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Abstract

Traditional geotechnical design practices in Belgium predominantly rely on deterministic or
semi-probabilistic methods, which often result in conservative estimates that do not fully account
for the inherent variability of soil behaviour. This thesis investigates the practical implementa-
tion of fully probabilistic geotechnical calculations, with a focus on predicting dike settlements.
The study centres on the Groot Schoor Bornem dike reinforcement project, which is part of the
broader Flemish Sigmaplan for flood protection, and integrates extensive field and laboratory
data with state-of-the-art probabilistic methods.

A comprehensive methodology is developed, combining PLAXIS 2D finite element modelling
with Python-based automation and probabilistic calculations. Key soil parameters are identi-
fied through a sensitivity analysis and modelled as stochastic variables based on distributions
derived from CPT(u) data and laboratory tests. Latin hypercube sampling is used to gener-
ate representative input sets, while a response surface model is trained on a limited number of
PLAXIS simulations to enable an efficient large-scale probabilistic analysis. Bayesian updating,
using the Markov chain Monte Carlo method, refines the probabilistic predictions by incorporat-
ing real-world settlement measurements from the monitoring campaign.

The results show that probabilistic methods not only better capture the variability and uncer-
tainty in settlement behaviour compared to deterministic approaches, but also offer valuable
insights into parameter sensitivity and model robustness. This study demonstrates the feasibil-
ity and benefits of incorporating probabilistic techniques into routine geotechnical design, paving
the way for more reliable and cost-effective infrastructure development as well as data-driven
decision-making.

Keywords: probabilistic settlement calculations, numerical modelling, soil parameter distribu-
tions, response surface method, Bayesian updating
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Abstract—Traditional geotechnical design practices in Belgium
predominantly rely on deterministic or semi-probabilistic
methods, which often result in conservative estimates that do
not fully account for the inherent variability of soil behaviour.
This thesis investigates the practical implementation of fully
probabilistic geotechnical calculations, with a focus on predicting
dike settlements. The study centres on the Groot Schoor Bornem
dike reinforcement project, which is part of the broader Flemish
Sigmaplan for flood protection, and integrates extensive field and
laboratory data with state-of-the-art probabilistic methods.

A comprehensive methodology is developed, combining PLAXIS
2D finite element modelling with Python-based automation and
probabilistic calculations. Key soil parameters are identified
through a sensitivity analysis and modelled as stochastic variables
based on distributions derived from CPT(u) data and laboratory
tests. Latin hypercube sampling is used to generate representative
input sets, while a response surface model is trained on a
limited number of PLAXIS simulations to enable an efficient
large-scale probabilistic analysis. Bayesian updating, using the
Markov chain Monte Carlo method, refines the probabilistic
predictions by incorporating real-world settlement measurements
from the monitoring campaign.

The results show that probabilistic methods not only better
capture the variability and uncertainty in settlement behaviour
compared to deterministic approaches, but also offer valuable
insights into parameter sensitivity and model robustness. This
study demonstrates the feasibility and benefits of incorporating
probabilistic techniques into routine geotechnical design, paving
the way for more reliable and cost-effective infrastructure
development as well as data-driven decision-making.

Keywords—probabilistic settlement calculations, numerical
modelling, soil parameter distributions, response surface method,
Bayesian updating

I. INTRODUCTION

Conventional geotechnical design in Belgium often uses
deterministic methods in combination with partial safety
factors. While these approaches are straightforward and
provide safe results, they tend to be overly conservative
and do not fully account for the natural variability of soil.
As infrastructure projects become more complex and more
detailed site data is available, there is a growing need for
design methods that better reflect uncertainty. Probabilistic
modelling offers a promising alternative, allowing for safer
and more cost-effective solutions.

A. Study area and project background

This research focuses on the Groot Schoor dike
reinforcement project in Bornem, initiated in 2020 as part
of the Flemish Sigmaplan, a large-scale program aimed at
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sustainable flood risk management along the Scheldt and its
tributaries. The project involves the depoldering of the Groot
Schoor site. A new, safer dike has been constructed further
inland (indicated in purple in Figure 1), after which an opening
will be created in the old Scheldt dike. This intervention
will allow the site to be flooded by the tides, facilitating the
restoration of unique mudflats and tidal marshes [1].

The project is commissioned by De Vlaamse Waterweg,
with Aertssen as the main contractor. The Department
of Mobility and Public Works (DMOW) was responsible
for the geotechnical site investigations, including field
testing, laboratory analyses and the installation of settlement
monitoring systems.

For the probabilistic analysis of settlements at the newly
constructed dike, cross-section DP26 (highlighted in blue
in Figure 1) has been selected as the focus of this study
for several reasons. Firstly, it is considered geotechnically
complex. Located near the historical Kragewiel—a remnant of
a dike breach from 1552—this area features a thick, soft clay
layer and reduced soil support on the landward side, making
it the most critical section in terms of predicted settlement.
Secondly, the site has been thoroughly investigated through
extensive field and laboratory testing [2]. Lastly, DP26 is
well-instrumented, with high-resolution settlement monitoring
data available, making it highly suitable for probabilistic
modelling and Bayesian updating [3].

Fig. 1: Overview Groot Schoor site Bornem

B. Research objectives

The primary goal is to develop and validate a probabilistic
framework for modelling dike settlements, using advanced
numerical and statistical methods. The framework aims to:



1) Capture the inherent uncertainty in soil parameters.

2) Integrate monitoring data to improve predictions.

3) Demonstrate the added value of probabilistic design in
real-world projects.

