the various sources of information studied in this
thesis. The Monte Carlo simulation framework used for posterior analysis is capable of
handling both discrete scenarios (e.g., stratification) as well as the uncertainties in the
loads and resistance properties, modeled with continuous probability density functions
at the same time. Also the correlations between the failure modes as well as between dif-
ferent load events are dealt with appropriately. The computational approach followed is
(asymptotically) exact and can serve as a benchmark for computationally more efficient
approaches. Some demonstrations of more efficient techniques such as Subset Simula-
tion or Importance Sampling have been given in the application-oriented chapters.

It is important to point out that the proposed approach is only as good as the models
and the scenarios or prior uncertainties identified by the modeler. Inherently, Bayesian
posterior analysis is incapable of detecting previously unidentified conditions or mech-
anisms which, nevertheless may contribute to the probability of failure. Only in case
of large prior model uncertainties and evidence contradicting the prior beliefs is model
bias adjusted. However, if a priori the model uncertainty is not dominant, the Bayesian
analysis will "look for" the most plausible explanation of the evidence in other uncertain
variables. The inability of handling "black swans" (Taleb, 2007) is a clear limitation of the
approach we need to be aware of. Everything is conditional on the model.

Another aspect with considerable impact is the distinction between reducible (epis-
temic) uncertainties and irreducible (aleatory) uncertainties. For the applications treated
in this thesis, time-invariant variables (e.g., blanket thickness) essentially fall into the re-
ducible category whereas variables modeling (intrinsice) variability in time (e.g., the wa-
ter level) fall into the irreducible category. The larger the share of reducible uncertainty
in a problem, the greater the effect of updating. Whether uncertainty is reducible is an
input to the analysis, not an outcome. As discussed in chapter 4, it is not straightforward
to allot model uncertainty to either category, as it always contains contributions of both.
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DECISION ANALYSIS FRAMEWORK

The decision analysis framework adopted in this thesis has two main ingredients. First,
the optimal investment strategy is determined by the minimum (pre-posterior) expected
total cost, i.e., the cost of uncertainty reduction (e.g., monitoring or site investigation)
plus the cost of retrofitting. Working with expected costs implies that we assume a risk-
neutral decision maker, which seems justified in situations where governmental organi-
zations deal with a large portfolio of similar but uncorrelated projects and the potential
costs in a single project do not give rise to risk-averse behavior. Secondly, our search
for the optimal strategy is constrained by a prescribed target reliability as outlined in
chapter 2. The choice to work with target reliabilities was made to provide results that
are realistically applicable in systems like the Dutch flood protection standards (or the
Eurocode), where such target reliability values have been established legally.

Bayesian pre-posterior analysis allows us to estimate the cost-effectiveness of invest-
ments in uncertainty reduction a-priori and it provides us with an impression of the
range of uncertainty in the potential outcomes in terms of required retrofitting mea-
sures and costs. We can also assess the probability of achieving a certain amount of
cost savings with respect to the a-priori necessary retrofitting cost. Though not fully
risk-based (i.e., not accounting for the cost or consequences of failure explicitly), pre-
posterior analyses provides meaningful information to support decision making and to
justify investments in uncertainty reduction.

FIELD OBSERVATIONS
The work in chapter 5 has shown that only considering survival as observation of levees
that do not fail during extreme load events (in Dutch: "bewezen sterkte") is an overly
simplistic view, because it neglects more detailed visual observations of good or poor
performance that are typically made during these events. Including observations like
(heavy) seepage or sand boils has provided new insights in this respect. Whereas relia-
bility updating based on pure survival information (i.e., no signs of poor performance)
will always lead to an increase in reliability, incorporating the information from obser-
vations of poor performance always leads to a lower posterior reliability. Both ways, the
change can be roughly one order of magnitude depending on the prior (reducible) un-
certainties and on how unexpected the observation was (i.e., observations with a low
prior probability have a high impact and vice versa). Again, the discrete uncertainties
like stratification can be the most important ones causing the most significant changes.

Another related common misconception is that the probability of failure up to the
highest observed and survived water level is zero. This is an assumption often made in
simplified survival analyses, which is only true if all resistance uncertainties were time-
invariant (i.e., fully reducible). Arguably this is not the case; for example, the ground-
water conditions in the future situation to be assessed can be much more unfavorable
than the conditions at the time of the observed survived water level. The respective sen-
sitivity analyses in chapter 5 have demonstrated that the assumption of time-invariant
resistance can be very unconservative as may lead to severe overestimation of the relia-
bility.

For flood defenses with relatively high reliability, on the long term we expect the
structures to survive a few significant loadings, by which their reliability is expected to
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increase autonomously. One can think about this as the flood defense surviving (incom-
plete) load tests, the effect of which is that epistemic uncertainty is reduced. While this
may sound appealing to decision makers in a sense that they may like to adopt a "wait
and see"-strategy, we need to bear in mind that the next significant load event may be
still years ahead and that there is a risk of failure to be considered.

HEAD MONITORING

The main driver for uplift, heave and piping is groundwater flow in the aquifer under-
lying the levee and the resulting pore pressures. Chapter 6 has demonstrated that moni-
toring the response of the hydraulic head in the aquifer to flood loading enables us to re-
duce geo-hydrological uncertainties, both for simplified models working with so-called
damping factors as well as for groundwater flow models. The effect of updating can be
considerable again depending on prior uncertainties, especially the uncertainty related
to stratification.

The example on pre-posterior analysis showed that with considerable prior uncer-
tainties there can be a significant probability that the posterior reliability meets the tar-
get. Since the difference between retrofitting and monitoring cost is usually several or-
ders of magnitude, even a relatively low probability of meeting the target and realizing
savings in retrofitting cost can make investments in monitoring attractive.

SOUNDINGS

The main information provided by soundings in terms of piping reliability is on the strat-
ification (i.e., subsurface geometry and the presence of geological details) and on the
thickness of the blanket layer. The latter is crucial for uplift and heave and plays an im-
portant role in the location of the exit point and, consequently, in the seepage length.

For anomaly detection it has been shown that the site investigation density can be
optimized based on the (uncertain) anomaly size and the effect of the presence of an
anomaly on the reliability. As for monitoring, due to the considerable difference between
site investigation cost and retrofitting cost even a small probability of achieving savings
can be enough to justify investments in soundings.

Similarly, gathering information on the thickness of the blanket layer in the hinter-
land of the levee enables us to optimize the design of a berm. Even though the overall
(expected) cost may not always differ considerably, additional site investigation can en-
sure that the retrofitting design is adapted to the revealed weaker and stronger sections.

Though valuable decision support information can be generated for site investiga-
tion planning with pre-posterior analysis, chapter 7 has also revealed shortcomings of a
framework with target reliabilities in which the consequences of failure are not included
explicitly. It can provide wrong incentives in site investigation decisions, as gathering
more information than enough to meet the target is not rewarded in this framework,
though the additional risk reduction may outweigh the additional cost. The optimal
strategies found may be suboptimal in an overall risk sense.
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8.2. RECOMMENDATIONS

FUTURE RESEARCH

Spatial Variability and Length-effect The variability of properties in statistically homo-
geneous units (e.g., soil properties) was treated in an implicit fashion by so-called
representative values in this thesis. The proposed method should be extended by
accounting for spatial variability explicitly by means of random field theory. This
would enable us to account, among others, for the length-effect. For the Dutch
context, the first step should be to include the variability of properties in longi-
tudinal direction of the levee (i.e., one-dimensional) to enable comparisons with
results from reliability analyses as carried out in the Dutch VNK2-project (Jongejan
et al., 2013).

Multiple Sources of Information and Staged Strategies The work in this thesis treated
one source of information at a time and applied decision analysis to single stage
monitoring and site investigation. For further optimization, we would want to
combine the information provided from different sources of information at the
same time. For example, we may consider using the information from field obser-
vations and monitoring data from the same or several historical floods altogether.
Conceptually and technically the extension should be straightforward, as "today’s
posterior is tomorrow’s prior". In the implementation, care needs to be taken of
the correlation between different observations to avoid "double-counting" of es-
sentially the same information (e.g. observations with a common cause). Sim-
ilarly, the decision analysis approach for site investigation and monitoring can
be extended to staged strategies, in which decisions on subsequent investigation
stages are optimized based on the findings in previous stages.

Time to Next Significant Flood An implicit assumption in this thesis was that each fu-
ture flood provides information regarding the resistance properties of the levee. In
reality, we often see non-linear behaviour in a levee’s response to hydraulic load-
ing. For example, there may be a threshold at which the response changes because
the winter bed is flooded and the hydraulic contact points with the aquifer shift
closer to the levee, leading to decreased damping. Since for reliability we are most
interested in the resistance properties under conditions close to failure, only the
floods exceeding such a threshold provide meaningful information for reliability
updating. This implies that there may be a considerable waiting time for a signif-
icant flood event which can be used for reliability updating purposes. For such
situations the waiting time or the probability of a significant flood in the monitor-
ing period needs to be included in the decision analysis.

Reducibility of Uncertainties Reducibility of uncertainties and the implications for re-
liability updating were discussed extensively in chapter 4. The relevance of distin-
guishing between reducible and irreducible uncertainties has also been discussed
in the literature (e.g., Der Kiureghian and Ditlevsen, 2009) and we know how to
deal with the two types in computational procedures. While for the characteriza-
tion of geotechnical properties, Phoon and Kulhawy (1999) do distinguish between
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inherent variability and measurement error, they do not explain what this distinc-
tion implies for the reducibility of either type (the aim of the paper was to provide
methods for establishing prior uncertainties and reasonable ranges). Especially
the question to what degree model uncertainty is reducible deserves more atten-
tion in the literature, as does the quantification of model uncertainty in general.

