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The role of load variations in assessing credible dike failure probabilities:
balancing load and strength uncertainties
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ABSTRACT

Assessing dike safety is of key interest to societies in low-lying areas, but results can be implausible
when, for example, they contradict the observed performance of the dike. To improve credibility,
load monitoring data can be incorporated using reliability updating techniques. This paper
investigated the role of load variations in reliability updating and assessing credible failure
probabilities. It was found that the impact of reliability updating increases when load variations
are small, as a large contribution to failure probabilities comes from relatively frequent load
levels, of which the conditional failure probabilities are reduced most through reliability
updating. Moreover, a credibility check was introduced for dikes that have been stable for
decades, where load levels with return periods of up to 10 years are not expected to contribute
more than 50% to the failure probability, indicating an imbalance between load variation and
strength uncertainty. This imbalance occurs when the inverse gradient of the fragility curve
exceeds 1.5 times the decimate height of the load. Many Dutch dikes, including canal dikes and
dikes along the large lakes and delta regions, have small decimate heights. For these dikes,
strength uncertainties must be sufficiently small to obtain credible failure probability estimates.
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1. Introduction performance of the flood defence. Simpson, Pappin,

and Croft (1981) suggested using so-called worst
credible parameter values in calculations, which

To provide flood protection, transportation, energy and
freshwater, society depends on various earthen embank-

ments. The safety of these structures often requires per-
iodic assessment (European Commission 2024; CEN
2004). In the Netherlands, over 10,000 kilometres of
dikes provide flood protection, including both regional
and primary dikes (see Figure 1). These are earthen
embankments that retain water. While primary dikes
protect the hinterland from floods caused by major
water bodies such as the sea, lakes, and large rivers,
regional dikes are located along smaller inland water
bodies. In the event of a dike breach, both types of
floods can lead to severe damage, while fatalities are
only expected at primary dike breaches. Therefore, esti-
mating credible dike failure probabilities is a key
question for Dutch society in managing flood risk.
Credible implies that the failure probability is realis-
tic and justifiable (Phoon 2023), derived from a
proper and well-informed engineering assessment
using appropriate models based on available data,
and not contradicting the (historical) behaviour or

have a probability of being exceeded about 0.1%, as
also discussed in Phoon (2016). These values reflect
loads and material properties that the designer
could still realistically believe might occur (Simpson,
Pappin, and Croft 1981). In flood safety, however,
relevant load levels can be more extreme than those
with a 0.1% annual exceedance probability (Jonkman,
Jongejan, and Maaskant 2011; Kind 2014). Conse-
quently, the interpretation of what is credible, or
worst credible, depends on the geotechnical structure
and its observed and expected performance. The
authors prefer using the term credible when linking
probabilities to observed performance. For example,
suppose a dike has an estimated failure probability
of 1/100 per year but withstood a load level with an
exceedance probability of 1/500 per year, then that
failure probability estimate is not credible. Ulti-
mately, rare events do happen, which are unlikely,
but not necessarily non-credible. The pursuit of
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Figure 1. Maps of the Netherlands that show the maximum inundation depths (combined from many flood scenarios from primary
and regional dike breaches) and the dike systems for both primary (blue) and regional (red) flood defences, along with the highlighted

case study sites that are marked (A) and labelled.

credible failure probabilities prevents dikes from
being unnecessarily and unjustifiably estimated as
unsafe, and supports making investment decisions
based on a well-founded safety profile.

One of the failure mechanisms contributing to the
overall failure probability of dikes in the Netherlands
is inner-slope instability, referred to as dike instability
(Jongejan and Maaskant 2015). This failure mechan-
ism occurs when high water pressures inside the dike
reduce the shear strength and induce loss of stability.
It accounts for the largest number of primary dike tra-
jectories failing to meet safety standards (Nationaal
Georegister 2024), while historically it accounted for
only 5% of the failures (Van Baars and Van Kempen
2009). The same holds for regional dikes, where hun-
dreds of kilometres are considered unsafe on a national
scale, which contradicts observations (Rikkert 2022).
Many of the Dutch dikes are centuries old and have
often been reinforced and upgraded over the years,
resulting in heterogeneous dikes with varying soil
compositions (Woerkom et al. 2022). This heterogen-
eity, combined with limited data on the subsurface
buildup and the uncertain shear strength of the soil,
makes the overall strength of dikes uncertain. This
uncertainty complicates the assessment of whether a
dike meets safety standards and rises the question:
are dikes truly unsafe, or is it challenging to demon-
strate adequate safety with the available data and
models?

Advances in computational methods have enhanced
the understanding of dike failure mechanisms and
reliability assessment. Advanced numerical approaches,
such as Material Point Method simulations, have
demonstrated the capability to model large-deformation
behaviour and dike failure (Zheng et al. 2024; Zheng et
al. 2025). Furthermore, probabilistic frameworks have
improved reliability assessment for embankment slopes
through various approaches: Monte Carlo methods with
random field modelling (Hicks and Li 2018; Li et al.
2016; Liu et al. 2020) and surrogate modelling tech-
niques for transient seepage analysis (Wang et al.
2020). While these numerical and probabilistic methods
provide valuable insights into failure mechanisms and
uncertainty quantification, challenges remain in incor-
porating observed performance information to reduce
uncertainties and refine reliability estimates. In general,
assumptions and choices in failure probability model-
ling tend to be conservative, or safe-sided (European
Commission 2024). This results in so-called hidden
safety elements in safety assessments, leading to smaller
observed failure rates compared to estimations made
using models. This gap between observations and
model outcomes can be reduced by understanding par-
ameter sensitivity in reliability analyses (Yang et al.
2024) and the use of Bayesian inference (Huang, Liu,
and Liu 2025; Yang et al. 2025) to reduce model par-
ameter uncertainty and update the predicted reliability.
The specific application of Bayesian inference is often
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called reliability updating, which uses Bayesian prin-
ciples to refine reliability predictions by integrating
prior knowledge with new knowledge. This can be
measurements, monitoring outcomes, or observations
of system performance (Straub 2011). It is a well-estab-
lished and frequently used technique in structural
engineering to update the failure probabilities of struc-
tures (De Koker et al. 2020; Hemel et al. 2024; Straub
and Papaioannou 2015). While less common for dikes,
it is still applied to various failure mechanisms, like
overflow, piping and slope stability (Huang, Liu, and
Liu 2025; Rikkert et al. 2022; Schweckendiek et al.
2017; Schweckendiek and Vrouwenvelder 2013;
Schweckendiek, Vrouwenvelder, and Calle 2014; van
der Krogt et al. 2022). Piping and slope stability are fail-
ure mechanisms that often involve large epistemic
strength uncertainties due to uncertain model schemati-
zations and subsurface conditions. These uncertainties
are virtually time-invariant, and as shown by Schwecken-
diek, Vrouwenvelder, and Calle (2014), these uncertain-
ties can be especially reduced using reliability updating.
While the role of time-invariant epistemic strength
uncertainties in reliability updating is well understood,
the role of time-varying inherent load uncertainties, or
simpler load variations, is poorly understood.