II. AVAILABLE DATA AND INFORMATION
A. Geometry DP26 and construction stages

Based on the design and execution plans provided by
DMOW [2], a cross-sectional profile of the dike at location
DP26 is drawn. As shown in Figure 2, the newly designed
sandy dike (highlighted in yellow) is partially built on top
of an older clayey dike (in purple). While this existing
dike is partly excavated, it remains in place to serve as
an impermeable core. The underlying soil stratigraphy, also
defined by DMOW, includes a very soft clay layer (layer S)
at the surface. This layer extends beneath the old dike, where
centuries of loading have led to increased consolidation and
altered soil properties, designated as layers E and Ebis. To
reduce anticipated settlement on the Scheldt side (GOG) of the
new dike, part of layer S was excavated and replaced during
construction.
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Fig. 2: Cross-sectional plan of DP26

B. Site investigation and laboratory test campaign

From the Databank Ondergrond Vlaanderen (DOV), a
substantial number of cone penetration tests (CPTs) are
obtained in the vicinity of cross-section DP26. Specifically, six
CPTs located on the Scheldt side of the dike, six beneath the
existing clayey dike and four on the inland side [4]. The CPT
data, providing continuous vertical profiles of cone resistance
and pore pressure, serve as the primary basis for deriving the
soil stratigraphy (Figure 3) and the probabilistic distributions
of key soil parameters through correlations.
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Fig. 3: Soil stratigraphy in DP26 [2]
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In addition to CPT data, laboratory testing was performed on
selected soil samples retrieved from boreholes. This included
oedometer and triaxial tests. The comparison between lab and
CPT-derived values allows for the quantification of uncertainty
in the derived soil parameter distributions.

C. Monitoring campaign

To monitor the settlement of the newly constructed dike,
multiple types of geotechnical instrumentation were installed
by DMOW. At cross-section DP26, three key monitoring
devices are available: a settlement plate (ZP3), a settlement
beacon (ZB3) and a horizontal settlement pipe (Z1). In this
study, the main focus is on the settlement beacon ZB3, which
is positioned below the crest of the new dike, at the base
of the soil replacement. This instrument provides a direct
measurement of the vertical displacement at the top of the
structure and thus serves as a reliable reference for evaluating
total settlement. The full grey line in Figure 4 illustrates the
recorded settlements over time at this location.
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Fig. 4: Monitored settlements with settlement beacons

As shown in Figure 2, the dike is constructed in stages,
alternating between elevation and consolidation phases. During
elevation, a new wedge of fill is added to increase the
dike height. In the subsequent consolidation phase, the soft
underlying soils are given time to settle and gain strength. The
evolution of dike elevation at DP26, based on measurements at
beacon ZB3, is shown in Figure 5. Stepwise increases reflect
fill stages, while plateaus indicate consolidation periods.
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III. NUMERICAL MODEL DP26 IN PLAXIS 2D

Before initiating the probabilistic calculations, a numerical
model of the dike must be developed in PLAXIS 2D, as
it forms the foundation for simulating settlement behaviour
under varying soil conditions and is essential for the large
number of model evaluations required in the subsequent
analysis. This model, illustrated in Figure 6, incorporates the
soil stratigraphy and structural components of both the new
and old dike. In PLAXIS 2D, clayey soils are modelled using
the Modified Cam-Clay constitutive model, which effectively
captures primary consolidation and stress-path-dependent
behaviour in clays. For sandy soils, the Hardening Soil
Small-Strain model is applied, as it accounts for stiffness
degradation at small strains. This is crucial for accurately
simulating the response of the deeper sand layers present at the
site in Bornem. To enhance efficiency and ensure consistency,
the model setup is automated using Python scripting [5].
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Fig. 6: PLAXIS 2D model of DP26

To simulate the staged dike construction, two modelling
options are available for implementation in PLAXIS 2D:

o Full consolidation modelling: both elevation and
consolidation phases are modelled as time-dependent
consolidation steps (Figure 7).

o Hybrid plastic-consolidation modelling: elevation steps
are treated as undrained plastic calculations, followed by
extended consolidation phases (Figure 8).

Both approaches yield a similar final settlement at ZB3, but
differ in how they capture time-dependent behaviour. The
full consolidation model produces a more realistic curve that
closely matches the actual construction timeline. This becomes
particularly relevant since field monitoring began 131 days
after construction started. When the computed curves are reset
to align with this delayed measurement baseline, the hybrid
model underestimates the ongoing settlement, while the full
consolidation model better reflects the continued influence
of earlier construction stages. As such, full consolidation
modelling is recommended.
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Fig. 7: Full consolidation modelling
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Fig. 8: Hybrid plastic-consolidation modelling

IV. METHODOLOGY FOR PROBABILISTIC CALCULATIONS

This study develops a probabilistic framework for predicting
dike settlement, emphasizing uncertainty quantification and
real-time data integration. The methodology consists of the
following key steps:

1) Sensitivity analysis: identify the most influential
soil parameters affecting settlement to focus the
probabilistic modelling on critical variables, thereby
reducing unnecessary computational effort.

2) Stochastic soil parameter distributions: derive
probabilistic distributions for sensitive soil parameters
using CPT(u) data, supported by laboratory test
comparisons to estimate model errors.

3) Latin hypercube sampling (LHS): generate a
well-distributed sample set of input parameters
representing soil variability, enabling comprehensive
exploration of the input space.

4) Numerical PLAXIS 2D simulations: generate
settlement curves from finite element simulations
on a small initial sample set, constrained by the
computational cost of PLAXIS simulations.

5) Response surface model (RSM): develop a surrogate
model trained on the numerical simulation results
to approximate the input-output relationship, allowing
rapid evaluation of settlement predictions for much
larger sample set sizes.

6) Extensive probabilistic simulations: use the RSM
to efficiently perform large-scale simulations within
probabilistic frameworks, supporting a robust analysis
and Bayesian updating.