Transient Groundwater Flow While the steady-state groundwater flow model applied
in this thesis may be applicable to long-lasting river floods, an extension to tran-
sient groundwater flow modeling is recommended for future research. This will be
not only recommended but necessary, if the approach is to be applied in coastal
areas and estuaries, where the pore pressure response can be far from the steady
state due to tidal influence and relatively short storm durations.

ENGINEERING PRACTICE

The results in this thesis are promising in the sense that we may expect site investiga-
tion and monitoring to be cost-effective in many situations. A common complaint by
geotechnical engineers is that is is hard to convince clients of investing (more) in site
investigation. Practitioners are encouraged to use the methodology to underpin their
argument quantitatively by presenting the (expected) monetized benefits to their clients.

Since practitioners will find it hard to use the fully probabilistic approach presented
in this thesis directly, we need to provide simplified approaches for reliability updating
as well as for site investigation and monitoring planning. Just like semi-probabilistic
design and safety assessment methods, the simplified methods for reliability updating
and decision analysis can be calibrated using fully probabilistic benchmarks.

In this context, it would be appropriate in the Dutch context to extend the technical
report "Actuele sterkte van dijken"' by (a) simplified methods for the failure mechanism
piping similar to the ones already provided for slope stability and (b) by fully probabilis-
tic examples for piping as well as slope stability in order to provide a better understand-
ing of the underlying concepts and assumptions to the potential users.

PoLicy

A reliability-based framework for safety assessment and design provides much more
flexibility in doing out-of-the-box (i.e., non-standard) analyses such as the reliability
updating approach presented in this thesis. Working with (target) reliabilities instead
of semi-probabilistic or deterministic approaches gives opportunities for optimization
and, hence, better use of resources. The risk-informed, reliability-based framework for
safety assessment of flood defenses which is envisaged to be implemented in 2017 in the
Netherlands is a step in the right direction and should not be abandoned.

The work in this thesis has also exhibited shortcomings of working with (derived)
target reliabilities instead of working with a fully risk-based approach with explicit risk
acceptance criteria. For the long-term, working with acceptable risk directly may be the
most efficient approach, though this option seems hardly workable for the foreseeable
future due to many technical challenges yet to be solved.

ITechnisch Rapport Actuele sterkte van dijken, Expertise Netwerk Waterveiligheid, March 2009.
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8.3. CLOSING WORDS

NCORPORATING additional information from field observations, monitoring or site in-
Ivestigation was demonstrated to have a considerable effect on the reliability, espe-
cially for the large uncertainties in geotechnical engineering. The proposed approach
helps to decide where related investments make sense and how we can optimize our un-
certainty reduction strategy. The examples and cases elaborated in this thesis suggest
that often such investments are indeed worthwhile.

In fact, the following simplified reasoning points in the same direction. Site inves-
tigation and monitoring cost are typically in the order of tens of thousands of Euros
(10*€). At the same time, the retrofitting cost for a levee reach of several kilometers easily
exceeds the tens of millions of Euros (107€). If our site investigation or monitoring pro-
gram gives us just a 10% chance of saving 10% of the retrofitting cost, which would imply
savings in the order of hundreds of thousands of Euros (10°€), the investment would al-
ready pay off. On the other hand, geotechnical engineers and contractors usually have
difficulties of convincing their clients of the benefits of site investigation. Hopefully, the
work in this thesis can help to make steps in demonstrating the effectiveness of uncer-
tainty reduction measures and to provide useful information to take better decisions to
minimize the overall societal cost of flood protection, because underpinning the proba-
bilities of potential savings is not always straightforward.

Having stated all the potential benefits of investing in uncertainty reduction, this
may never be an excuse for a decision maker to put preparations for retrofitting or mit-
igation measures on hold "until we know for sure". If a situation is considered unsafe
based on the current state of knowledge (i.e., prior uncertainties), society bears a higher
level of risk than acceptable. It is the responsibility of the decision maker to take mea-
sures to achieve a level of acceptable risk as soon as reasonably possible.

In this context, lately people have been suggesting to use innovative reinforcement
measures (i.e., not yet proven or widely accepted technology) in combination with mon-
itoring in order to save costs. While this makes sense, it needs to be pointed out that
monitoring alone is not enough to warrant sufficient reliability of these measures. When
implementing monitoring strategies we may not forget to plan (emergency) measures
in case of monitoring outcomes deviating from our expectations as already discussed
by Peck (1969) in the ninth Rankine Lecture on the "observational method". The entire
package consisting of the principal measure, the monitoring and the actions in case of
alarming monitoring outcomes needs to meet the target reliability.

Finally, pre-posterior analysis is more than mathematics and number-crunching. It
is a rational approach to decision making, which should be adopted more often in prac-
tical problems. The essence is that we make an estimate of the situation at hand, think
of experiments to verify, falsify or just better estimate it and then think through what the
measurement outcomes could be and what we would do in case of any outcome. That is
thinking through the possibilities and weighing them with our prior beliefs. As the quote
at the chapter beginning suggests, many of these possibilities will become obsolete after
our experiment, yet we need to have a plan.
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GROUNDWATER FLOW MODEL

This appendix describes the ground water flow model applied in this thesis to analyse
uplift (3.2.2) and heave (3.2.3). For both mechanisms the head in the aquifer ¢ [m] needs
to be estimated. Notice that in the following all surface and phreatic levels are denoted
as h (with a subscript), whereas the ¢ stand for hydraulic heads in the aquifer.

river . foreshore levee hinterland
h
y - VAN o
— T, exit
----------------------- 17 Mh-hg) h,
. .
: ha _a=B2 d | =
a
quitard *—::—>
X LYYV A
—» —» —»
—» —» —» D
aquifer

d
-t .t P

L¢ B Ly

Figure A.1: Groundwater flow model for an aquifer under an impermeable levee with leakage through the
foreshore and landside blanket (adopted from TAW (2004))

The most common situation in the Netherlands is an aquifer underlying a (semi-
pervious) blanket layer. A blanket may be present in the hinterland as well as in the
foreshore. Figure A.1 contains a schematic representation of that situation and the asso-
ciated groundwater flow model.

The groundwater flow and hydraulic heads in the aquifer can be modeled by Dupuit
flow (i.e., predominantly horizontal flow with vertical leakage). Assuming the levee itself
to be impermeable, the hydraulic resistance of the aquifer in the section beneath the
dike is given by W = B/(kD) (with B [m] being the levee footprint, k [m/s] the hydraulic
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conductivity of the aquifer and D [m] the aquifer thickness), while the foreshore and
hinterland part of the system have the following resistances respectively

Wy = M tann 2L A1)
kD /lf
An Ly
w, = — h— A.2
h D tan " (A.2)

where L r [m] and Ly, [m] are the lengths of the foreshore and hinterland respectively and

Ai = V' kDd;/k; is the so-called leakage factor in the foreshore (i=f) and the hinterland
(i=h); d; are the respectice blanket thicknesses. Hence, the total resistance of the aquifer
is given by:

Y W=Wr+W+W, (A.3)

The head at the landside toe of the dike is:

¢r=¢(B/2)

W
hp+(h—hp)z—w (A.4)

Ly
Aptanh T

hy+ (h—hy) (A.5)

L
Aftanhﬁ +B+Ahtanhi—z

The development of the head from the toe in the direction of the hinterland then be
calculated by:
. 1 Bl2+Ly—x
sinh T
¢(x) = hp + (P — hp)w (A.6)
S1 hTh
In order to avoid introducing unimportant variables the following assumptions seem
justified for the typical conditions encountered in the Netherlands:

1. If a finite foreshore blanket is considered, it has a significant thickness (d r>1m)
and is virtually impermeable (kf < 1077). In that case Lg/Af will be always small
and the resistance in the foreshore part simplifies to: Wy ~ L¢/(kD). Hence, df
and ky are not required as explicit input variables.

2. If the hinterland blanket is significant and continuous (i.e., no hydraulic contact
of the aquifer with a water body in the direct vicinity of the dike, its length may be
assumed infinite, for the results are then insensitive to the length. In that case the
resistance of the hinterland section can be approximated by W}, = 1;,/(kD) and
the hydraulic head can be approximated by:

D) = hy + (pr — hp) exp B2 (A7)

In summary, applying the assumptions as stated above, the head at the exit point may
be approximated by:

An _
~h h-h,)——2% (BI2=x)IAp, A8
Px) = hp+( p)Lf+B+/1h exp (A.8)
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BLANKET THEORY

The design guidance for federal levees in the US (USACE, 2000) uses a similar approach.
The so-called "blanket theory equations” provide solutions of the same problem for spe-
cial cases regarding the (non)existence and length of blankets on either side of the levee
as well as their permeability (i.e., semi-pervious vs. impermeable). Fig. A.2 gives an
overview of the equations; more details are provided in (USACE, 2000) as for example
the determination of the equivalent permeability of a blanket composed of several sub-
strata.
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Figure A.2: Blanket theory according to USACE (2000)






RELIABILITY ANALYSIS

This appendix recaps the essentials of reliability analysis concepts and techniques for
elements and systems as applied throughout the thesis.