The central question addressed in this study is: What
is the role of load variations in reliability updating and
assessing credible failure probabilities?

The outline of this study starts with the materials and
methodology in Section 2. This section describes the
characteristics of typical Dutch dikes, the methods
used to calculate the probability of dike instability,
along with the applied reliability updating techniques
and the schematisation of the case studies. Section 3

Load conditions

Small fluctuations in water level (decimeters)
Fluctuations PL driven by precipitation

YY)

discusses the results of the conceptual analysis and the
case studies. Section 4 explores the implications of
these findings for failure probability analysis and out-
lines the study’s limitations. Finally, Section 5 concludes
with final remarks.

2. Materials and methods

2.1. Some typical Dutch dikes and their key
characteristics

The Netherlands has a variety of dikes that protect the
low-lying land, like sea, river and lake dikes, as well as
compartmentalising dikes and dikes along the canals
(see Figure 1). All these dikes have different character-
istics, like dimensions, subsoil conditions and boundary
conditions. The case studies in this study considered
canal and river dikes, of which the typical differences
in dike characteristics are summarised in Figure 2 and
are discussed in more detail.

The canal dikes in the Netherlands are located along
drainage canals in polders in the northwestern part of
the Netherlands. Water levels in these canals can be sev-
eral metres above the polder levels and are maintained
near target levels using pumping stations and weirs. In
extreme situations, canal water levels typically rise sev-
eral decimetres above the target levels. In contrast, the
Dutch rivers exhibit highly dynamic water levels, often
fluctuating by several metres between average annual
conditions and extreme floods (Klijn, Asselman, and
Mosselman 2019). This difference in water level fluctu-
ations is a key distinction between canal and river dikes
and impacts the dynamics of pore-water pressures,
which are crucial for dike stability (Ridley, McGinnity,

High fluctuations in water level (meters)
Fluctuations PL driven by water level and waves

Riverdike

oo gy sty ety e TYTTTTTT

Typical dike profile

Gentle slope (<1:5)
Peat/ clay dike on sand
Small head difference
Wide dike

Steep slope (>1:4)

Clay / sand dike on sand
Large head difference
Small dike (relatively)

— Yearly occurring water level (T1)
-= Extreme water level (T1000)
- Phreatic line (PL)

Figure 2. Schematic representation of a typical river dike and canal dike, illustrating characteristic loading conditions and dike profiles.
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and Vaughan 2004; Van der Meij 2023). Pore-water
pressures in the dike body are commonly expressed by
the phreatic line. This phreatic line can be influenced
by both the intrusion of outside water and precipitation
on top of the dike. Which driver plays the biggest role
varies with the dike’s specific characteristics. At canal
dikes, where water level fluctuations are small, precipi-
tation is expected to be the primary factor influencing
the phreatic line, as supported by previous studies (Rik-
kert 2022; Strijker et al. 2024). In contrast, river water
levels can fluctuate significantly and for extended
periods, often lasting weeks, making them the main dri-
ver of the phreatic line’s position within river dikes.

Other relevant differences include the subsurface
material and geometry. The canal dikes are often heigh-
tened with locally available soils, mainly a mixture of
clayey and peaty material. The dikes are, in general,
rather wide with gentle slopes and small head differ-
ences. The canal dike bodies are situated on Holocene
deposits ranging in thickness from a few metres to
over 20 metres, overlying a Pleistocene aquifer. The
river dikes have a similar basis of Holocene and Pleisto-
cene layers, but the dike bodies are typically composed
of sand and clay. Although both dikes are located on
the Pleistocene layers, the pore-water pressure dynamics
are different. Unlike canal dikes, the underlying aquifers
of river dikes are often directly connected to the outside
water level. As a result, high water levels can cause a sig-
nificant increase in pore-water pressure beneath the
dike, which impacts dike stability. The fluctuations in
pore-water pressures in the aquifer underlying canal
dikes are limited and driven by seasonal variations in
precipitation and evapotranspiration (Wong, Batjes,
and de Jager 2007). The response is slow and damped
by the overlying Holocene clay and peat layers.

2.2. Failure probability analyses and fragility
curves

2.2.1. Uncertainties: epistemic and inherent
randomness

The probability of dike instability results from uncer-
tainties in both load and strength. These uncertainties
can arise from inherent randomness or a lack of knowl-
edge, referred to as inherent and epistemic uncertain-
ties, respectively. While inherent uncertainty cannot
be practically reduced through additional analysis or
data collection, such as fluctuating water levels and
pore water pressures, epistemic uncertainties can.
Examples of epistemic uncertainties are geotechnical
parameters, such as the shear strength. This uncertainty
arises primarily from the limited number of soil samples
tested at a given dike section, and the uncertainty in

estimating this geotechnical parameter reflects spatial
variability and measurement error (Phoon and Kulhawy
1999). In practice, soil samples from various locations
are combined to create a regional dataset, after which
factors like variance reduction from averaging spatial
variability, statistical uncertainty, and measurement
uncertainty are considered (Calle, Kanning, and
Schweckendiek 2021; Van Der Krogt, Schweckendiek,
and Kok 2018; Vanmarcke 1977). Estimates of these
geotechnical parameters remain uncertain and are
incorporated into the reliability analyses. These uncer-
tainties are time-invariant and, in practice, determinis-
tic within a year. Although soil properties can
naturally vary over time due to geological processes,
this is not a random process, but rather a gradual and
patterned evolution. When assessing the failure prob-
ability within a specific year, the temporal variation of
geotechnical parameters is expected to be small relative
to the present uncertainty in estimating them from
available data, and the uncertainty in soil parameters
is mainly epistemic. This means that the dike strength
in safety assessments is often assumed to be time-invar-
iant and epistemically uncertain, while most loads are
typically classified as time-varying and inherently
uncertain (Schweckendiek et al. 2017).

2.2.2. Fragility curves

A commonly used approach to estimate the dike failure
probability is the use of fragility curves (Bachmann et al.
2013; Casciati, Faravelli, and Venini 1991; Schultz et al.
2010; Schweckendiek, Vrouwenvelder, and Calle 2014).
This curve describes the dike’s strength by expressing
the relationship between load levels and failure prob-
abilities conditional on these loads. To calculate the fail-
ure probability of a dike, the fragility curve needs to be
combined with the probability density function of the
load events:

P(F) = [, fi(s) Fr(s) ds (1)

where f,(s) is the probability density function of load
levels and Fg(s) is the cumulative density function of
the resistance R, that gives the probability of failure
conditional on the load S, also known as the fragility
curve. When analysing the role of loads, it is more
practical to focus on the exceedance probability, 1-Fg
(s), rather than the probability density function. This
is because extreme load events are the primary con-
cern, and the exceedance probability effectively high-
lights the likelihood of these occurrences. These
different components are shown graphically in Figure
3, where an example of a fragility curve (top panel),
load statistics (middle panel) and resulting density
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Figure 3. Graphical representation of the dike failure prob-
ability: the fragility curve (top), load statistics (middle), and
the resulting failure probability distribution (bottom). The inte-
grated failure probability density distribution gives a failure
probability of 1:400 per year in this example.

function of the failure probability are shown (bottom
panel). This density function is the product of the fra-
gility curve and the probability density function of the
load. It provides insight into the contribution of var-
ious load levels to the overall probability of failure, as
well as the load event where failure is most likely to
occur, which is at the peak of this distribution. The
integral of this distribution gives the failure prob-
ability, which in this example is 1/400 per year.