7) Bayesian updating: integrate real-time monitoring
data to update soil parameter distributions and
refine settlement predictions, reducing uncertainty and
improving model reliability dynamically throughout the
project.

This structured approach combines advanced sampling,
surrogate modelling and Bayesian inference to provide
a scalable, adaptive and accurate methodology for dike
settlement prediction, surpassing traditional deterministic
methods that rely solely on fixed input parameters and use
monitoring data only for retrospective validation.
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V. RESULTS AND DISCUSSION
A. Sensitivity analysis

A sensitivity analysis is performed in PLAXIS 2D
to identify which soil parameters should be modelled
probabilistically and which can remain at their deterministic
values due to their negligible impact on settlement. This is
achieved by varying all soil parameters involved in the model
within predefined bounds [pPmin,i, Pmax,:] and assessing their
impact on the vertical settlement of the dike, denoted as f(p;).
The analysis produces a sensitivity score 7, ;, where a higher
score indicates a greater effect on settlement [6]. As illustrated
in Figure 9, 95% of the variation in settlement behaviour of
the dike in DP26 is attributable to changes in four parameters
of the soft clay layer S: the overconsolidation ratio (OC'R),
the vertical permeability (k, = kyer¢), the compression index
(A) and the recompression index (k).
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Fig. 9: Sensitivity analysis on soil parameters in DP26

B. Stochastic soil parameter distributions

Before identifying the distributions of the sensitive soil
parameters, it should be noted that both the compression (\)
and recompression index () are related to each other in case of
very soft clays (x ~ A/3) [7]. Moreover, they can be calculated
from the initial void ratio (eg) and the compression constant
according to the Flemish formula (C') [8].

C. 23-0° 23 _C. 1+eg
14ey  Eoeq C 23 C
This illustrates that characterizing the settlement behaviour of
clay layer S is best achieved by identifying the distributions
of its OCR, kyert, €g and C. To determine these distributions,
an IMDC workflow has been adapted, linking relevant CPT(u)
data to soil layers. At the GOG side of the new dike, six
CPT(u) tests provide data for layer S. This data, shown in red
in Figure 10, excludes the upper soil surface due to significant

accreted material from historic flooding.
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Fig. 10: Cone resistance profiles at the dike’s GOG side

Subsequently, derived CPT(u) parameters such as the
normalized cone resistance (); are calculated, enabling the use
of empirical correlations to estimate the target geotechnical
parameters. To identify the most suitable correlation for each
parameter, available laboratory test data can be used. Given
the limited amount of this data, a bootstrapping technique has
been applied to construct provisional cumulative distribution
functions (CDFs), which are then compared with those derived
from the correlated CPT(u) data. This comparison leads to the
selection of the following correlations:

o OCR: Kulhawy & Mayne (1990) [9].

« Vertical permeability: Robertson (2009) [10].

« Initial void ratio: Budhu (2010) [8] using the unit weight

correlation from Robertson [11].

o Compression constant: C = («a - q.)/0;, o with o for

clays, SB260 (2018) [12].
The selected correlations can then be used to compute
probability density functions (PDFs), shown in green in Figure
11. However, since these correlations were developed for soils
that may differ from those in layer S, a model (or correlation)
error has been estimated in accordance with NBN EN1990 —
Annex D [13]. This is done by comparing lab test results with
values calculated from CPT(u) data at corresponding locations
and depths. Multiplying the model error with the original
distributions reveals that poorer correlation performance
results in wider, corrected distributions, shown in blue in
Figure 11. The correlation performs well for OC R, while for
ep and C, model error correction mainly shifts the mean with
minimal broadening of the PDFs, unlike the more pronounced
effect observed for kyqpt..

Xiv



Distribution of OCR [-] Distribution of log(kvert) [m/s]

o B
log(kyert) [m/s]
Distribution of C [-]

3 3
OCR [-]

Distribution of eo [-]
e 017

0125

PDF

0050

1 2 H 3 5 6 H 10 15 20 2
eo [-] crl

—— original  —— Corrected

Fig. 11: Soil parameter distributions of layer S

C. Latin hypercube sampling

Latin hypercube sampling (LHS) is used to efficiently
generate representative input sets for the probabilistic analysis.
For each of the £k = 4 stochastic soil parameters, the
cumulative distribution is divided into m equally probable
intervals and a value is randomly selected within each interval.
This forms an m x k sampling matrix based on a permutation
matrix P of shuffled interval indices and a matrix R of uniform
random values in [0,1]. The normalized sample positions
are computed as S = -L(P — R). Each value s;; is then
mapped to the target distribution using the inverse CDF:
Tij = Fj_l(si)j). This results in m unique sample sets that
reflect the statistical properties of the input variables and are
used in the PLAXIS settlement simulations [14].

D. Numerical PLAXIS 2D simulations

To reduce the computational cost of repeated PLAXIS
evaluations during Bayesian updating, a response surface
model (RSM) is developed to approximate settlement
behaviour. Therefore an amount of training data is required:
n = 10 -k, with & = 4 4 1 input parameters (four soil
parameters and time), 100 LHS sample sets are generated,
exceeding the minimum requirement of 50, to balance the
one-time computational effort in PLAXIS and RSM accuracy
[15]. The resulting computed settlement curves are shown in
Figure 12. All curves are reset to zero at the start of the
monitoring campaign (indicated by the vertical dotted line)
to align with the measured data.

Settlement [m]

o 200 400 600 800
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Fig. 12: Numerical simulation of 100 settlement curves
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E. Response surface model

As mentioned before, a response surface model (RSM)
is constructed to approximate the complex system response
g(z) using a surrogate model §(z). Among various surrogate
modelling techniques, Gaussian process regression (GPR) is
selected for its ability to capture non-linear, time-dependent
settlement behaviour with high accuracy and efficiency, even
with a limited number of training samples (n < 100). Other
methods, such as polynomial regression and neural networks,
have been investigated but found unsuitable due to limited
expressiveness or excessive complexity [16].