B.1. RELIABILITY OF AN ELEMENT
Reliability analysis for elements is concerned with computing the probability of failure

or unwanted events. Mathematically we define the event of failure F by means of the
limit-state function Z = g(X) as follows

F={gX) =0} (B.1)

where X is the vector of random variables. Consequently, the probability of failure is
given by

P(F) = f xX) dx (B.2)
gx)<0

Alternatively, reliability is often expressed in terms of the reliability index 3, which is
related to the probability of failure by:

B=-o"1(P(F)) (B.3)

where ®~! is the inverse of the standard normal cumulative distribution function. Com-
puting the probability of failure involves evaluating a multi-dimensional integral of the
probability density of the random variables over the failure domain. Since the probabili-
ties in structural reliability problems use to be small, numerous methods have been and
are still being developed for this purpose. The ones applied in this thesis are briefly dis-
cussed below. For an extensive overview of reliability analysis techniques for structural
problems the reader is referred to Ditlevsen (1996) or Lemaire et al. (2009).
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B.2. CRUDE MONTE CARLO SIMULATION (MCS)

In MCS random samples of the entire set of random variables are generated and the
limit state function is evaluated for each realization x'. The probability of failure is
approximated by:

P(F)~P —&—lNl[ ™) <0] (B.4)

SYTTNTN P § .

Nr being the number of LSF-evaluations leading to failure. The generation of failure
samples is a Bernoulli process with the (yet unknown) probability of failure P(F) being
the "success probability" and number of trials equal to N. For small values of P(F) the
variation coefficient of the estimate is approximately:

JVvarlbyl \JkPBa-PE)
Pre Elpy P(F) " VNr

Consequently, at least 400 failure samples are necessary to achieve a "relative error" of
5% or less. In other words, if we expect the probability of failure to be as small as p,
the number of MCS-realizations should be at least: N 2> 400/ p. Note that the efficiency
in independent of the number of random variables, while in methods like numerical
integration the required number of calculations increases in the form k™, k being the
number of discretized intervals and m the number of random variables.

The method applied in this thesis is based on the Matlab-code FERUM (Bourinet
et al.,, 2009). Samples are generated in uncorrelated standard Gaussian space (u-space),
transformed to correlated standard Gaussian space (z-space) by Nataf-transformation
(Nataf, 1962) and, subsequently, to real space (x-space) using inverse CDE which are
usually available in closed form for the distribution types applied here.

(B.5)

B.3. FIRST ORDER RELIABILITY METHOD (FORM)
The First Order Reliability Method (FORM) is based on the linearization of the limit state
(Z = g(x) = 0) in the so-called Design Point in standard Gaussian space (u-space). The
design point x* is the point on the limit state (Z = 0) closest to the origin of the u-space.
Consequently, it is the point with the highest probability density fulfilling in the failure
region (see Fig. B.1).

The reliability index S is the distance from the origin of the u-space to the design
point and given by:

f=min=vuTu (B.6)
XeF

For correlated equivalent Normal variables according to Hasofer and Lind (1974) the def-
inition may be re-written as:

f = min VX ) e (X ) (B.7)
Xi—puV\" X;—ulN
- I)I(lel}’:l\j lal.Vl ) R_l( lUNl B.8)
1 1
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uz A

Z<0
(failure domain)

linearized

limit state design point
D Z=0
reliability index 8 —<_ | (limit state)
—— >
[N 7 ! Uy

Z>0 joint pdf fy(u)
(non-failure domain)

Figure B.1: FORM (geometrical) definitions for two dimensions in u-space

where C is the covariance matrix and R the correlation matrix, while ,ui.\' and oﬁv are the
mean and standard deviation of the equivalent Normal distribution of variable X;, for
which the CDF as well as the PDF assume the same value as for the original variable:

p' = xi-0 {FxGlo) (B-9)
O 1[Fy, i
oV = W (B.10)

The failure probability is then determined by the inverse relation of the definition of the
reliability index (Eq. B.3):
P(F)=®(-p) (B.11)

The same transformations to account for correlations and non-normal distributions as
for MCS are applied (see B.2). Besides reliability FORM also gives information on the
relative importance of the random variables in form of the influence coefficients a; (also
called importance factors) which are defined as follows (using alternative expressions):

@ = —u'lp (B.12)
(ag(u))
_ ; Oui Juzu* : (B.13)
VR,
— (%g_)((t)‘o)X=x* o'f.v - (B.14)
n
VR ]

N

_ (o) o
- (axi )x:x* o, (B.15)
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Especially the last version (Eq. B.15) illustrates that both, sensitivity and relative uncer-
tainty are included in the definition. Since by definition, squared influence coefficients
sumupto1 () a? =1), a'lz. is regarded a practical measure of the relative contribution of
variable X; to the probability of failure.

B.4. FIRST ORDER SECOND MOMENT METHOD (FOSM)

The First-Order Second Moment Method (FOSM) is popular in engineering practice due
to its simplicity and ease of implementation in, for example, spreadsheet analysis. How-
ever, it is well-known that the method has severe deficiencies for non-linear limit states
(see Baecher and Christian, 2003). The goal of applying FOSM in this thesis is to appraise
its suitability to the envisaged applications, mainly for reliability analysis for heave and
piping.

The main difference of FOSM with respect to FORM is that we linearize the limit
state in the expected value px instead of the design point x*. Hence, the reliability index
is approximated by:

_bz _ 8 (ux)
oz non [, 2
8(X) 0g(X)
98X) g
\/Elgl ( 0X; )X:,ux( 0X; )xzyxp"f ! ]]

For independent variables and evaluating the partial derivatives of the limit state func-
tion with respect to the random variables using finite difference (with a step size of 67 ;)
the denominator changes to:
n
Vi
j=1

Hence, only n + 1 LSF-evaluations are required. An importance factor similar to FORM
can be computed using:

B (B.16)

Z(px)

Z(pj+o)=Z(W;) ]2
0

B~ (B.17)

glpi+oi)—Z(p;) ]2
)
a; = (B.18)
n . 2
glpj+o)-gu;)

Jj=1
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B.5. SUBSET SIMULATION (SUBSIM)

The Subset Simulation (SubSim) method proposed by Au and Beck (2001) a based on
Markov Chain Monte Carlo Simulation. Let F be the set representing the failure region,
Fy be the total set (Fp = Q) and F; (i=1...k) be subsets satisfying:

FpoFioF,>..0F.oF (B.19)

Using these subsets the probability of failure can be computed by:

k
P(F) = P(F|F) P(Fi|Fi_1)...P(F\|Fy) = P(FIFy) [ | P(Fi|Fi-1) (B.20)
i=1

Honjo (2008) gives a comprehensive description of the computational procedure and

s Performance Function
Z=R-8

Failure Region

Design Point

" Stbfe Region
Figure B.2: A conceptual illustration of the SubSim method (Honjo, 2008)

the generation of samples my MCMC.
An importance measure that quite closely resembles the FORM importance factors

a; can be defined as:
U,

2t |l
where u,, is the mean value of the samples leading to failure in u-space. Notice that this

importance measure is only meaningful for a single limit state and cannot be used in
system reliability problems.

a; =

(B.21)
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B.6. ERROR MEASURES

Except MCS which is near exact and, therefore, used as the benchmark solution, all other
presented methods are approximations producing estimates P(F) of the "real" proba-
bility of failure P(F). A meaningful expression for the relative error in the estimate as
compared to the correct (i.e., benchmark) solution is:

ﬁun—Puw) B.22)

= ( P(F)

This measure will be used throughout this thesis wherever comparisons of reliability
analysis methods are made.

B.7. SYSTEM RELIABILITY

While element reliability addresses the probability of failure of a structural component or
a single failure mechanism, system reliability theory is required to determine the prob-
ability of sub(systems) and failure modes involving several mechanisms. The two basic
types of systems are the serial system and the parallel system.

-
B N
Figure B.3: A conceptual illustration of serial and parallel systems

While failure of any component leads to system failure, a parallel system only fails, if all
its components fail at the same time'. A polder or dike ring system is an example of a
series system. Failure of any dike section or hydraulic structure in the flood protection
system would lead to inundation. Examples of parallel system behavior are typically en-
countered where several (often sequential) mechanisms have to occur in a failure mode.
For example, where a blanket layer is present, heave needs to occur for piping to be ini-
tiated. Hence, both heave and piping are necessary for piping failure (see chapter 3).

Mathematically, series system failure can be described as the union of the compo-
nent failure events:

n
P(F)=JPWF) (B.23)
i=1

Parallel systems failure, on the other hand, is their intersection:

n
P(F)= () P(F) (B.24)
i=1

INotice that only brittle elements are considered here.Parallel systems with ductile failure behaviour of the
elements need to be treated differently but are not relevant to the scope of this study.
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B.7.1. PROBABILITY BOUNDS

For practical applications we can make use of the exact solutions for the reliability of
systems with n components presented in Table B.1, once the component failure proba-
bilities P(F;) are known. In the absence of information on the correlation between the
LSFs, the extreme cases of full dependence, independence or mutual exclusivity may
serve as upper or lower bounds. For situations where the correlation is known and there

components
system | gate operator
mutually exclusive independent fully dependent
n n
series QOR U ZB (upper bound) I—H(l—}’;) max{f?} (lower bound)
{THEHT- i =l
parallel |[_ JAND ﬂ 0 (lower bound) 117 m'm{Pl} (upper bound)

Table B.1: Probability of failure of a system with n components

are approximations to get a better estimate such as the narrower bounds proposed by
Ditlevsen (1979):

P(F) = ) P(Zi<0)-) max[P(Z;<0NP(Z;<0)] (B.25)
i=1 i=2 J<!
n i-1
P(F) = P(Z<0)+) max|[P(Z;<0)—-) P(Z;<0NnZj<0)|,0
i=2 j=1
where
O(—B7)-P(—P2) < P(Z;<0NZj<0) < O(—P1) - D(=p5) +P(—p7) - P(—P2)
- Bi—pwzi,zpBj

2
V317PZ.z

B.7.2. FIRST ORDER (LEVEL II) METHODS
First order methods such as FORM can only analyze one limit state (LSF) at a time.
Hence, probability of system failure cannot be determined in one FORM analysis. How-
ever, the influence coefficients a; offer possibilities to combine limit states and provide
point estimates for the system failure probability.