The shape of the fragility curve reflects the amount of
strength uncertainty. This depends not only on the sto-
chastic input variables but also on the failure mechanism
itself. In general, the curve approaches a step function
for very well-understood or brittle systems, like wave-
overtopping, and a more S-shaped curve corresponds to
more poorly understood or elastic systems, like slope
instability (Van der Meer, Ter Horst, and Van Velzen
2009). A measure to quantify this shape is the inverse gra-
dient, which represents the increase in load level that
results in a tenfold rise in the conditional failure prob-
ability, as illustrated in the upper panel of Figure 3. A
higher inverse gradient corresponds to a gentler curve,
indicating larger strength uncertainties. The inverse gradi-
ent can be taken at any part of the fragility curve, but in
this study, the inverse gradient is considered at the load

level scenario where failure is most likely to occur, so at
the peak of the failure probability distribution.

A measure for the load variations is the decimate
height. This is defined as the increase in load level
that occurs when the exceedance probability of the
load level experiences a tenfold decrease (Schwecken-
diek 2014; Wojciechowska 2015). Smaller decimate
heights correspond to smaller load variations. This
measure is illustrated in the middle panel of Figure 3.

2.2.3. Reliability updating using Bayesian analysis
Traditionally, engineers deal with uncertainties in fail-
ure probability analyses by starting with initial estimates
based on available information and refining these esti-
mates through additional field observations. This pro-
cess can be made more structured by using probability
theory, and specifically Bayesian probability updating,
to revise prior judgments. This method can be used to
update failure probability estimates based on obser-
vations, such as the survival of observed load conditions
without failure indications. When survived load levels
are used to update failure probabilities, Bayesian updat-
ing is applied by eliminating implausible values of
uncertain strength parameters, assuming the uncer-
tainty is epistemic. In general, this can be done in two
ways that are mathematically equivalent and differ
only in terms of implementation: the direct and indirect
reliability updating techniques (Schweckendiek 2011;
Schweckendiek 2014). Both techniques use the Bayes’
Rule (Bayes 1763) that forms the basis for updating
probabilities with new evidence:

P(rle) = "D @)

(&)

where F is the failure event to be predicted and & the
observed event or evidence. In this study, the evidence
is survival at an observed load level s, where survival
implies that the dike strength R is larger than the
observed load: R > s,ps (inequality type of information).

P(FNe)  P(F, R > sop)
P(S) N P(R > Sobs))

P(Fle) = 3)
where R denotes the random variable representing
dike’s resistance or strength, expressed in the same
units as the load variable S (e.g. phreatic head or
water level).

The indirect method uses Bayes’ rule to update the
PDFs of the underlying random variables describing
the strength, while the direct method exploits the
definition of the conditional probability of failure F
given the evidence & to update the failure probability
directly. In this study, the direct method using fragility
curves is preferred because it is simpler to implement
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and aligns with the proof-of-concept focus, rather than
providing detailed updates to stochastic variables. This
method directly calculates the updated fragility curve
and probability of failure, but does not update the
underlying stochastic variables, which is beyond the
scope of this study. Direct reliability updating can be
applied using fragility curves and survival information,
which leads to the following expression for the updated
failure probability:

* P(sops < R (s)d
P(F|s):f5”bs (Sobs < R < S)fi(s)ds

1— FR(Sobs) (4)
I (F(s) — Fr(sops)fi(s)ds
B 11— FR(Sobs)

Since the load density function fs(s) multiplies the entire

integral, the expression can be written more compactly as:

Jl?:bs (Fr(s) — Fr(Sobs))
1 — FRr(Sobs)

From this, the posterior or updated fragility curve
can be written as:

P(Fle) = flods )

.f;:bs (FR(S) - FR(Sobs))

Frupi(s) = P(Fle)/ f(s)ds = 1 — Fr(Sops) ©
Fr(S) = Fr(sobs) ¢
FR,upt(S) - { 1 — Fr(sops) P 2
0, $ < Sobs

Figure 4 shows an example of the effect of reliability
updating on the fragility curve and the probability den-
sity function of the failure probability.

Note that updating only has an effect if past and current
epistemic strength uncertainties are fully correlated and
time-invariant. This study assumes time-invariant uncer-
tainties, a reasonable choice for many geotechnical prop-
erties (Schweckendiek 2014). It should be noted, however,
that in practice the observed survived load level s,,; may
itself be uncertain due to measurement errors or spatial
variability in pore-water pressures. Such uncertainties
effectively reduce the information content of the survival
evidence, which in turn diminishes the impact of the
updating. In this study, a best-estimate s,;; was used.
This assumption, and its resulting limitations, is impor-
tant to keep in mind for practical applications.

2.3. Conceptual analysis

To examine how load variations influence reliability
updating, a conceptual analysis was performed on
hypothetical dikes using a range of combinations of
load variations and fragility curves. Both were described
with two-parameter Gumbel distributions. Their
spreads were varied while the prior failure probability

Fragility curve
100 gility

=
o
i

Fragility curve (prior)
Updated fragility curve
----- Observation level

Conditional P¢[-]
= =
s 2

107 — i T T
3.0 3.5 4.0 4.5 5:0 5.5
Load level [m+NAP]
Failure probability distribution
: —— Pt prior: 1:400 /year
= 0.004 === Pfupg: 1:980 /year
£
[ =
S
& 0.002
g
o
0.000 T T T T
3.0 3.5 4.0 4.5 5.0 5.5

Load level [m+NAP]

Figure 4. Example of prior and updated fragility curve (top),
based on an observed and survived load level, and the resulting
failure probability distribution (bottom) with the prior and
updated failure probabilities. The load statistics are unchanged
and correspond to those shown in Figure 3.

was fixed at 1/100 per year by adjusting the relative dis-
tance between the two distributions. In practice, fragility
curves and load statistics for dikes are often derived
from probabilistic analyses using numerical integration
and do not necessarily follow a probability density func-
tion. As a result, the decimate height and inverse gradi-
ent of the fragility curve can be estimated by taking the
tangent of the curve. For this conceptual analysis, these
measures follow directly from the Gumbel distributions.
The cumulative distribution function of the Gumbel
distribution is:

F(x) = exp(— exp(— JC—TM> )

where u is the location parameter and 3 the scale par-
ameter. The decimate height and inverse gradient follow
from the scale parameter by multiplying 8 with In(10).