The RSM is trained using 80% of the dataset of 100
settlement curves generated with PLAXIS 2D. The input
vector is defined as z = [OCR, kyert, €0, C, t], where the first
four components are soil parameters that remain constant over
the range of time ¢. The corresponding output y is a vector with
settlement values at any time instance ¢. The remaining 20% of
the data is reserved for validation. Figures 13 and 14 illustrate
the model’s performance. The RSM accurately reproduces
settlement curves not seen during training. The validation
results show a coefficient of determination R? = 0.9961 close
to one and residuals randomly scattered around zero, indicating
no autocorrelation and consistent variance (homoscedasticity)
[17].
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Fig. 14: Validation of the RSM model

As a Bayesian, non-parametric method, GPR provides
both a mean prediction and an uncertainty estimate by
defining a distribution over functions. This is governed by
a mean function and a kernel that encodes assumptions
about function smoothness and correlation. For this study,
a hybrid kernel combining a Matérn and White component
is adopted to balance smooth approximations with the
flexibility to capture abrupt responses and observational noise,
typical in geotechnical simulations [18]. The final optimized
hyperparameters for each input dimension are summarized in
Table I.



Table I: Hyperparameters of the GPR surrogate model

White Matérn
OCR Kyert eo C t
Lengthscale / 33.2045  27.4955  69.5806 7.5118 1.8652
Variance 1.7141-107% 510.8814 510.8814 510.8814 510.8814 510.8814

F. Extensive probabilistic simulations

The trained and validated RSM allows an accurate
prediction of a lot of settlement curves in negligible time
compared to calculating these curves in PLAXIS 2D. For
an LHS sample set with size 500, the RSM reproduces the
corresponding 500 settlement curves in 15 minutes (Figure
15), while PLAXIS 2D simulations would take roughly 3000
minutes or 50 hours.
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Fig. 15: Extensive probabilistic simulation using the RSM

G. Bayesian updating

To refine settlement predictions based on monitoring data,
Bayesian updating revises the probability distributions of
uncertain soil parameters using Bayes’ theorem. Classical
closed-form Bayesian methods are unsuitable here due
to the non-linear, surrogate-modelled relationship between
soil parameters and settlements and the lack of direct
parameter observations. Instead, the full joint posterior
distribution is approximated using Markov chain Monte
Carlo (MCMC), specifically the Metropolis-Hastings (MH)
algorithm [19]. MCMC generates a Markov chain whose
equilibrium distribution corresponds to the posterior, enabling
sampling from complex distributions known only up to a
normalizing constant. In each iteration, a candidate parameter
vector Z is proposed from a proposal distribution ¢(Z | z,)
based on the current state z. This candidate can be accepted
as the next state x,__; with probability a(z,, &). Here, fx () is
the non-normalized posterior (product of prior and likelihood).
For symmetric proposal distributions, as is the case for the
MH random-walk algorithm: ¢(Z | z,) = ¢(z, | Z). Hence,
the acceptance ratio can be simplified [20].

fx(Z)

i raps| R O s B

A uniform random number u ~ [0, 1] determines acceptance:
ifu <a,thenz,,, = I, otherwise z,,; = z,. The procedure
is illustrated in Figure 16. After discarding an initial burn-in
phase to ensure convergence, the remaining samples represent
draws from the posterior, which are propagated through the

o =min |1,

surrogate model to produce updated settlement predictions
that incorporate parameter uncertainty and observational noise.
This MCMC framework thus enables robust, flexible Bayesian
updating beyond classical analytic methods [21].

]:,_ target distribution
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............................................
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@ Markov chain  © rejected proposals samples histogram

Fig. 16: Illustration of the MCMC procedure [22]

Figure 17 illustrates the evolution of the marginal
distributions for the four most sensitive soil parameters
during the Bayesian updating process. With each update,
the distributions become increasingly concentrated, reflecting
a systematic reduction in epistemic uncertainty as more
monitoring data is assimilated. This sharpening of distributions
indicates a clear gain in information about the parameter
values, with the narrowing interquartile ranges in the box plots
providing a visual confirmation of this trend.
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Fig. 17: Updated soil parameter distributions

Figure 18 presents the impact of this updating on
the settlement predictions. The sequential transition from
prior (dotted lines) to posterior (solid lines) predictions
demonstrates a convergence toward the observed monitoring
data. As shown in the top-right plot, the predictions align
closely with measurements after only a few updates, indicating
the efficiency of the updating framework. Subsequent updates
primarily serve to tighten the credible intervals, represented
by the shaded bands, rather than significantly shift the mean
predictions. Finally, the bottom-right plot contrasts the initial
prior predictions (from Figure 15) with the final posterior,
highlighting a substantial reduction in predictive uncertainty.
This confirms that the Bayesian updating process not only
improves prediction accuracy but also significantly enhances
confidence in the model outputs.
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VI. CONCLUSION AND RECOMMENDATIONS

This study develops a structured and scalable methodology
for probabilistic geotechnical modelling, demonstrated through
its application to a dike settlement prediction in the
Groot Schoor Bornem project. By combining a sensitivity
analysis, stochastic modelling, surrogate-assisted simulations
and Bayesian updating, the approach captures soil variability
and dynamically refines predictions using real-time monitoring
data. Compared to traditional deterministic methods, the
framework reduces epistemic uncertainty and enhances
predictive reliability. It optimises computational efficiency
through surrogate modelling, isolates critical soil parameters
and adapts to new data throughout the project lifecycle.
The results confirm the feasibility and value of integrating
fully probabilistic tools into geotechnical practice, supporting
data-driven, cost-effective and risk-informed design, paving
the way for more resilient infrastructure.