To begin with, the correlation between two failure modes is given by:

n
P22, =) Qi1 Qi (B.26)
i=1
Mendell and Elston (1974) proposed the following point estimate:

02,,2,8— P2
\/1 ~p%, zata=p)

P(FiNF)=® D(-pB1) (B.27)
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with

a= ;exp(—ﬁ—g (B.28)
(-p1)v2n 2
As shown by Phoon (2008) the estimate is quite accurate except for cases with large dif-
ferences between the reliability indices en high correlation at the same time.
Also the point estimate method by Hohenbichler and Rackwitz (1983) has proven to
be reasonably accurate. It does not offer a closed form solution, but requires solving the
following probability:

P(F|F) =Pz~ pq)_l(l - ()W) — wy/1-p?<0) (B.29)

where u and w are independent standard Gaussian variables and p = pz, 7. Eq. B.29
can be solved by any reliability analysis method (e.g., FORM) and the parallel system
failure probability term is found by using the definition of conditional probability:

P(F1NnF>) = P(Fz|F1)P(F) (B.30)

B.7.3. LEVEL III METHODS

Exact (level III) methods are usually perfectly capable of determining failure probabili-

ties for different limit states simultaneously and also probabilities of failure of (sub)systems,

if the system limit states are defined properly by using set theory or fault tree analysis.
Notice that in case of Subset simulation one needs to take care of a proper scaling of

the limit state functions in order to define proper intermediate limit states and properly

select the realisations that are used as seeds in the subsequent MCMC-steps.



LOCAL WATER LEVEL STATISTICS

This appendix describes how the (Gumbel) probability distributions for local water levels
were derived in this thesis.

Gumbel Distribution for Maxima The uncertainty in the annual maximum local water
level is described by a Gumbel distribution for maxima:

h—a

—exp (27| c1

Fr(h) =exp

Gumbel Distribution based on MHW and decimate height The design water levels
(M HW = Maatgevend Hoogwater) correspond with region-specific protection levels ex-
pressed in terms of exceedance probabilities (Fey., see Rijkswaterstaat, 2007). Combin-
ing this information with the so-called decimate height k.. (water level difference that
reduces F,,. by a factor 10), the local Gumbel parameters can be derived using the ex-
pressions below. In order to obtain the parameters, this set of equations needs to be
solved:

MHW -«
Fexc = exp|—exp (— T) (C.2)
F, MHW — hgeo) —
f;c exp | —exp (— ( 5 dec) = @ ) ] (C.3)
This results in the follwing parameters:
h
ﬁ _ dec (C.4)
Z2(Fexc) — 2(Fexc/10)
a = MHW+ Bz(Fexc) (C.5)

where z(F) =In(-In(1 - F)).
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UPDATING SCENARIO
PROBABILITIES

Observations such as the survival of an observed load condition can be used to update
the reliability of a structure. Where we deal with continuous and discrete probability
distributions, the latter often referring to scenarios of, for example, adverse geological
details, it is interesting to investigate the impact of taking the information into account
on the scenario probabilities. This appendix shows how scenario probabilities can be
updated using survival information.

D.1. BAYES THEOREM
The posterior probability of scenario E;, given the evidence ¢ is given by

PEJe) = —LEIEIPED D.1)
" X P(e|E)P(E)) '

The posterior probability distribution of random variables X is similarly defined by

P(elx) fx(x)

flxle) = TPl fxdx

~ P(e]x) fx (x) (D.2)

Eq. D.2 also holds for the joint PDF of a vector of random variables X. The like likelihood
functions P(e|E;) and P(g|x) will be denoted as L(E;) and L(x) respectively.

D.2. ONLY SCENARIOS

The simplest case for scenario updating is a situation where there are scenarios (E;) with
a deterministic resistance r; each. The probability of failure (F = U; r; < S|E;) is then

P(F):ZP(ri<S|Ei)P(Ei) (D.3)
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We want to include the information that the historical load § has been survived, which is
denoted as the following event or evidence:

e={F|S=§ (D.4)

The (relative) likelihood of a scenario is then the conditional probability of survival (i.e.,
non-failure):
L(E;) = P(F|E;) = P(r; 2 §) (D.5)

Since the r; are deterministic, the likelihood function is a Heaviside step function:

1, ri=s,
L(E;) =H(r; —s%) = . (D.6)
0, ri<s,
The posterior probabilities are by definition:
P(E;ile) ~ LIE)P(Ej)H(r; — s%) D.7)

Thus, the updating in this simple case implies that scenarios with r; < § are excluded
(i.e., the posterior probability is zero) and the remaining scenario probabilities are nor-
malized.

D.3. CONDITIONAL DISCRETE RESISTANCE DISTRIBUTIONS

An extension from the previous case is that the resistance per scenario is a discrete ran-
dom variable R; with possible realisations r;; and prior PMF p(r;;|E;), for which the
shorthand notation p(r;;) will be used where index i already indicates the dependence
with respect to scenario E;. The probability of failure

P(F)=) P(R;<SIE))P(E))=)_P(E;)))_ P(rij<S)p(rij) (D.8)
i i J

is updated with the same event as in the previous case.
e={F|S=s} (D.9)

Since the conditional probability distributions of the resistance per scenario are con-
ditionally independent (R; L R;|E;), their likelihood function does not depend on the
scenario likelihoods.

1, rij2§,

L(rij) = P(Flrij) =P(rij = §) =H(rl’j—8*):{ (D.10)

0, rij<s$,

The posterior conditional random variables are the normalized remaining variables (i.e.,
the values for which the structure would have survived):

L(rij) p(rij)

D.11
Y iLripp(rij) (D11)

p(rijle) =
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On the other hand, the likelihood function of the scenarios does imply the likelihood
function of the conditional resistance variables:

LE) =) P(rij=8)plrij) =Y _H(rij— p(rij) (D.12)
j j

Hence, the relative likelihood of the scenarios is actually their prior conditional proba-
bility of survival: L(E;) = P(F|E;). The posterior probability of the scenarios is obtained
by applying Bayes’ rule:

L(E)P(E;) _  P(FIE)P(E))

P(Eile) = = =
>, LE)P(E)) ¥ ;P(FIEj)P(E;)

(D.13)

D.4. CONDITIONAL CONTINUOUS RESISTANCE DISTRIBUTIONS

In contrast to the previous case, R; are now continuous random variables with PDF
fr; (r). The probability of failure is then given by:

P(F)=)_ P(E)P(R; <S|E;))=)_ P(E)) f fr;(r)(1 = Fs(r)dr (D.14)
i i

The observation is again survival of loading $:
e=1{F|S=§ (D.15)

Analogous to D.10, the likelihood function of the conditional random variable R; is given
by:
1, ri=s,

L(rj) = P(F|r;) = P(r; 25’)=H(ri—s*)={ | (D.16)
0, r;<s,

The posterior distribution f(r;|€) is the prior truncated at § and normalized with k to
obtain a proper PDF:
frile) = kH(r; — $) fr, (r;) (D.17)

The likelihood of the scenarios is, just like in the previous case, the prior conditional
probability of the evidence (i.e., survival):

L(Ei):P(EIEi)=P(F|Ei,{5=8'})=P(Ri>S')=ffRi(r)dr=1—FRi(§) (D.18)

N

The posterior probability of the scenarios is obtained by applying Bayes’ rule:

P(F|E;,{S= §)P(E)
P(E;le) = — ~ (D.19)
Y P(F|E;,{S= $)P(E))

Furthermore, the posterior probabilities of failure are determined applying the poste-
rior probability distributions for the scenarios (P(E;|¢)) and the conditional resistance
variable (f(r;|€)) in Eq. D.14 instead of the priors.
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D.5. CONDITIONAL AND UNCONDITIONAL CONTINUOUS RE-

SISTANCE DISTRIBUTIONS

D.5.1. CASE 1: UNCONDITIONAL DISTRIBUTION ALEATORY

In this case, in addition to R; which are the conditional resistances in scenario E; we in-
troduce scenario-independent noise term on the resistance side A. The additional term
is assumed (fully) aleatory, which implies that it cannot be updated. Different realisa-
tions in time are independent. The effect of such a "noise term" is the same as caused
by, for example, measurement uncertainties in the observed load, time-variant elements
in the resistance (e.g., rainy periods influencing the humidity of relevant ground proper-
ties) or spatial variability within the site.

The probability of failure is now given by:

P(F)=) P(E)P(Ri+A<S|E) = ZP(E,-)ff fr,(Nfa6)QA - Fs(r+6)drds (D.20)
i i

The observation is again survival of loading :
e=1{F|S=§ (D.21)

In contrast to the previous cases, the likelihood function is not a heavy-side step func-
tion anymore but a non-trivial probability. The updated distribution is not truncated
anymore, but re-distributed. That is the effect of introducing a non-observed random
element that is assumed to be aleatory (i.e., with independent realisations in each event).

L)) =P(Flr) =P(ri+A=§)=P(A=§—1;) =1-Fa(§—1}) (D.22)
Applying Bayes’ rule at this point as usual gives:
frile) = k(= Fa(§—1:)) fr; (i) (D.23)

Similar changes apply to the likelihood of the scenarios, which remains the (prior) con-
ditional probability of the evidence (i.e., survival):

L(E;) = P(F|E;,{S=§)=P(R; +A>§) = ff[l —Fs(ri+d)lfirile) fa®)dr;dé  (D.24)

The remaining steps to obtain the updated quantities are analogous to the other case
applying the standard formulae.