For the conceptual analyses, the load variations were
varied between decimate heights of 0.05 and 0.65 m, and
the strength uncertainty between inverse gradients of
the fragility curve from 0.05-1.55 m. For each case,
reliability updating was applied using a survived load
level that occurs on average once every 10 years.

2.4. Modelling dike stability

The dike’s probability of instability is generally
assessed using two-dimensional limit equilibrium
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methods, such as Bishop, Spencer or Uplift-Van, which
calculates the factor of safety against instability consid-
ering driving forces and resisting forces acting on a slip
plane (Bishop 1955; Sharp et al. 2013). These methods,
in combination with search algorithms to find the slip
plane with the minimum factor of safety, are
implemented in D-stability, which was used in this
study (Van der Meij 2023). Next to calculating the fac-
tor of safety, this software can also calculate failure
probabilities using Adaptive Importance Sampling or
First Order Reliability Method (FORM) analysis.
While importance sampling includes a search algor-
ithm, FORM analysis was carried out with a fixed
slip plane, which was found using a calculation with
design values (Van der Meij 2023). Importance
sampling may not converge for very small failure prob-
abilities. In those cases, a FORM analysis was used as
an alternative approach. The resulting failure prob-
ability is always calculated for a single load scenario,
representing only one point on a fragility curve. The
complete fragility curve can be constructed by per-
forming multiple calculations using a range of different
load scenarios with various headlines.

2.5. Case study description

To demonstrate the role of load variations in reliability
updating and assessing credible failure probabilities,
four realistic case studies are examined in this section.
These case studies include two canal dikes and two
river dikes. This section describes the schematisation
of the dikes, including geometry, subsurface materials,
soil properties, load variations and the survived load
levels.
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2.5.1. Dike geometry and geotechnical properties
The two canal dikes are located in the western Nether-
lands and are named after the polder that they protect:
Aarlanderveen and Duifpolder. The two river dikes
are located in the southern part of the Netherlands
and their names were retrieved from the nearby towns
they protect; Gennep and Meers. The geographic
locations of the dikes are shown in Figure 1. The canal
dikes consist more of peat and organic clay, while the
river dikes are made up of clay and sand, as can be
seen in the cross-sectional profiles in Figure 5. All
dikes are located on top of Pleistocene sand layers,
which are located very deep, over 15 metres below the
surface, at the Duifpolder.

The soil parameters for all layers are listed in Table 1.
Shear strengths were modelled using Mohr-Coulomb
failure criterion in terms of effective stress parameters,
based on a regional dataset of over 5,000 shear strength
tests for typical Dutch geological deposits (triaxial for
clay, direct simple shear for peat) and over 13,000
classification tests (STOWA 2023). The effective stresses
are calculated in D-Stability based on soil weights and
the pore-water pressures. The way the pore-water press-
ures are schematised is described in Section 2.5.2.
Strength parameters were treated as stochastic variables,
while volumetric weights were considered deterministic
using mean values. When the variance of the strength
parameters in this dataset is derived, it includes the
effects of spatial variability, statistical uncertainty, and
measurement uncertainty (Calle, Kanning, and
Schweckendiek 2021; Phoon and Kulhawy 1999). The
strength uncertainties applied in dike-stability reliability
analysis should reflect the shear strength uncertainty of
a layer. Because relevant slip planes span both weaker

Duifpolder
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Figure 5. Cross-sectional profiles of the considered case studies showing the soil types and schematised phreatic lines for different
probabilities of occurrences. Only two phreatic lines are shown here, whereas in the analyses, more load situations were considered,

including pore-water pressures in the aquifer.
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Table 1. Deterministic and stochastic soil parameters in the
reference case. The presented standard deviations are based
on the full dataset, whereas these values are reduced in the
stability analyses to account for averaging spatial variability.
Effective Cohesion

Effective Friction

(Lognormal) Angle (Lognormal)
Std.
Vol. Weight dev.
(Deterministic) yso/  Mean [kPa] Mean  Std. dev.
Yunsar [kN/m”] [kPa] (Cov) [°] [°] (COV)
Silty clay 15.7 /157 2.7 0.5 29.9 0.8 (3%)
(19%)
Organic 15.2/15.2 34 1.0 26.5 1.1 (4%)
clay (29%)
Peat 10.2/10.2 5.0 0.3 (7%) 13.7 0.3 (2%)
Sandy 16.2/16.2 3.7 0.6 28.2 0.7 (2%)
clay (16%)
Sand 20.0 / 18.0 - - 35.0 1.8 (5%)

and stronger zones, the dataset’s variance is reduced to
account for spatial averaging effects. However, since the
dataset consists of tests within a larger region, not all
variance can be reduced. Variance reduction is done
by a simplification of the basic random field model,
where it is assumed that 25% of the variance in the data-
set is due to regional variations of the mean, while 75%
of the variance is due to variations around the local
mean that spatially average out (Calle 1996; Calle, Kan-
ning, and Schweckendiek 2021). This results in standard
deviations of shear strength parameters that are
approximately half those found in the dataset.

Two additional scenarios were included to assess the
impact of strength uncertainty: a moderate scenario
(10% variation in cohesion, 5% in friction angle) and
a high strength uncertainty scenario (20% variation in
cohesion, 10% in friction angle). The high strength
uncertainty was based on the NEN 9997-1, and also
suggested by the JRC report on the reliability back-
ground of the Eurocodes (Vrouwenvelder et al. 2024).
These coeflicients of variation represent the uncertainty
in spatial average ground strength parameters. In both
scenarios, the deterministic soil properties remained
unchanged.

Note that this schematisation can differ in various
aspects from those used in actual safety assessments
conducted by the water authorities. For example, a
less detailed soil schematisation and different soil
strength parameters are used. The case studies aim to
provide insights using various schematizations of
dikes, rather than estimating a single best failure
probability.

2.5.2. Load variations and pore-water pressures

All stability analyses employ effective stress principles,
where effective stresses are calculated from total stresses
and pore-water pressures schematised for each load

scenario. The fragility curves are constructed con-
ditional on load scenarios, which comprise a combi-
nation of (1) the phreatic line, including the water
level acting against the dike and head levels in the
dike body, and (2) the pore-water pressures in the
underlying aquifer. Pore-water pressures are assumed
hydrostatic up to the first cover layer above the Pleisto-
cene sand, and linearly interpolated from there to the
top of the aquifer. There are no roads on the dikes,
and external traffic loads are not considered in the
analysis. These load components have two-dimensional
aspects. These are represented by a parameter for the
height of the phreatic line, which serves as the load vari-
able for the conditional failure probabilities. Therefore,
the height of the phreatic line is defined as the average
head in the dike body and is expressed in m + NAP,
the Dutch vertical reference system. Appendix A.1 con-
tains statistics on water levels and head at the inner crest
used for the load scenarios. The underlying assumptions
of these scenarios are discussed here.