For future work, several enhancements are recommended:
extending the RSM to incorporate creep effects alongside
primary consolidation, evaluating the framework with
alternative constitutive models within PLAXIS and applying
the methodology to other geotechnical structures such as
retaining walls. Further, using k-fold cross-validation could
strengthen RSM robustness. Incorporating spatial variability
of soil parameters and updating based on other measurements,
such as pore water pressure, may also enhance model accuracy
and generalizability.
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Nomenclature

Latin symbols |

Symbol Description Unit
B, Pore pressure ratio [-]

C Flemish compression constant [—]

C. Compression index [-1]

Cy Recompression index [-1]

Cu Undrained cohesion [kPa]
Co Coefficient of consolidation [m?/s]
D, Relative density [-]
ESS Secant stiffness in standard drained triaxial test [k Pa]
E;:f; Tangent stiffness for primary oedometer loading [kPa]
Eret Unloading/reloading stiffness [kPa)
eo Initial void ratio [-]

fs CPT sleeve friction [M Pa)
F, Normalized friction ratio [-]
g9(X) Response function [-]

Go Small-strain shear modulus [kPa]
Gs Specific gravity of soil solids [-1]

1. Soil behaviour type index [-]

k Hydraulic permeability [m/s]
Ky Coefficient of lateral earth pressure at rest [-1]

m Power for stress-level dependency of stiffness [-]

l lengthscale (kernel hyperparameter) [—]
pref Reference stress for stiffness [kPa)
Datm Atmospheric pressure [M Pa]
Ge CPT cone resistance [M Pa]
qn Net cone resistance [M Pa]
qt Corrected cone resistance [M PA]
Q¢ Normalized cone resistance [-1]

R? Coefficient of determination [-]

Ry Friction ratio [%]

R Gelman-Rubin statistic []

i Equilibrium pore pressure [M Pa)
U Pore pressure at the shoulder of the CPT [M Pa]
x Input variable [—]

y Output variable [-1]

z Depth of the CPT [m]
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Greek symbols

Symbol Description Unit

Q Acceptance probability for MH algorithm [-1]
Au Excess pore pressure [M Pa]
0.7 Threshold shear strain [—]

Yd Dry unit weight of soil [kN /m?]
s Saturated unit weight of saill [kN /m?]
K Recompression index [-]

K Kernel function GPR [-]

A Compression index [-1]

I Mean value of a Gaussian distribution [-1]
Mcesr, Slope of the critical state line [-]

Vyr Poisson’s ratio for unloading/reloading [-]

1) Angle of internal friction [’

P Dilatancy angle [°]

Ppe Vertical settlement of the soil [m]

o Stress [kPa]
o Standard deviation of a Gaussian distribution [-]

o Tensile strength [kPa]
0v,0 In situ vertical stress [M Pa]
o0 In situ effective vertical stress [M Pal]
0270 In situ effective horizontal stress [M Pa]
og Variance of the proposal distribution (MH algorithm) [—]

o2 Signal variance (kernel hyperparameter) [-]
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Abbreviations

Abbreviation

Description

API
BH
CDF
CD-TX
CPT
CPTu
CRS
CU-TX
DOV
FCA-CRT
FE(M)
FORM
GOG
GP(R)
GWT
HS
HSsmall
IMDC
JRC
JCSS
LHS
MAE
McCC
MCMC
MH
MSE
OCR
PDF
RBF
RSM
SORM
TAW
UU-TX
VST

Application programming interface
Borehole

Cumulative distribution function
Consolidated drained triaxial test

Cone penetration test

Cone penetration test with pore pressure measurement
Constant rate of strain (tests)

Consolidated undrained triaxial test
Databank Ondergrond Vlaanderen

Flood control area - controlled reduced tide
Finite element (method)

First order reliability method

Gecontroleerd overstromingsgebied
Gaussian process (regression)
Groundwater table

Hardening Soil model

Hardening Soil model with Small-Strain Stiffness
International Marine and Dredging Consultants
Joint Research Centre

Joint Committee on Structural Safety

Latin hypercube sampling

Mean absolute error

Modified Cam Clay

Markov chain Monte Carlo
Metropolis-Hastings

Mean squared error

Overconsolidation ratio

Probability density function

Radial basis function

Response surface method (or model)
Second order reliability method

Tweede Algemene Waterpassing
Unconsolidated undrained triaxial test
Vane shear test
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General conventions
Vectors are underlined (e.g. ).
Matrices are double underlined (e.g. ).
Prior distributions are designated with a superscript’ (e.g. f'(x)).
Posterior distributions are designated with a superscript ” (e.g. f”(z)).
General variables are designated with capital letters (e.g. X).

Realizations of these general variables are designated with small letters (e.g. z).

XXXii



General introduction

As an introduction to this master’s dissertation, this chapter provides the framework in which
this research should be situated and tries to highlight the scope as well as the importance of the
topic studied. Based on this, the research objectives can be formulated and the methodology
to achieve these objectives can be discussed. Finally, the outline of the thesis is presented.

1.1 Context and situation of the research project

1.1.1 Geotechnical design practices in Belgium

Geotechnical design practices in Belgium traditionally rely on deterministic or semi-probabilistic
approaches to assess the bearing capacity of structures, analyze the stability of slopes and
predict the settlement of soils (Bureau voor Normalisatie (NBN), 2022). These methods use
characteristic values for soil properties and apply predefined partial safety factors to account
for uncertainties in the soil properties, their determination and the design procedures. While
such approaches are widely adopted and provide a framework for safe and effective designs,
they often fail to capture variability in outcomes. The partial safety factors are based on ex-
pert judgement and are calibrated to ensure acceptable failure probabilities. However, these
methods have been criticized for being overly conservative and for not fully utilizing the growing
amount of data from site investigations and laboratory testing.