D.5.2. CASE 2: UNCONDITIONAL DISTRIBUTION EPISTEMIC

In contrast to case 1, now we consider another scenario-independent term R, which is
epistemic. In other words, it is not a noise term but reducible uncertainty. The probabil-
ity of failure is now given by:

P(F) :ZP(E,-)P(R,-+R,,+A<S|E,-) (D.25)
i

The observation is again survival of loading s:

e={F|S=§} (D.26)
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The likelihood function is now two-dimensional and the same for both scenarios.
L(ri,r) =P(Elri,r)) =P(ri+ry + A=) =P(A=§—r;—r,) =1-Fa(§—r;— 1) (D.27)

Therefore, the joint posterior distribution for each scenario is also two-dimensional. No-
tice that, even though the prior distributions were independent, the posterior may be
correlated and can, thus, not be taken simply as the product of the posterior marginal
distributions.

flriryle) =k = Fa(§— 1 — 1)) fr; (i) fr,, (1) (D.28)

Similar changes apply to the likelihood of the scenarios, which remains the (prior) con-
ditional probability of the evidence (i.e., survival):

L(E;) = P(F|E;,{S=$§)=P(Ri + Ry + A > $) (D.29)

The remaining steps to obtain the updated quantities are analogous to the other case
applying the standard formulae.






EXAMPLE DECISION TREE

This appendix describes how a fully risk-based decision tree would look like for the ex-
ample treated in Box 2 on page 60. Suppose we are dealing with the same example as in
Box 2 except for the fact that there is no target reliability constraint, but we know that the
that failure of the levee section would cause a damage of 10M<€. What would we choose
to do now: inspect, retrofit or do nothing?

- T N — 5
expected cost ~10"€ _o9),_no retrofitting _failure (p=10) inspection + failure cost: ~107€
a(\om’dN ¢ ~ Tho failure inspection cost: ~10*€

expected cost =10%€

expected cost: o ) . » . .
I failure =1 inspection + retrofitting + failure cost: ~10'€

0.9*10%€+0.1*10°€=10%
\ N0 failure inspection + retrofitting cost: ~10°€
A
__ failure (P= inspection + failure cost: ~107€
N6 failure inspection cost: ~10*€

expected cost =10%€ !
exp expected cost =10°€

- | =10"°) " " 7
retrofitting _ failure (p= retrofitting + failure cost: ~10°€

~  he Tailore retrofitting cost: ~10°€
/ ' =10 ) .
expected cost: failure (P= failure cost: ~10"€
102*107€=10%€ " nofailure no cost: 0€

Figure E.1: Simple Example Decision Analysis - Fully Risk-based Decision Tree

The decision tree now includes the cost of failure and the decision whether to do retrofitting
after inspection is now also a matter of the lowest expected cost. It is left up to the
reader to retrace that investing in inspection or doing nothing would be preferred over
retrofitting right-away with virtually no difference in expected cost. Notice that solving a
decision tree works from the consequences to the initial decision (here from right to left)
and that the nodes represented by squares are decision nodes, while circles represent
the state of nature.
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FIRST-ORDER SURVIVAL UPDATING

Calle (1999, 2005) describes an approach to update the reliability of a structure (i.e., an
element or failure mode) based on first-order reliability analysis (FOSM or FORM). It
is based on performance functions, which are formulated for the survived conditions
as well as for the conditions to be assessed in the future. The correlation between the
two functions, which can be derived from the FORM results, is the key for the updating
procedure.

The performance function for the survived ("historical") situation is denoted as:

Zh = Z(Xn) (E1)

where Xy represents the vector of all random variables involved in the performance
function (input variables, model parameters, model uncertainties etc.; here: R and S).
In a FOSM framework, the reliability index is given by:

E[Xy]

= E2
Bu o XD (E2)

The influence coefficients are defined as:

0Zy o(X;)

= — E3
ax; H 3X; o(Zm) (E3)

The probability of failure is calculated as:
P(Zg <0)=®(-fx) (E4)

So far, the calculated probability corresponds to the a-priori probability of failure in the
Bayesian approach. Hence, the reliability index is denoted as ;.

The vector of random variables for future assessments is denoted as Xg. the In the
same way as for the survived conditions, we can determine the (a-priori) expected value
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E[ZF], the standard deviation o(ZF), the reliability index ,6% and the influence coeffi-
cients ay; r. The probability of failure is determined by:

P(Zp <0) = ®(- ) (E5)

The fact that the historical load situation was survived means that the performance func-
tion Zy must have been greater than zero. The most important assumption made in this
approach is now that Zy and Zr are normal distributed random variables'. The condi-
tional expectation and standard deviation of Zr can then be expressed as:

¢ —El[Zg]

E|Zp|Zy =& = E[ZF]l + p(Zy, Zp) 0(ZF) ———— (E6)
o(Zy)

0(Zp|Zy = &) = 0(Zp)\/1-p*(Zy, ZF) (E7)

where p(Zp, ZF) is the correlation coefficient between Zy and Zr, determined by:

n n
p(Zu, Zp) = ) Y ax,u ax;r p(Xiu Xjr) (E8)
i=1j=1

The conditional expectation of Zr, given Zy <0, can be determined by:
BZe\Zi > 01= [ BIZelZ0 =81 4,60 d¢ (E9)
0

where ng (&) is a truncated normal distribution, based on the a-priori distribution féH (zg),
truncated at zero due to the observation of survival, that is:

@ (ifz[i’f ]) @ (&laZm) - B
o(Zy )qn( ZH]) o(Zm®(B,)

f7,© = (E10)

The conditional standard deviation of Zr, given Zy < 0, is remains the same as in Eq. E7,
since it is independent of {. Assuming a normal distribution of the resulting posterior
reliability index is given by:

E[ZFp|Zy > 0]

i E1l1l
Prizu=0 ™ o (Zp| Zy > 0) (E1D
Elaboration of the right side gives:
1 o(BYy)
——— Zu, ZF) —=— (E12)
IBFIZH>0 \/m :BF P\ZH, LF (D(ﬂ

The updated probability of failure becomes:

P"(Z1) 2450 < 0) = D(— ﬁF|ZH>0) (E13)

1For limitations and references refer to Calle (2005).



RELIABILITY UPDATING WITH
EQUALITY INFORMATION

This appendix contemplates two methods for (Bayesian) reliability updating with equal-
ity information, their commonalities and differences. The first, from here on called the
"Transformation Method", is described in Ditlevsen (1996), the latter in Straub (2011).

G.1. BASIC DEFINITIONS
The failure event is defined as
F=7ZX<0) (G.1)

where Z(-) is the (failure) limit state function and X the vector of random variables with
PDF fx(x). Consequently, the probability of failure is given by

P(F) = f f fK®)dx (G.2)
Z(x)<0

If observation can be described in equality form by
e={h(X=0)} (G.3)

where h(-) is the observation limit state function, there are different methods to update
the probability of failure, i.e. to obtain

P(Fne)

P(Fle) = o

(G4)

Two methods to compute the updated reliability are described and compared below.

215



216 APPENDIX G

fluv) )

Y7

Figure G.1: Probability density of v conditional on observed #, where v and u are standard normal distributed
and correlated with p.

G.1.1. TRANSFORMATION METHOD

The "transformation method" is based on transforming the limit state function (i.e.,

safety margin) g and the observation / into Standard Normal space variables u and v.
If 71 is observed, the conditional probability distribution f(v|#) is Normal distributed

with mean and standard deviation:

Poig = pU (G.5)
Oy = 1-p2 (G.6)

where p is the (linear) correlation coefficient. For extreme cases this signifies:

° p = 0 (no information): If there is zero correlation, no information is provided
and the updated mean and standard deviation are equal to their prior values (i.e.,
Hyjp=0and oy =1).

e p =1 (perfectinformation): If there is perfect correlation, the updated mean equals
the observed (transformed) value and the standard deviation is zero (i.e., fyz =
and o3 =0).



G.1. BASIC DEFINITIONS 217

G.1.2. STRAUB (2011)

Straub starts by partitioning the random variables X in two sets: X, and X}, whereby
the latter contain the random variables in X that only appear in h(x) and the former the
remaining ones. If X}, is a scalar variable', the likelihood function (in general: L(x|e) =
P(e|X=x)) can be written as

ny
L(xg) < ) fx,[&n,j(xg)] (G.7)
j=1

where %, ; are the ny, roots of h(xy,Xg) for given xg. In most cases X, represents a mea-
surement error e,,, in which case the likelihood simplifies to

L(xg) :fem[sm_s(xg)] (G.8)

where sy, is the measured value of the system charateristic s(x) and f,,, () is the the PDF
of the measurement error.

The key element in the the transformation to an inequality problem is rewriting the
likelihood function as the following identity

L(xg) = %P (U-@ ' [cLixg)] =0) (G.9)

where U is a standard Normal random variable and c is a positive constant” chosen to
ensure that 0 < cL(xg) < 1. This enables expressing the likelihood function by the follow-
ing equivalent (observation) limit state function

he(Xg,u) = u— ! [cL(xg)] (G.10)
and the corresponding (inequality) domain
EeE{he(Xg’u) <0} (G.11)

The conditional probability of failure is obtained by

PENE)  Jpne, X FIPU0) At dXg

P(e) f Jx, (xg)p(w) du dxg
Ee

P(Fle) = (G.12)

where ¢(-) is the standard normal PDF and similarly for multiple observations (Straub,
2011). Notice that both, the numerator as well as the denominator can be evaluated
straightforwardly using standard (structural) reliability analysis methods, including sam-
pling techniques such as Monte Carlo simulation.

For observations depending on several random variables or several simultaneous observations refer to the
original paper (Straub, 2011).