For the load scenarios at canal dikes, it is assumed
that high canal water levels and high head levels are
strongly correlated and occur simultaneously, as both
result from heavy rainfall (Lendering, Schweckendiek,
and Kok 2018; Strijker and Kok 2023). Water level stat-
istics were derived using log-linear interpolation
between target levels and normative water levels with
a 100-year return period, received from the water auth-
orities. The decimate heights are 15 cm at Aarlanderv-
een and 7.5 cm at Duifpolder. The statistics of head
levels from the inner crest and further down the dike
profile were based on measurements and time series
models (Bakker and Schaars 2019; Strijker and Kok
2025) and are shown in the right-hand graphs of Figure
6, with decimate heights under 10 cm. Heads between
the canal and the inner crest are linearly interpolated.

For the load scenarios at the river dikes, the phreatic
line and pore-water pressures under the dike were sche-
matised using the official flood risk assessment toolkit
for primary flood defences (Slomp et al. 2016; TAW
2004). This toolkit includes the Waternet Creator,
which models water pressures based on parameters,
such as the maximum water level, dike geometry, leak-
age lengths and subsurface conditions (Van der Meij
2023). For the river dikes, the water level statistics
were based on the probabilistic tool Hydra-NL, which
provides water level statistics across the Netherlands
(Geerse 2011). Subsurface conditions differ between
the two river dikes. The Meers dike consists of a dike
body of clay overlying a sand layer, while the Gennep
dike has a clay body with an underground of clay and
peat layers on top of a sand layer. As a result, pore-
water pressure cannot build up in the sandy aquifer at
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Figure 6. Time series of the observed head level at Duifpolder with selected peaks (4) at the inner crest (top), talud zone (middle) and
toe (bottom). Right: plot positions of the selected peaks with extrapolation lines. Red triangles in the right and left panels mark the

same peaks, but axis scaling differs.

Meers, but can at Gennep. The leakage length of the
sandy aquifer at Meers, expressing the distance over
which the head decays to about 37%, is about 180 m.
This results in high pore water pressures at the toe of
the dike. These pore-water pressures can cause uplift
(Van, Koelewijn, and Barends 2005), where the hydrau-
lic head in the sand layer is maximised by the weight of
the uplifted overlying layer.

For all cases, the fragility curves were set up using at
least five load scenarios, ranging from yearly occurring
levels to levels with a probability of 1/10,000 per year.
Adjacent scenarios differ by at most a factor of ten in
probability. The fragility curves were constructed
using log-linear interpolation of the conditional failure
probabilities between the load scenarios. Nonlinearity
checks were performed, and additional scenarios were
added where needed. The overall failure probability
was then obtained by combining the conditional failure
probabilities with the load distribution and integrating
over all load levels.

2.5.3. Survived load levels in reliability updating
Extreme events during monitoring offer valuable data
and much deeper insight into dike reliability than

annual occurring load levels. For instance, during the
2021 Meuse flood, water levels occurred with an excee-
dance probability smaller than 1:100 per year (Strijker et
al. 2023). However, this study focuses on how failure
probability changes across dike types and loading vari-
ations. To maintain consistency and eliminate random
variability, two load levels were selected for each case
with fixed annual probabilities of 1/2 and 1/10 per
year, respectively called T2 and T10 events. These rep-
resent typical yearly occurring and more extreme
events, helping to demonstrate the added value of
observing both.

3. Results

To answer the research question, the results of two ana-
lyses are discussed. First, the extent to which failure
probabilities can be reduced using reliability updating
for different load and strength configurations is concep-
tually assessed. Secondly, reliability updating is applied
to the case studies involving four dikes in the Nether-
lands. This section finishes with a reflection on balan-
cing strength uncertainties to load variation for
assessing credible failure probabilities.
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3.1. Conceptual analysis on reliability updating

To understand the role of load variations in reliability
updating, a conceptual analysis was performed using
hypothetical dikes with a range of combinations
between load variations and strength uncertainty. The
impact of reliability updating is expressed using the
probability factor, defined as the ratio of prior to
updated failure probability (Pgprior / Pgupa). It was
found that the largest reduction in failure probability
occurs when the strength uncertainty is high and the
load variations are low (top right corner in Figure 7).
Even in cases of moderate strength uncertainties,
reliability updating can lead to significantly smaller fail-
ure probabilities when the decimate height is small. This
is because, under small load variations, the range of
loads contributing to the failure probability is narrow
and concentrated around relatively frequent load levels.
This is illustrated using two cases with identical fragility
curves and prior failure probabilities, but different load
variations, indicated with red and blue dots in Figure 7.
For the two cases shown in Figure 8, the prior failure
probability is 1/100 per year, while the updated prob-
abilities are 1/960 per year (red, small load variations)
and 1/140 per year (blue, large load variations). This
results in probability factors of 9.6 and 1.4, respectively.
In both cases, reliability updating causes a sharp drop in
the conditional failure probability near the survived load
level (top row in Figure 8). When the load variations are
small, this range contributes much more to the failure
probability than in cases with larger load variations.

Impact reliability updating
Ps, prior: 1/100 per year, Psyn: 1/10 per year
0.05 ~ puifpolders
0.1- Aarlanderveen

0.15 -

100

e
N
1

Decimate height load [m]
=
o
Probability factor [-]

Figure 7. Impact of reliability updating across different load
variations (decimate height) and strength uncertainties (inverse
gradient fragility curve). Transparent blocks indicate the ranges
of load variations and strength uncertainties of the case studies
considered, and red and blue dots mark two cases of which the
fragility curves, load statistics and resulting failure probability
distribution are shown in Figure 8.

As a result, reliability updating has a larger impact on
the failure probability under small load variations.

To assess when reliability updating is most effec-
tive, sensitivity analyses were performed by varying
survived load levels and prior failure probabilities
(see Appendix A.2 and A.3). The key finding is
that the impact of reliability updating is independent
of the prior failure probability. Regardless of whether
the prior failure probability is high or low, the
impact of updating depends primarily on the shape
of the failure probability distribution, which is
influenced by load variations and strength uncertain-
ties, rather than by the absolute level or relative dis-
tance between them.

3.2. Case study results

The insights from the conceptual analysis were verified
using four realistic case studies of canal and river dikes
with varying strength uncertainties and load variations.
Their position relative to the conceptual parameter
space is illustrated in Figure 7 by the transparent blocks.
The calculated probability factors for the case studies are
compared with the so-called conceptual factors, defines
as the expected ratio Pf ior/Pfup: for given combi-
nations of decimate height and fragility-curve inverse
gradient, based on Gumbel distributions. The results
are discussed, beginning with the canal dikes, followed
by the river dikes.