1.1.2 Opportunities for advancements in geotechnical design

Recent advancements in geotechnical software and computational methods, such as PLAXIS
2D, and the adoption of advanced soil models, like the Hardening Soil and Modified Cam-Clay
Models, have enabled more refined analyses. These tools allow engineers to simulate com-
plex soil-structure interactions and model non-linear behaviour of soils under various loading
conditions. Additionally, automation via Python scripting enables the engineer to perform more
calculations in less time and to explore a wider range of design scenarios efficiently.
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Simultaneously, the availability of extensive and high-quality geotechnical data increases through
databases, such as Databank Ondergrond Vlaanderen (Vlaamse overheid, s.d.), that collect the
results of extensive site investigations, laboratory testing and site monitoring campaigns.

While the general Eurocode framework does support probabilistic design, a deterministic ap-
proach to geotechnical design remains prevalent in the Belgian practice. As such, probabilistic
geotechnical calculations remain relatively unexplored. Moreover, while the second generation
of the Eurocode for geotechnical design is intended to be probabilistically calibrated, a report
by Deltares highlights that this calibration has not been fully achieved (Schweckendiek et all,
2024). This shortcoming has prompted the formulation of additional guidance for reliability-
based design and assessment of geotechnical structures within the Eurocode framework, as
published by JRC (van Den Eiinden et al., 2024).

Building on the increased computational power and data availability, probabilistic geotechnical
design approaches emerge as the logical next step. By explicitly accounting for uncertainties
through statistical distributions of input parameters, these methods overcome key limitations
of deterministic approaches. Instead of producing a single deterministic output, probabilistic
methods yield a range of possible outcomes. The latter provides valuable insights into the
likelihood and variability of different scenarios (e.g. settlements, bearing capacity). This enables
a shift from overly conservative generic designs to optimized, tailored designs and risk-informed
decisions that better balance safety, performance and cost-effectiveness.

The large potential of probabilistic calculations lies in their ability to unlock significant benefits
for geotechnical practice.

» Data-driven design: modern site investigation techniques (e.g. CPTs) and lab tests (e.g.
triaxial tests) generate vast datasets. probabilistic methods leverage this wealth of infor-
mation to define distributions for input parameters, making full use of available information
rather than reducing it to single characteristic values.

* Insight into variability and sensitivity: by producing a full distribution of outcomes,
probabilistic approaches offer deeper understanding of design variability, enabling better
performance prediction, identification of critical parameters and sensitivity analysis. This
leads to designs that are both more robust to uncertainties and more efficient in terms of
cost and resource use.

+ Continuous improvement through monitoring: integration of real-world data from site
monitoring and post-construction performance allows validation and refinement of design
assumptions. This feedback loop enhances long-term reliability and improves predictive
accuracy, such as for settlement estimates.
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1.1.3 Project Groot Schoor Bornem

In a previous project led by IMDC, in collaboration with the Department of Geotechnics of the
Flemish Government, a workflow was developed to generate statistical distributions of soil ma-
terial model parameters. This methodology used advanced scripting techniques to automate
deterministic settlement calculations in PLAXIS, based on parameter samples from these dis-
tributions (Somers et al., 2023) (Somers et alJ, 2024). The success of this initial step into prob-
abilistic analysis highlighted the potential for further development and refinement.

Building on this foundation, the current study focuses on the dike reinforcement project Groot
Schoor Bornem, part of the broader Sigmaplan for flood protection in Flanders (Viaamse Wa-
terweq, 2024a). This project offers a unique opportunity to apply probabilistic methods in a
real-world context, supported by on-site measurements suitable for Bayesian updating and com-
parison between deterministic and probabilistic settlement predictions. Continued collaboration
between IMDC and the Department of Geotechnics ensures access to essential data, tools and
expertise to support this research.

1.2 Research objectives

As mentioned in paragraph [.1.1, geotechnical design accuracy, risk assessment and resource
optimization can still be improved by bridging the gap between deterministic and probabilistic
methodologies. Addressing this gap can be essential in modernizing the geotechnical engi-
neering practice in Belgium and align it with emerging global trends in reliability-based design.

This results in the following main research question at the base of this study: "How can prob-
abilistic geotechnical calculations be systematically implemented in practice and how do their
outcomes compare to deterministic calculations and on-site measurements of the settlement
in the studied case of the dike reinforcement project Groot Schoor Bornem?” Answering this
question is immediately the research objective of this thesis. Sub-objectives related to the main
research question are:

1. Accurately modelling the dike geometry and construction stages in PLAXIS 2D using
Python scripting and ensuring that the model represents the actual construction process
and boundary conditions.

2. Determining the sensitivity of the soil parameters on the settlement predictions.

3. Deriving project-specific statistical distributions of soil parameters from available correla-
tions on field data and developing methodologies to reconcile laboratory test results with
field data for improved parameter estimation and uncertainty quantification.

4. Implementing probabilistic calculations next to a PLAXIS 2D analysis using Python script-
ing and assessing their potential for capturing output variability.
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5. Comparing the accuracy and insight-providing capabilities of probabilistic calculations and
deterministic approaches with respect to settlement predictions.

6. Validating probabilistic calculation results against on-site settlement measurements from
the Groot Schoor Bornem dike project and updating them with these measurement data
to obtain refined posterior predictions.