2For a Normal distributed measurement error, a proper choice of c is ¢ = g¢,,, /¢(0) = 0¢,,/0.39, where o, is
the standard deviation of the measurement error e,.
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G.2. SIMPLE EXAMPLE (NORMAL-LINEAR)
The example limit state function is

Z=R-S§ (G.13)
where R ~ N(6,v2) and S ~ N(2,v/2), which makes Z also Normal distributed with
Z~N4,2).

The prior reliability index, hence, is

4
p=H2_"_» (G.14)
(4 2

resulting in a prior probability of failure of P(F) =2.3-1072.

Suppose we have a measurement (i.e., observation) of the resistance of r;,;, = 8 with mea-
surement error e;; ~ N(0,1).

In the following, this example will be elaborated using both methods. Since all ran-
dom variables are Normal distributed and the limit states are linear, the "Transformation
Method" solution will give the exact answer. We will see that also the method by Straub,
here solved using Monte Carlo simulation, gives the exact same answer.

G.2.1. TRANSFORMATION METHOD
Since both, resistance R and measurement error e,, are uncertain, the observation is a
random variable, too, which is described by

Rp=R+ep (G.15)

and Normal distributed: Ry, ~ N(ug,\/0%+0%, ) = N(6,v/3). The joint distribution of
failure and the observation is thus bivariate Normal with correlation coefficient:

COV(Z,Ry) 0% 2
PZRy, = e (G.16)
O Z0R,, Oz0R, 2V3
Transforming the observed resistance value r;, into standard normal gives
Tm— 8—-6
R (G.17)
O Ry, V3
Inserting in equations (G.5) and (G.6) provides the conditional moments of v:
- L2 2/3 (G.18)
Hvlu \/§ \/§ .
ouu = \V1-Q1/V3)2=V2/3 (G.19)
Now we transform into real space again (v|i — Z|r7,)
Hzir, = /.tv|120‘2+/.tz=2/3-2+4=16/3 (G.20)

Ozir;, = Opu0z=V8/3 (G.21)
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Thus, the conditional (i.e., updated) reliability index becomes

. 16/3
n_ Bz _ ~3.27 (G.22)

ozir,, V8/3

with a corresponding probability of failure of P;! =5.5-10—4. Since all random variables
are Normal distributed and the limit states are linear, this solution is exact.

G.2.2. STRAUB (2011)

The equality information can be described by
h(R,em) =R+em—Tn (G.23)
The corresponding likelihood function is given by
L(r) = fe,,(Ffm = 1) (G.24)

Hence, the corresponding equivalent inequality limit state function for the observation
can be written as
he(nu)=u—cL(r)=u—cfe, (Fn—r1) (G.25)

where in this example we can assume ¢ = 1 m.
Hence, to determine the posterior probability of failure the following expression can be
solved by standard reliability analysis methods:

I fr() fs()pwdudsdr
P(Fne) _ {r<sinthe(r,u)<0}

P(e) I frRnewdudr
he(r,u)<0)

P(Fle) = (G.26)

Monte Carlo simulation with n = 107 realizations gives exactly the same posterior relia-
bility index as the (for this example exact) "Transformation Method": " ~ 3.27.

G.3. CONCLUDING REMARK

The simple example with Normal random variables and linear limit states showed that
the Straub (2011) method gives exactly the same result as the "Transformation Method"
method, for which the result is exact because no approximations or errors in the trans-
formation are made. The great advantage of Straub’s method is that it can be used in a
straightforward fashion with simulation-based reliability analysis methods, for which it
is used throughout this thesis.






APPLICATION EXAMPLE RESULTS

This appendix contains the detailed results of the application example used throughout
this thesis, while the respective chapters only provide summaries and highlights.

H.1. PRIOR ANALYSIS
This section contains the detailed results of the prior analysis from section 3.5.

Table H.1: Application Example - Prior Results Summary

PRIOR ANALYSIS P(F) = 1.9E-3
Uplift Heave Piping Failure
P(E;) | P(FulEy) | P(F,|E;) | P(FplE) | P(FIE) | PEYPFIE
17.6% | 1.8E-2 1.0E-1 | 48E-4 | 14E—-4 | 25E-5
62.4% | 2.8E-2 1.7E-1 | 5.7E-4 | 22E-4 | 1.3E-4
4.4% 1.0E-0 | 1.0OE-0 | 87E-3 | 89E-3 | 39E-4
156% | 1.0E-0 | 1.0E-0 | 83E-3 | 83E-3 | 1.3E-3

W DN | e
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H.2. PRIOR FRAGILITY CURVES

1
----- uplift
----- heave
0.8 = = =piping
. failure
< _06 ——h (PDF)
=
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0.2
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1
Figure H.1: Prior fragility curves, E1
1
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. failure
< .06 ——h (PDF)
LL_C
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Figure H.2: Prior fragility curves, E»
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Figure H.3: Prior fragility curves, E3
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Figure H.4: Prior fragility curves, E4
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H.3. FIELD OBSERVATIONS
This section contains the results of the posterior analysis of the application example for
field observations as discussed in section 5.5.

Table H.2: Application example for field observations, dike ring 10 (Mastenbroek) - prior and posterior analysis
results summary

PRIOR ANALYSIS P(F) = 1.9E-3
Uplift Heave Piping Failure
i | P(Ep P(FulE;) P(Fp|E;) | P(FplEp P(F|E;) P(E;)P(F|Ey)
1| 17.6% 1.8E-2 1.0E-1 | 48E-4 14E-4 2.5E-5

2 | 62.4% 2.8E-2 1.7E-1 | 5.7E-4 2.2E-4 1.3E-4
3

4

4.4% 1.0E-0 1.0E-0 | 8.7E-3 8.9E-3 3.9E-4

15.6% 1.0E-0 1.0E-0 | 83E-3 83E-3 1.3E-3
POSTERIOR - NO SEEPAGE P(F) = 14E-4

i | P(Ejle) | P(FulEje) | P(FylEy) | P(FplE;e) | P(FIEje) | P(Eile)P(FIE;,¢)
22.4% 6.3E-3 1.0E-1 | 43E-4 1.0E-4 9.6E-5

77.6% 8.7E-3 1.7E-1 | 5.2E-4 1.5E—-4 4.0E—-4

0.0% 1.0E-0 1.0E-0 | 8.7E-3 8.9E-3 0.0

0.0% 1.0E-0 1.0E-0 | 83E-3 84E-3 0.0

POSTERIOR - SEEPAGE P(F) = 71E-3
P(Ejle) | P(FylEje) | P(F,IEy) | P(FplEje) | P(FIEje) | P(Ejle)P(FIE; )
27% | 33E—1 11IE-1 | 1.1E-3 63E—4 | 31E-5
152% | 3.4E-1 19E-1 | 88E-4 49E-4 | 13E-4
18.1% | 1.0E—0 1.0E-0 | 8.7E-3 8.7E—3 | 1.6E-3
64.0% | 1.0E-0 1.0E-0 | 84E-3 84E-3 | 54E-3
POSTERIOR - SAND BOILS P(F) = 79E-3
i [ P(Eile) | P(FulEj &) | P(FLlE;) | P(FplEje) | P(FIEje) | P(Eile)P(FIE;,€)
1.1% | 1.2E—1 31E—1 | 20E-3 1.7E-3 | 2.1E-5
77% | 1.6E-1 40E-1 | 1.2E-3 1.0E-3 | 94E-5
20.1% | 1.0E—0 1.0E-0 | 89E-3 8.7E-3 | 1.7E-3
71.2% | 1.0E-0 1.0E-0 | 84E-3 84E—-3 | 6.0E-3

B W N | -

R O
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H.3.1. POSTERIOR ANALYSIS - NO UPLIFT
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Figure H.5: Posterior fragility curves, no uplift, E;
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Figure H.6: Posterior fragility curves, no uplift, E»
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Figure H.7: Posterior distributions, no uplift, E1
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Figure H.9: Prior and posterior scenario probabilities, no uplift
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H.3.2. POSTERIOR ANALYSIS - UPLIFT & NO PIPING
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H.4. HEAD MONITORING

This section contains the results of the posterior analysis of the application example for
head monitoring as discussed in section 6.3.

The fictitious observations in this example can be summarized by the following pa-
rameters

* measured value of hydraulic head: ¢, =2.1 m
°* measurement error: g, =0.1 m
« observed water level: 2 =3.5m
Notice that the underlying assumption is that the measured head is the steady state re-

sponse to the observed water level. In other words, the water level needs to remain high
for along duration (i.e. several days) to justify such an assumption.