3.2.1. Canal dikes

Based on the conceptual analysis, it is expected that the
failure probabilities of the canal dikes can be signifi-
cantly reduced through reliability updating, since the
load variations are small with decimate heights of the
phreatic line up to 10 cm. For each dike, three different
strength uncertainty scenarios were considered. The
resulting prior and updated fragility curves (T2 and
T10) for Aarlanderveen are shown in Figure 9. As
strength uncertainty increases, fragility curves become
flatter with higher inverse gradients ranging from 0.08
m to 1.79 m, as indicated in the titles. In the middle
panel, the inverse gradient for the moderate-strength
case is taken at the load level where failure is most likely.
This point lies at a phreatic line of roughly —0.75 m and
is marked by a grey solid circle. After updating, the fra-
gility curve is capped at the survived load level and
gradually converges back to the prior curve. This
offset is largest under high strength uncertainty, leading
to the greatest reduction in failure probability. The
updated fragility curve depends only on strength uncer-
tainty and the survived load level, while the final impact
on failure probability also depends on the load statistics.
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Given the small load variation of the canal dikes, how

much are the failure probabilities reduced?

For the moderate strength uncertainty scenario and a
T10 survival load, reliability updating reduces failure

Conditional Pf [-]

Reference
(InvG FC = 0.08 m)

probability by a factor of 10.0 at Duifpolder and 42.4
at Aarlanderveen. Although Duifpolder has a smaller
decimate height, its fragility curve is steeper (lower
inverse gradient), which limits the impact of updating
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Figure 9. Fragility curves at Aarlanderveen for three different strength uncertainty scenarios (reference, moderate and high), including
both the prior and two updated fragility curves, based on two different survived load levels (T2 and T10).
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Table 2. Prior and updated failure probabilities for the two canal dikes, each with three different fragility curves. Reliability updates
are based on T2 and T10 survival loads, with reductions expressed as probability factors and compared to conceptual factors (in italic
and shown in brackets).

Aarlanderveen (hgec=0.09 m) Duifpolder (hgec = 0.06 m)

Strength uncertainty scenario Reference Moderate High Reference Moderate High
Inverse gradient fragility curve [m] 0.08 0.50 1.79 0.08 0.10 0.61
Prior failure probability <1/1,000,000 1/1,300 1/18 1/47,000 1/120 1/8
T2 Updated failure prob <1/1,000,000 1/12,000 1/580 1/47,000 1/370 1/130
Probability factor (conceptual factor) 1.0 9.3 31.8 1.0 3.0 16.3
(1.0) (7.7) (30.7) (1.0) (1.9) (14.8)
T10 Updated failure prob <1/1,000,000 1/57,000 1/2,700 1/47,000 1/1,200 1/440
Probability factor (conceptual factor) 1.0 42.4 149.1 1.0 10.0 54.3
(1.0) (31.8) (162.5) (1.0) 4.1) (70.7)

compared to Aarlanderveen. These outcomes align with
the conceptual analysis, as shown in Table 2, where
probability factors are summarised for all strength scen-
arios and survival loads for both the conceptual analyses
and case studies. In the reference strength-uncertainty
scenario, the inverse gradient of the fragility curve is
small relative to the load decimate height, so reliability
updating does not reduce the updated failure prob-
ability. While the case study results closely match the
conceptual factors, small differences arise. These differ-
ences can be explained by the fact that the fragility
curves and load statistics of the case studies do not fol-
low statistical distributions, as used in the conceptual
analysis. In practice, both the decimate height and the
inverse gradient of the fragility curve vary across the
range of phreatic line levels.

3.2.2. River dikes

For the river dikes, the phreatic lines exhibit larger vari-
ations than in the canal dikes, with decimate heights
around 30 and 50 cm. This leads to a total range of
about two metres, covering load scenarios that occur
on average once per year up to once every 10,000 years.
As a result, the fragility curve span a much wider range

of load levels, as shown in Figure 10, compared to
about 70 cm at Aarlanderveen. Despite this, the inverse
gradients of the fragility curves are within a similar
range as those of the canal dikes. The updated fragility
curve reduces the conditional failure probability for sev-
eral decimetres above the survived load level, although
this effect diminishes at higher phreatic levels.

For the river dikes, the impact of reliability updating
is minimal and updated failure probabilities are nearly
identical to the prior values, see Table 3. Even for the
Gennep dike, which has a relatively high prior failure
probability of 1/32 per year under the high strength
uncertainty scenario, a survived load level with a 10-
year return period provides little new information due
to the large load variation. Even more extreme events,
such as the 2021 Limburg floods with a return period
of 100 years (Strijker et al. 2023), add little value when
updating failure probabilities. For example, the Gennep
dike’s failure probability under T100 conditions is only
reduced by a factor of three to seven, depending on the
strength uncertainty scenario. This shows that surviving
extreme loads doesn’t guarantee a significant reduction
in failure probabilities, as the impact depends on how
the load varies.
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Figure 10. Fragility curves at Meers for three different strength uncertainty scenarios (reference, moderate and high), including both
the prior and two updated fragility curves, based on two different survived load levels (T2 and T10).
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Table 3. Prior and updated failure probabilities for the two river dikes, each with three different fragility curves. Reliability updates are
based on T2 and T10 survival loads, with reductions expressed as probability factors and compared to conceptual factors (in italic and

shown in brackets).

Meers (hgec=0.27 m)

Gennep (hgec=0.53 m)

Strength uncertainty scenario Reference Moderate High Reference Moderate High
Inverse gradient fragility curve [m] 0.06 0.25 0.84 0.49 0.06 0.27
Prior failure probability <1/1,000,000 1/240,000 1/24 1/49 1/49 1/32
T2 Upd. failure prob <1/1,000,000 1/240,000 1/59 1/49 1/49 1/32
Probability factor 1.0 1.0 25 1.0 1.0 1.0
(conceptual factor) (1.0) (1.1) (2.4) (1.2) (1.0) (1.3)
T10 Upd. failure prob <1/1,000,000 1/240,000 1/110 1/49 1/49 1/35
Probability factor (conceptual factor) 1.0 1.0 4.7 1.0 1.0 1.1
(1.0) (1.6) (5.7) (1.0) (1.0) (1.8

In conclusion, the case studies confirm the findings
from the conceptual analysis. The calculated probability
factors in the case studies lie close to the ones calculated
by the conceptual analysis. Therefore, the results of the
conceptual analysis can be seen as a first approximation
for estimating the impact of reliability updating under
different load and strength characteristics.

3.3. Balancing strength uncertainties to load
variations

To prevent non-credible failure probability estimates, a
credibility check is proposed. This check helps identify
situations where the strength uncertainty is dispropor-
tionately high compared to the load variations. Specifi-
cally, it targets situations where the failure probability of
a dike is mainly influenced by load levels that occur
every 10 years or more frequently, and these frequent
loads contribute more than 50% to the total failure
probability. According to conceptual analysis results,
such situations typically arise when the inverse gradient
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of the fragility curve is at least about 1.5 times greater
than the decimate height of the load, as shown in Figure
11. These situations may appear unlikely in dike safety,
particularly when the dike has demonstrated stability
over many decades. In such cases, the load variations
and strength uncertainty are out of balance, leading to
unrealistic strength uncertainty compared to load vari-
ations, and consequently, non-credible failure probabil-
ities. Reducing the uncertainties related to the dike’s
strength will lower the inverse gradient of the fragility
curve, resulting in more credible failure probability esti-
mates. This can be done by, for example, monitoring
load levels in combination with reliability updating
methods, or gathering more detailed data on soil prop-
erties to obtain a clearer and less uncertain assessment
of the dike’s strength.