1.3 Statement on the responsible use of generative Al

During the preparation of this dissertation, generative Al tools (such as ChatGPT and Microsoft
Copilot) have been used to a limited but valuable extent to support the research process. Specif-
ically, Al has been employed to assist with debugging Python scripts related to the determina-
tion of soil parameter distributions and execution of probabilistic analyses. This significantly
improved development efficiency and facilitated the resolution of technical issues. Additionally,
Al tools have been consulted for suggestions on improving code structure and enhancing read-
ability. These contributions are especially helpful in the context of creating Python codes that
are well documented and maintainable, which is essential for future users. To a lesser extent,
Al has been used to generate LaTex templates for tables and equations based on their counter-
parts in Microsoft Word or Excel. Additionally, data and graphs initially prepared in Excel can be
more easily converted into equivalent Python data frames and visualisations using Al-generated
code templates. This has helped to ensure consistency and uniformity in the presentation of
plots throughout the dissertation.

At no point has Al been used to generate original research content, perform data analysis or
draw scientific conclusions. Its use has remained strictly within the scope of technical, editorial
and debugging support. All scientific reasoning, modelling decisions and interpretations have
been made independently by the author.

1.4 Thesis outline and research methodology

This master’s dissertation is structured into four main chapters, each contributing to the re-
search objectives through a logical progression that reflects the applied methodology. Liter-
ature reviews are included within the relevant chapters to enhance cohesion, readability and
understanding throughout the text. Below is an overview of the chapters and their content.

Chapter 2: Project Groot Schoor Bornem introduces the case study of the dike reinforcement
project Groot Schoor Bornem within the broader Sigmaplan. It outlines the project’s context,
objectives and importance. Furthermore, a summary of the executed geotechnical site inves-
tigations and laboratory testing campaigns is provided. These investigation campaigns serve
the collection of soil data, which is the necessary input for the numerical modelling.
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The chapter also explains the cross-sectional geometry and sequential construction stages of
the considered dike as well as the occurring soil stratigraphy. In order to understand the subsoil
condition, reference is made to historical events on the site. Finally, the chapter concludes with
a description of the monitoring campaign that was set up to measure the settlement of the dike
during and after construction.

Chapter B: PLAXIS 2D modelling covers the setup and execution of the PLAXIS 2D Ultimate
model. It begins with a discussion of modelling assumptions, followed by a step-by-step expla-
nation of the model setup based on the PLAXIS 2D input interface: selection of appropriate soil
models, definition of the soil stratigraphy and geometry, meshing, boundary conditions with re-
spect to the flow conditions and staged construction. The chapter also details the development
of Python scripts for automating the model setup, parameter assignment and output extraction.

Chapter d: Soil parameter distributions presents the methodology for deriving the statistical
distributions of soil parameters. It starts with giving an overview of the deterministic soil pa-
rameters as determined by the Department of Geotechnics. Based on realistic ranges of the
occurring soil parameters derived from the executed laboratory tests and CPTs, global and local
sensitivity analyses are performed to identify the key parameters for the settlement predictions.
This step requires some engineering judgement as well. Subsequently, the chapter explains
how the existing Python scripts and Orange workflows provided by IMDC can be adapted to
process the soil data and derive statistical distributions for the identified soil parameters.

Chapter B: Probabilistic (settlement) calculations develops a methodology to perform prob-
abilistic calculations of the vertical soil settlement. The distributions of the key soil parameters
identified through a sensitivity analysis and determined in chapter | are used as starting point.
Latin hypercube sampling is applied to generate an initial small but well-distributed sample set,
which is used as input for the numerical PLAXIS 2D model. The set of settlement curves gen-
erated by the finite element method model can then be used to train a response surface model
that approximates the settlement response of the PLAXIS 2D model. This response surface
model is then used to efficiently generate a large number of settlement curves with much less
computational effort compared to the numerical calculations. Finally, this chapter discusses the
implementation of Bayesian updating to incorporate real-world settlement data from the moni-
toring campaign and obtain improved settlement predictions.

The thesis is concluded with a discussion on the key findings, their relevance to geotechnical
design practice, recommendations for future research and for the practical implementation of
probabilistic methods.

Supporting materials and supplementary analyses are provided in the appendices.

The python scripts developed during this research are available on GitHub (github.ugent.be) and
can be used as a starting point for future applications of probabilistic geotechnical calculations
in PLAXIS 2D: https://github.ugent.be/labo-geotechniek/msc_thesis_thibo.
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Project Groot Schoor Bornem

The site Groot Schoor in Bornem, presented in Figure .1, will be the common thread throughout
this research project. This chapter starts with an introduction to the site in which reference is
made to the historical background of this area and the recent construction works that have
been executed. The chapter continues with a description of the cross-sectional geometry and
design of the new Scheldt dike, which is the subject of interest in this research. Furthermore,
an overview of the site investigations and laboratory tests executed by the Flemish Department
of Geotechnics in the framework of the construction of the new dike is given. Also the different
construction stages in the construction process of the new dike are discussed. The chapter
concludes with a description of the geotechnical monitoring campaign that has been executed
to track the settlement behaviour at certain critical cross-sections of the new dike.
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Figure 2.1: Groot Schoor Bornem on a topographical map (Cornelis et al., 2020)
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2.1 Introduction to the Groot Schoor site

The Groot Schoor is an area along the tidal part of the river Scheldt.The site has a long-standing
tradition of water management and land reclamation efforts, rooted in the Middle Ages. At that
time, the first dikes were established alongside the Scheldt to prevent seasonal flooding and
to reclaim land from the Scheldt's marshes and turn it into productive agricultural land. Over
the centuries, these protective dike structures evolved in response to severe flooding events
that reshaped both the surrounding landscape as well as the approach to flood protection in the
region. This gradually resulted in a system of summer and winter dikes.

e -

Figure 2.2: Cross-section of the old winter dike on the Groot Schoor site (Bosmans, 2022)

As part of the current efforts to enhance flood resilience in the framework of Flanders’ Sigma-
plan, significant construction works have been executed at this site. These constructional im-
provements aim to protect the land from rising water levels and adapt the dike system to modern
flood protection standards while preserving the historical essence of the Groot Schoor area.