Table H.3: Application example head monitoring, dike ring 10 (Mastenbroek) - prior and posterior analysis
results summary

PRIOR ANALYSIS P(F) = 1.9E-3
Uplift Heave Piping Failure

i | P(Ey P(FulEj) P(Fy|E;) | P(FplEp) P(F|Ej) P(E;)P(F|E;)

1| 17.6% 1.8E-2 1.0E-1 48E-4 14E-4 2.5E-5

2| 624% | 28E-2 1.7E-1 | 5.7E—-4 22E-4 1.3E-4

3| 44% 1.0E-0 1.0E-0 | 8.7E-3 89E-3 39E-4

4 | 15.6% 1.0E-0 1.0E-0 | 83E-3 83E-3 1.3E-3

POSTERIOR ANALYSIS P(F) = 14E-14

i | P(Ejle) | P(FylE;€) | P(FLIE;) | P(FplEj,e) | P(F|E; ) | P(Ejle)P(F|E;,¢)
41.3% 1.6E-2 8.8E-2 | 1.5E-4 5.0E-5 2.1E-5

58.7% 24E-2 1.5E-1 24E-5 1.8E-5 1.1E-5

0.0% n/a n/a n/a n/a 0.0

0.0% n/a n/a n/a n/a 0.0

W N -
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PROBABILITY OF ANOMALY
DETECTION

The following sections contain the derivations of the probability of detection (PoD; i.e.,
the probability of detecting an anomaly, given it is present) for different probability dis-
tribution functions of the anomaly width B. For a given (equidistant) inter-CPT distance
d, the probability of detecting (i.e., hitting) the anomaly is given by:

PD|A) = ! B>d (I.1)
~ |B/d B=d '
‘e
= PB>d+ [ % faas 12)
0
re
= 1-F@+ [ S e 13)
0
Consequently, the probability of not detecting (i.e., missing) it is:
‘e
P(DlA):1—P(D|A):F3(d)—fgf3(€)d€ (1.4)
0

In the following, we will derive P(D|A) =1- PoD, because the expression is shorter and
more relevant to the problem than P(D|A) itself.
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Figure I.1: Definitions for the derivation of the PoD of an anomaly by equi-distant soundings (CPT)

I.1. NORMAL-DISTRIBUTED WIDTH B

The PDF and CDF of a Normal-distributed width B (B ~ N(up,0p)) are denoted respec-
tively as:

_ 1 C1(§-pp)?_ 1 (§-ps
O = \/Z_JraBeXp 2( OB ) _UB¢( OB ) (1-5)
¢
_ _(&—uB
Fp(&) = _f fB(ﬁ)dé—d)( = ) (L.6)

where @(-) and ®(-) are the standard Normal CDF and PDF respectively. Inserting the
PDF in Eq. 1.4 gives:

d
- 1 1(&-pp)?
P(D|A) = F d——f (——( ))d 1.7
(DIA) B(d) d\/ﬁaEOfeXp 2\ "op ¢ L7
_ 2
OB df—HB exp(—%(‘(a’:}))
= Fpld)-— d 1.8
B(d) d_oo oh Tros ¢ (1.8)
ld exp(_%(%)z)
- —d 1.9
d. KB 0 ¢ L9
2
d exp(_;(ffus) )
- _ kB, 0B [C-pB 2l
= Fpd)(1 d) p = T dé (1.10)

—00
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Substituting with
t = 6_u3:>§=03t+/43 (L.11)
0B
dé = ogdt (1.12)
{=-00 = t=-00 (1.13)
&=d = t=w (1.14)
oB
gives
d-pp
UB 12
54 = _ps,_op [ exp(-3r)
P(D|A) = Fpd)( d) p J N dt (I.15)
= FB(d)(l—%B) (1.16)
_1(d-ps)?
ox exp( 2( oB )) w17
d V2m '
- FB(d)(l—”—B)—a—ng(d_“B) (1.18)
d d OB
2
_ _kB)_ %
= Fp(d)(1 d) de(d) (1.19)

Note that by choosing zero as the lower limit for the integration would probably avoid
problems with negative berm width values. For properly accounting for this fact it would
be better to choose a distribution type that does not allow negative values, like a Trun-
cated Normal or a Lognormal Distribution. Nevertheless, for small coefficients of vari-
ation, say less than 10%, the expression is a very good approximation for results not to
close to zero.

I.2. TRUNCATED NORMAL-DISTRIBUTED WIDTH B

The PDF and CDF of a Truncated Normal-distributed width B (B ~ TN (up, 0 s, a, b)) with
limits a and b (—oo < a < b < o) are denoted respectively as:

1 [
—p(=)
_ op op
O = POUSTTINRETE (1.20)
OB OB
[ a-pB
O(==)-0(—=)
Fp(é) = 75 75 (1.21)

b— - )
D(ZE) - d(EE)

where ¢ (') is the standard Normal PDE up and o are the mean and standard deviation
of the non-truncated Normal distribution. Since for this specific problem we are only
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interested in left-truncating the Normal distribution for avoiding physically impossible
negative values of B, with a = 0 and b = co the expressions simplify to:

fB(&)

Fg(&)

£ -
7P GoCER)

1-o(-58) %))
GO RLICT R IC S
1-0(-£2) (L)

Inserting the PDF in Eq. 1.4 gives:

P(D|A)

Substituting with

d
1 1(é-pp)?
E (d)-—[ (--(—) )d
B d\/ﬁ(fg@(g—g)ofexp 2\ op ¢
2
d exp(_%(ffus))
Fp(d) - oB ¢—up 9B e

d@(ﬁ—ﬁ) J OB V2rog

. d exp(_%(%)z)

pp—————7p—dé
dJ V2nop®(52)

OB df—uB eXp(_%(E;I;B)Z)

HUB
Fp(d)(1-—=)-
b d d@(g—ﬁ)o OB V2n
t = w3f=0’3t+ﬂ3
o3
dé = opdt
(=0 = t:—H—B
OB
d—
f=d = (=2"FE

0B

(1.22)

(1.23)

(1.24)

(1.25)

(I.26)

(L.27)

(1.28)

(I.29)
(1.30)

(L.31)
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gives

d-pp
7B 1,2
= HB OB f exp (—51°)

P(D|IA) = Fgldl-—7)- t————=—=dt 1.32
(DIA) s~ E) e N (1.32)
B~ _EB

OB
= FB(d)(l—%B) (1.33)
d-up\? 2
o3 eXp(_%(TgB) ) EXP(_%(_ﬁ) ) (1.34)
de(52) v2n V2n '
- o dcim (5t (52
= Fpd)(1-—7)- - —_— 1.35
pa)1-E) dq)(g_i)(¢>( R (1.35)
2
g
= FB(d)u—%B)—f(fB(d)—fB(O)) (1.36)

The main difference between the Normal and the Truncated Normal solution only lies
in the normalization constant 1/(1 —®(—up /o)), which is small for small coefficients of
variation of the width (Vg =op/up).

I.3. LOGNORMAL-DISTRIBUTED WIDTH B

The PDF and CDF of a Lognormal-distributed width B (B ~ LN(Ap,({p)) are denoted re-
spectively as:

1 1 1n,5—)LB)2
= -= L3
fB(&) e exp 2( Ts (I.37)
_ ; L1 Iné-Agy (Iné-Ap
Fp(§) = ffg(f)df~ E+§erf[ ] —d>( o ) (1.38)

= V25

where (g =+/In(1+ Vé) (Vp=o0p/up)and Ap =lnup —(%/2 are the Lognormal parame-
ters of B. Inserting the PDF in Eq. 1.4 gives:

d

_ 1 1(Iné-Ag)?
P(DIA) = F d——f (——( ))d L.39
(DIA) B(d) dchOexp 2 s ¢ (1.39)

1 ¢ 1(Iné-2Ag\?

n¢—Ag
= Fpld) — —— —— d 1.40
3(@) d\/chBOfEXp( 2( (3 )) d (140
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By substitution using the following considerations

o= ln‘}_’lB:f:exp((Bth) (1.41)
B
d¢ = J(pexp({pt+Ap)dt (1.42)
£=0 => t=-o00 (1.43)
i=d = = nd-Ag (1.44)
(B
we obtain
Ind-Ap
1 F 1
A _ _ 1
P(D|A) = Fg(d) N _[o exp( Zt)(Bexp((Bt+)LB)dt (1.45)
Ind-Ag
s [ 1
_ _ €xpiiAp )
= Fg(d) N _[o exp( 21.‘ +(Bt)dt (L.46)
Ind-Ap
Ap) [ 1
- _ &piip) _l2_
= Fg(d) N f exp( z(t ZCBI))dt 1.47)
Ind-Ap
s F 1 1
= _exp—B _ ({2 _ 2 72
= Fy(d) N _Ofo exp( S 2(3t+CB)+2(B)dt (1.48)
Ind-Ag
(B
exp(Ap +3(%) f (1 2)
= Fpld)—- ——— ——(r— dt 1.49
B(d) NG ) exp 2( {B) (1.49)
We substitute again with
u = t-(p (1.50)
dt = du (I.51)
I=—00 => U=-00 (1.52)
pond=As o _Ind-Ap (1.53)
(B (B
and obtain
Ind-Ap
exme+ch)( T Vexp (L)
= _ _ 258 2
P(D|A) = Fp(d) — _!O —\/Z_n du (1.54)
Ap+ 32 -
_ FB(d)_exp( B ZCB)(D(lnd /IB_CB) (1.55)
d (B
_ A +l 2 _
_ q)(lnd JLB)_eXp( B ZCB)q)(lnd )LB_(B) L.56)
(B d (B



CONDITIONAL SIMULATION

This appendix describes a procedure to produce conditional realisations of random fields
using LAS and Kriging (adapted from Van den Eijnden, 2010).

Let Zr be the true but unknown stationary random field with known correlation
structure of which we know a limited number of (conditioning) points Z7; at locations
x;. The following steps lead to conditional realisations for this field:

1. Compute a best estimate of the field by Kriging (Zx).

2. Simulate a zero-mean unconditional field (Zp) using the known correlation struc-
ture and apply Kriging to the values Z; at locations x; to obtain Zyx. (The vari-
ances of both kriged fields, Zx and Zyk, are equal because they are both a function
of the locations x; and the correlation structure only.)

3. Map the difference Z; — Zyx on the best estimate of the true field Zg to generate
the conditioned realisation: Z¢ = Zx + (Zy — Zok)- (The expected difference between
fields Zr and Zg is given by the Kriging error and is equal for Zy — Zyx.)

The resulting field Z¢ is a conditional realisation of the true field Z7 which honors the
known conditioning points, the field mean and correlation structure. For an illustration
of the steps see Figure J.1.
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True unknown field (Zr)’ observed values (ZTQ and kriged field (ZK)
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Figure J.1: Tllustration of the steps in conditioning random field realisations to observed values in 1D.