The proposed criterion (inverse gradient > 1.5x
decimate height) assumes that epistemic uncertainties
in strength parameters and load distributions remain
quasi-stationary over time. The criterion should be
applied with caution when:

Failure probability distribution

---- Load level with exc. prob. of 1/10 per year
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Figure 11. Left: heatmap showing the contribution of load levels that occur frequently (>1/10 per year) to the failure probability
across different load variations and strength uncertainties. The factor 1.5-line shows where the inverse gradient is 1.5 times larger
than the decimate height. Right: an example of a hypothetical dike with a decimate height of the load of 20 cm and a fragility
curve with an inverse gradient of 40 cm, where frequent loads contribute 64% to the overall failure probability.
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o Significant strength degradation is expected, for
example, due to wet-dry cycles (Azizi, Musso, and
Jommi 2020; Tang et al. 2010), soil strain softening
(Skempton 1964), or other time-dependent strength
loss mechanisms

» Major reinforcement or reconstruction alters the dike
cross-section

¢ Climate-driven shifts substantially change the load
distributions

In such cases, the balance between load variation and
strength uncertainty may evolve, requiring reassessment
of the criterion’s applicability.

4. Discussion
4.1. Implications

This section reflects on the way the findings of this study
can help estimate probabilities of dike instability in
practice. It starts with identifying regions in the Nether-
lands where dike failure probability estimates can
potentially be improved using reliability updating,
based on information about the load variations. It
finishes with a call to consider load variations as
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stochastic variables, rather than design values, even
when the variations are small.

4.1.1. Regions in the Netherlands with small load
variations

One of the key characteristics of the over 10,000 km of
Dutch canal dikes is small load variations in both the
water level and the phreatic line (Strijker and Kok
2025). Furthermore, there are many primary flood
defences across the Netherlands with a large variety in
load variations. The variety in water level statistics is
available throughout the Netherlands and is calculated
using a probabilistic tool called Hydra-NL, which com-
bines physical and statistical models (Geerse 2011). As
can be seen in Figure 12, the decimate heights of
water levels along the primary dikes in the lake and
delta areas are the smallest. These are areas where
water levels are regulated by weirs, pumping stations,
and storm surge barriers, which reduce variations in
water levels. Therefore, these controlled systems with
small water level variations offer advantages: primary
dikes are exposed to lower absolute loads than in uncon-
trolled systems, and the limited variation helps to assess
actual dike’s strength and performance, since extreme
levels are close to those occurring annually.
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Figure 12. The decimate height of the water levels along the primary dikes in the Netherlands, based on data from TMR2006 (Bouw

2008).
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4.1.2. The value of considering the load
probabilistically

In many geotechnical problems, the uncertainty in the
strength dominates the reliability estimates, while the
influence of loads is relatively low (European Commis-
sion 2024). Therefore, it can be practical to treat the load
side of the problem semi-probabilistically using design
values. This approach is also applied in the current
safety assessment of Dutch canal dikes, where load vari-
ations are relatively small. However, when assessing fail-
ure probabilities, loads can provide insight into the
schematisation of the strength. Considering the load
probabilistically helps to realistically estimate stochastic
strength variables through reliability updating. It also
provides insight into failure processes, such as the sen-
sitivity to load variations that can trigger failures.
Importantly, dike instabilities occur due to variables
that change over time, even when their fluctuations
are small. In safety assessment, time-variant and time-
invariant, inherently or epistemically uncertain, are
often treated similarly probabilistically. However, in
reality, the time-variant variables trigger failure, and
we must keep these variables in mind in safety assess-
ments. Therefore, we argue that time-variant loads
should always be considered as probabilistic variables.

4.2. Limitations and future research

4.2.1. Model uncertainties

The approach in this study did not include any model
uncertainties. Model uncertainties were excluded to
avoid introducing additional complexity and to allow
for a clearer interpretation. However, there are model
uncertainties associated with, for example, modelling
the stability and estimating the pore-water pressures.
In practice, these model uncertainties tend to be com-
pensated using conservative and safe assumptions in
safety assessments, like a safe assumption for the phrea-
tic line in the river dikes or strength modelling (Euro-
pean Commission 2024). Nevertheless, adding these
overlooked model uncertainties is certain to increase
the prior failure probability, but their influence on the
updated failure probability is less straightforward, and
a qualitative reasoning is given. Adding additional
uncertainties in the strength, such as model uncertainty
related to stability modelling, results in a fragility curve
that shifts upward and becomes flatter. This, in turn, is
likely to increase the impact of reliability updating,
resulting in larger probability factors. Adding model
uncertainty to the schematisation of the load does not
necessarily change the decimate height; it is more likely
to affect only the absolute level. This does not affect the
impact of reliability updating in terms of the probability

factor, but it does increase the prior and updated failure
probability. Furthermore, this study assumed a clear
survived load level for reliability updating, which can
be in practice rather uncertain, because of measurement
errors and the translation from point measurements to
spatial variables, such as the phreatic line. Accounting
for these uncertainties, rather than using a best estimate,
will reduce the impact of reliability updating.

4.2.2. Multivariate load variations

Failure probabilities were estimated using fragility
curves, which express the relation between load and
conditional failure probability. In the case studies, we
only considered one load variable, namely the pore-
water pressures in and under the dike. However, the
load can also be a combination of pore-water pressures
and traffic load. In these cases, a fragility plane can be
used where the failure probability is conditional on
two variables (Nofal, van de Lindt, and Do 2020). This
can make failure probability analysis more challenging,
as well as reliability updating. This traffic load is time-
variant and, therefore, inherently uncertain (Lendering,
Schweckendiek, and Kok 2018). The way this load vari-
able is considered within failure probability analysis,
deterministic or probabilistic, affects the potential of
reliability updating. In future extensions, attention
should be given to the dependency between loads,
such as time-varying pore-water pressures and traffic
load, as well as to the incorporation of multiple moni-
toring indicators.

4.2.3. Modelling shear strength and the value of
historic data

When it comes to the reliability of dikes, the behaviour
of dike material is never constant over the long term.
Soils are subjected to weather and other forces of the
environment, making soil characteristics vary over
time. For example, strength parameters can evolve due
to factors such as soil aging, dry-wet cycling, and
human interventions like maintenance or reinforce-
ment efforts. Additionally, load characteristics can
change, because of climate change with increasing
extreme precipitation and more frequent high water
levels (Van Dorland et al. 2023). This dynamic nature
of load and strength means that failure probabilities
and dike safety change over time. Whether this has a
positive or negative impact on dike stability depends
on site-specific dike characteristics. Ultimately, the chal-
lenge to reliability updating lies in finding the right bal-
ance between understanding evolving strength and load
parameters and leveraging historical measurements.
Regular monitoring, combined with probabilistic
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methods that incorporate past data, helps create a
clearer picture of the dike’s true performance.