LIST OF SYMBOLS

Roman Capital Letters
A presence of an anomaly (event)
B breadth of the dike (footprint) or anomaly [m]
C cost (e.g., of a measure) €l
Cr cost of retrofitting €]
Cs cost of site investigation €]
Cy covariance function
cov covariance
D thickness of the aquifer [m]
D detection (event)
E event or possible system state (scenario)
F failure or system failure (event) or CDF
F1/2/3 resistance/scale/geometry factor in revised Sellmeijer formula
H head difference (m]
H, critical head difference (for piping) [m]
L seepage length [m]
Ly length of the foreshore (m]
Ly, length of the hinterland [m]
Liode length of levee contributing to the system reliability [m]
N number of realisations (MCS)
Np number of realisations leading to failure (MCS)
R resistance (random variable)
S load (random variable), strategy
Vi coefficient of variation of X (= o;/u;)
w hydraulic resistance [sm™1]
X vector of random variables [X; X...X,] T
VA limit state function (random variable)

For symbols which are used with many subscripts, only the main symbol is stated in the lists below, while the
subscripts are listed separately.
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Roman Small Letters

d7om
dcpr
dcpTx

u(a)

X0

*

Xexit

action (i.e., decision alternative)

optimal action or decision alternative

Gumbel location parameter for the water level
Gumbel scale parameter for the water level
percolation factor according to Bligh (1910)
thickness of the blanket layer (at the exit point)
median grain diameter

70! h-percentile of the grain size distribution (aquifer)
reference value for d7g in revised Sellmeijer model
sounding interval (in longitudinal direction)
sounding interval (in transversal direction)
sounding interval (also denoted as dcp7)
measurement error

gravitational constant (=9.81)

performance (limit state) function of failure mode i
water level

observed water level

observation (limit state) function

equivalent observation (limit state) function

top level of the aquifer

critical water level

phreatic level at exit point (landside)

surface level

exit gradient

critical gradient

limit gradient

specific conductivity (aquifer)

specific conductivity of the foreshore blanket
specific conductivity of the hinterland blanket
equivalent correlation distance of an LSF

model factor Bligh’s Rule

model factor piezometric head / damping model
model factor piping

model factor uplift

porosity

probability

acceptable (target) annual probability of failure
coordinates in a horizontal plane for point i
standard Gaussian random variable

utility for action a

design point (FORM) in u-space

i’" realization of vector of random variables X
design point (FORM) in x-space

distance of a potential exit point from the dike toe

[m~1

(m]

(m]
(1 m]
(m]
(m]
(m]
(m]
[m]

[ms™

(m]
[m]

[m]
(m]
(m]
[m]

[m/s]
[m/s]
[m/s]

(m]
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Greek Capital Letters
Adpe,u equilibrium (or limit) potential difference for uplift [m]
Q design parameters for retrofitting measures
v design parameters for site investigation measures
S} state of nature
Greek Small Letters
a; importance factor (FORM) of random variable X;
B reliability index
Br target reliability index (annual basis)
9 (auto-)correlation distance [m]
0o scale of fluctuation [m]
£ evidence or observation (domain)
Ee equivalent evidence or observation (domain)
€ relative error
n drag coefficient
Yd dry volumetric soil weight [kN/m?]
Ys volumetric weight of sand grains (=26.5) [KN/m3]
Ysat saturated volumetric weight [kN/m3]
Yw volumetric weight of water [kN/m3]
i mean value of X;
pi.v mean of the equivalent Normal distribution of X;
A damping factor (piezometric head)
Ai leakage length of aquifer section i [m]
v dynamic viscosity of water at 10°C (=1.33-1079) [m?/s]
o possible outcomes of experiments
[0) piezometric head or potential [m]
p coefficient of correlation, correlation function
o standard deviation of X;
Uﬁ.v standard deviation of the equivalent Normal distribution of X;
6 state of nature (parameters)
0 bedding angle (in Sellmeijer’s rule) [deg]
T distance or lag [m]
¢ dummy parameter
Superscripts
f future
p past



256 LIST OF SYMBOLS

Subscripts

aquifer

landside (in Dutch: binnenwaarts)
critical

design value

error

foreshore

failure

heave

characteristic value
measurement

observation, observed
piping (or polder)
retrofitting / reinforcement
site investigation (or surface)
system (of flood defenses)
uplift

©“ I3 QO banlind ~ ® QO T Q
$ITET

1%}
R
©

Mathematical Operators

1[-] indicator function

A complement of event A (in figures also denoted as =1 A)
E[-] expectation operator

Ix©) probability density function (PDF) of X

Fx() cumulative distribution function (CDF) of X

H() Heaviside step function

L) likelihood function

P() probability operator

P(A|B) conditional probability of event A given event B

¢() Standard Gaussian probability density function (PDF)
D() Standard Gaussian distribution function (CDF)

xT transpose of vector X

Probability Distributions

To indicate that a random variable is Normal or Lognormal distributed, the following notations
are used respectively:

X; ~ N(y;09)
X; ~ LN(u;0;)

where p; and o; are the mean and standard deviation.
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Abbreviations
CDF cumulative distribution function
CoV coefficient of variation
CPT Cone Penetration Test
FORM First Order Reliability Method
GIS Geographical Information System
JPDF joint probability density function
LAS Local Average Subdivision
LSF limit state function
LSFE limit state function evaluations
MCMC Markov chain Monte Carlo (simulation)
MCS (Crude) Monte Carlo simulation
MSE mean squared error
n/a not applicable
NAP Normaal Amsterdams Peil (reference level)
nom nominal value
NI numerical integration
PDF probability density function
PMF probability mass function
PoD probability of detection
QRA quantitative risk analysis
REF reference level (e.g., NAP)
RV random variable
SLS serviceability limit state
STD standard deviation
SubSim Subset Simulation

ULS

ultimate limit state
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SAMENVATTING

IJKEN zijn essentieel voor de hoogwaterbescherming van deltagebieden wereldwijd.

Veel dijkdoorbraken worden veroorzaakt door het faalmechanisme piping (interne
erosie), piping levert tevens een belangrijke bijdrage aan de faalkans van met name
rivierdijken vanwege de aanzienlijke onzekerheden in ondergrondeingeschappen. De
voorliggende dissertatie laat zien hoe onzekerheden omtrent piping kunnen worden
verkleind en hoe een rationele onderbouwing kan worden gegeven van beslissingen in
maatregelen ter reductie van onzekerheden, zoals grondonderzoek of monitoring. In
essentie gaat het hierbij om de afweging of investeringen in metingen zich terugbetalen
in termen van besparingen op dijkversterkingen die noodzakelijk zijn om het verseiste
betrouwbaarheidsniveau te waarborgen.

De kernelementen van de voorgestelde aanpak zijn de Bayesiaanse posterior en beslis-
analyse. Posterior analyse stelt ons in staat om de faalkans bij te stellen op basis van
nieuwe informatie; met Bayesiaanse beslisanalyse kan een inschatting worden gemaakt
van de gevolgen en kosten van de beschouwde beslisopties. Het ultieme doel van de
beslisanalyse is de beslisoptie of strategie te bepalen met welke de doelbetrouwbaarheid
(norm) met de, naar verwachting, laagste kosten bereikt wordt. De beschouwde strate-
gién zijn in essentie (a) investeren in het reduceren van onzekerheden zoals grondonder-
zoek of monitoring of (b) dijkversterking of combinaties van beide. Binnen elke strate-
gie worden ook de ontwerpparameters geoptimaliseerd zoals bijvoorbeeld de afstand
tussen sonderingen of de breedte van pipingbermen.

Er worden in deze dissertatie meerdere bronnen van informatie onderzocht. De
eerste is veldobservaties tijdens hoogwaters zoals zandmeevoerende wellen of kwel. Tot
op heden werd vooral naar het "overleven" van de dijk gekeken door middel van zoge-
naamde bewezen sterkte analyses. Met de hier voorgestelde aanpak kan worden gedif-
ferentieerd tussen waarnemingen die op meer of juist op minder weerstand tegen pip-
ing duiden. De uitkomsten van de beschouwde voorbeelden suggereren dat de piping
faalkans grofweg zowel met een factor 10 kan afnemen als met een factor 10 kan toene-
men afhankelijk van de a-priori onzekerheden en het type waarneming.

Ook monitoring van de grondwater response in watervoerende lagen tijdens hoog-
waters levert belangrijke informatie over de geo-hydrologische gesteldheid in de fun-
dering van de dijk. Het meenemen van deze informatie kan een behoorlijk effect op de
faalkans hebben. Hetzelfde geldt voor grondonderzoek bijvoorbeeld door middel van
sonderingen, welke met name beter inzicht in de opbouw van de ondergrond geven.
Voor piping is hierbij vooral het in kaart brengen van watervoerende en slecht doorla-
tende lagen van belang. De gekozen beslisanalytische aanpak stelt ons in staat om de op-
timale monitoring configuratie of sondeerdichtheid te bepalen zodat de totale verwachte
kosten bestaande uit meetkosten en versterkingskosten minimaal zijn.

De uitgewerkte voorbeelden en cases doen vermoeden dat het verwerken van vel-
dobservaties, monitoring en grondonderzoek zeer kosteneffectieve maatregelen kun-
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nen zijn. Verder laten de resultaten zien dat het gekozen raamwerk suboptimaal is om-
dat risicoverlaging door verkleinen van onzekerheden niet meer wordt beloond als de
norm-faalkans (het vereiste betrouwbaarheidsniveau) eenmaal behaald is. Een volledig
risico-gebaseerde aanpak zou tot nog meer efficiéntie leiden, de vraag is echter of dat
praktikabel is.
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