5. Conclusions

This study aims to better understand the role of load
variations in reliability updating and in assessing cred-
ible failure probabilities. First, this was conceptually
examined using hypothetical dikes with various load
and strength configurations described by Gumbel distri-
butions. It was found that the impact of reliability
updating increases when load variations are smaller,
regardless of the prior failure probabilities. The reason
is that only a relatively small load range contributes to
the calculated failure probability, which, in absolute
terms, is close to the load levels that occur every year.
By updating the fragility curve, the conditional failure
probabilities closest to the survived load level are
reduced the most. Therefore, reliability updating has a
larger impact on the failure probability for situations
with smaller load variations. Second, these findings
were confirmed in the case studies of two canal dikes
and two river dikes in the Netherlands, which varied
in terms of fragility curves and load variations. The
two canal dikes with decimate heights smaller than 10
cm benefited the most from reliability updating, while
the updated failure probabilities of the river dikes chan-
ged only slightly. This is because the load variations of
the two river dikes are larger with decimate heights of
the phreatic line of approximately 30 and 60 cm, while
the inverse gradients of the fragility curve were similar.
In the moderate-strength scenario for the canal dikes,
reliability updating with a load that occurs once every
two years reduces the failure probabilities by a factor
of three to nine, relative to the prior estimates. However,
for the river dikes, even extreme load levels with a 1/100
probability per year, as occurred during the 2021 Lim-
burg floods, contribute little when it comes to improv-
ing failure probabilities through reliability updating.
Based on the conceptual analysis, a credibility check for
safety assessments was proposed, identifying situations
where the failure probability is dominated by load levels
that occur every 10 years or more frequently. The contri-
bution of frequent load levels to the total failure prob-
ability exceeds 50% when the inverse gradient of the
fragility curve is about 1.5 times greater than the decimate
height of the load. In these situations, the load variations
and strength uncertainty are out of balance, making it
challenging to estimate credible failure probabilities, as
this can contradict the stability of the dikes over many
decades. Situations of small load variation occur widely
in the Netherlands, for example, along much of the over
10,000 kilometres of canal dikes and in primary flood

defences in lake and delta regions. In these situations,
reducing the uncertainties related to the dike’s strength
will lower the inverse gradient of the fragility curve, result-
ing in more credible failure probability estimates. This can
be achieved by, for example, monitoring load levels in
combination with reliability updating methods or gather-
ing more detailed data on soil strength.
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Appendix
A1l. Load scenarios in case studies

For every case, at least five load situations are considered, ran-
ging from yearly occurring levels to a situation with a prob-
ability of occurrence of 1/10,000 per year, discretized with
load levels that differ by a maximum probability factor of 10.

The water level statistics of the various case studies are as
follows.

Return period [years] ~ Aarlanderveen  Duifpolder ~ Meers  Gennep
1 -2.10 —-0.45 33.88 9.23
10 -1.95 —-0.375 36.01 11.99
100 —-1.80 -03 37.37 13.28
1,000 —1.65 —0.225 38.13 14.14
10,000 —-1.50 -0.15 38.66 14.82

The head level at the inner-crest in the various case studies
is as follows:
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Return period [years] ~ Aarlanderveen  Duifpolder ~ Meers  Gennep
1 -2.53 —0.68 33.88 9.8
10 —243 —0.61 34.51 10.49
100 -233 —0.54 35.87 11.78
1,000 —2.23 —-0.47 36.63 12.64
10,000 —1.40 -0.15 37.16 13.92

In three of the four cases, the contribution of the load scen-
arios with a return period of 10,000 years is small, except for
the dike at Meers. Therefore, two additional scenarios were
added with average return periods of 30,000 and 100,000
years.

Furthermore, for the Gennep case, two additional load
scenarios with return periods of 30 and 300 years were
added, because uplift occurred there. This caused a bending
fragility curve that was better captured by including these
extra scenarios.
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A2. lllustrative example of two dikes

Let’s look at two dikes with the same fragility curve and
an initial failure probability of 1/100 per year. The key
difference lies in the load statistics: one dike faces small
load variations (left), while the other faces large load vari-
ations (right). Both dikes have survived a load level cor-
responding to a 10-year return period. After updating,
the failure probability is lower for the dike with smaller
load variations.
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Now, consider two new dikes with similar load statistics
and inverse fragility curve gradients, but with a different
mean strength: the fragility curve is shifted to the right. The
initial failure probabilities are now 1/1,000 per year - ten
times smaller than in the first example. Again, they have sur-
vived a load level corresponding to a 10-year return period.
The failure probability distributions have the same shape,
but the scale of the y-axis decreased by a factor of ten. The
effect of updating is similar in terms of the ratio between
the prior and the updated failure probabilities.
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Two combinations of load statistics (red: small load variations, blue: large load variations) and the same prior fragility curves (inverse
gradient of 0.4m). The vertical dotted line indicates the survived 10-year load level. Both cases have the same prior failure probability

of 1/100 per year, while the updated probabilities differ.
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A3. Additional figures for conceptual analysis

The figures below show the impact of reliability updating
under different prior failure probabilities (1/100 and 1/1,000
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per year) and survival load levels (levels with exceedance
probabilities of 1/2 and 1/10 per year).
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Two combinations of load statistics (red: small load variations, blue: large load variations) and the same prior fragility curves (inverse
gradient of 0.4m). The vertical dotted line indicates the survived 10-year load level. Both cases have the same prior failure probability

of 1/1,000 per year, while the updated probabilities differ.



22 B. STRIJKER ET AL.

Impact reliability updating Impact reliability updating
Pf rior: 1/100 per year, Psun: 1/10 per year

Pr, prior: 1/100 per year, Psyn: 1/2 per year

100 100

30 30

10 10

Probability factor [-]
Decimate height load [m]
Probability factor [-]

Decimate height load [

n 10
n ©
—

[m]

1.75
1.85

Impact reliability updating Impact reliability updating
Pr, prior: 1/1000 per year, Psun: 1/2 per year

Pr, prior: 1/1000 per year, Pgyn: 1/10 per year
5 ~ ‘uifpol 0.05

0.1
0.15

100 100

o
N

30 30

0.25

o
w

0.35

10 10

o
»

0.45

I
wn

Probability factor [-]
Decimate height load [m]
Probability factor [-]

Decimate height load [

0.55
0.6
1 0.65

0NN wnwn n n n n n wn
O ANM< N O ) O om0
coocoocoo 5 S — —

165

‘el
~
—

% 0.55
‘!.’075
3 0.85
glos
Z125

1.85

t fragility curve [m

Inver: i

gr

Four heatmaps showing the probability factor after reliability updating as a function of the inverse gradient of the fragility curve and
the decimate height load, for two prior failure probabilities (1:100 and 1:1000 per year) and two survived load levels (exceedance
probabilities of 1:10 and 1:2 per year). The four case study sites are indicated by horizontal markers.