In the paragraphs below, a historical overview of the site will be given in order to trace the
development of its dikes and flood management strategies. The knowledge of the history of
the site is important in order to understand the anomalies in the soil layer profile of the area.
Furthermore, the scope of the most recent construction works on the Groot Schoor site will be
explained in more detail.

2.1.1 History
2.1.1.1 Early Dike Construction and Expansion (11th - 16th century)

Friars built the first dikes to protect the low-lying lands along the Scheldt River, using simple
materials like clay, reed and wood. However, the structures primarily served as summer dikes.
Their main function was to protect the fields during the summer months, when the Scheldt is
characterized by relatively low water levels.
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By the 16th century, the dikes had been expanded to offer year-round protection, accommo-
dating the needs of a growing population and increasing agricultural activity in the reclaimed
lands. Notably, in 1552, a major breach in the Scheldt dike led to the formation of a large tidal
pool known as the gully pool or Kolkgat. The latter originated from the water flowing in and
plunging with tremendous force into the lower polder. The resulting blowout whole was deep
and remained filled with water. Efforts to repair this dike breach involved the construction of a
new horseshoe-shaped ring dike around the gully pool. This caused a curved trajectory of the
dike structure and is one of the indicators to localize past dike breaches. During the 30-year
period following the dike breach, siltation of the pool occurred and it gradually filled up with sed-
iment deposits of clay and sand. Around 1586, the Kolkgat was almost completely silted up and
it became possible to restore the original Scheldt dike in front of the ring dike (Cornelis et all,
2020). Due to the accreted material, the ground level between both dikes is higher than in the
surrounding environment. It is located at about +2.50mT AW . Furthermore, a thicker clay layer
inside the Groot Schoor allows the land to be used for agriculture. At the landward side of the
dike, two remnants of the breach remain: the large and small Kragewiel. An impression of the
origin of the Kragewiel is represented in Figure R.3 (Willaert, 2022).

Figure 2.3: The origin of the Kragewiel
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2.1.1.2 Dike reinforcement and maintenance (17th - 18th century)

Over the 17th and 18th century, regular maintenance and reinforcement of the dikes became
essential as storm surges and tidal events increased in intensity. Dike construction during this
period was influenced by the growing understanding of hydraulic engineering, as dikes were
systematically elevated and widened to better withstand floodwaters (Couck, 2022).

2.1.1.3 Modern reinforcements and the Sigmaplan (20th century)

The 20th century brought significant developments in dike engineering in response to a series
of severe floods, most notably the storms of 1953 and 1976.

The storm surge of 1953 caused some smaller breaches in the summer dike. These breaches
caused the Groot Schoor to flood completely. Furthermore, a large breach was made in the
winter dike or ring dike. As a result, the Spierbroek and Hingenebroek polders behind the ring
dike were inundated for some time. As reaction, the dikes of the river Scheldt and Rupel were
elevated over 0.50 m to 1.00 m until a level of about +7.75 mT AW in 1954.

During the storm of January 3, 1976, nine breaches occurred in the Groot Schoor near the
severely weakened summer dike. The entire site was again under water, but the winter dike
persisted. In 1978, new reinforcement works to the summer dike took place. The emphasis
was mainly on the widening of the existing Scheldt dikes, resulting in less steep slopes (12/4 at
the river side and 16/4 at the landward side of the summer dike) (Couck, 2022).

Under the Sigmaplan, introduced in the 1970s, Groot Schoor became part of a broader flood
protection strategy encompassing the Scheldt’s low-lying floodplain areas. This plan includes
specific measures for flood zone creation and ecosystem preservation, ensuring that the dikes
could function both as barriers and as ecological support systems, buffering the region from
tidal surges while accommodating natural processes.

2.1.2 Recent construction works for the Groot Schoor site

The recent construction works have been executed in the framework of the Sigmaplan. The
main goal of the project is the depoldering of Groot Schoor in order to give the Scheldt more
space. In combination with the elevated ring dike, this yields a better protection of Bornem and
its surroundings against flooding (Vlaamse Waterweg, 2024b). This and all the other projects in
the Sigmaplan will finally result in lower flow velocities and a decrease of the high water levels
upstream.
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The construction works are executed in different phases. First the existing ring dike has been
widened and strengthened. Also the crest level has been increased compared to the old dike.
Atfter finishing the ring dike, an opening will be made into the existing Scheldt dike in order to
turn Groot Schoor into a FCA-CRT. This means that the site will be exposed to the tidal regime of
the Scheldt. In that way, the ebb and flood will create an erratic landscape with deep channels,
freshwater mudflats and salt marshes. These are typical for the intertidal area of the Scheldt,
hence their restoration has a large ecological value. The working principle of an FCA-CRT is
illustrated in Figure R.4.

FCA Storm surge

CRT high water mean tide

ring dike polder  overflow dike

CRT low water mean tide estuary

ring dike polder  overflow dike

Figure 2.4: Working principle of an FCA-CRT (Peeters et al., 2015)

As a result, depoldering Groot Schoor serves two purposes: on the one hand, it prevents flood-
ing by giving the Scheldt more room to flow and hence restores natural flood resistance. On the
other hand re-development of tidal nature can take place, which not only has ecological bene-
fits but also purifies water, increases biodiversity and buffers flooding naturally. A conceptual
image on the execution of the Sigmaplan at Groot Schoor in Bornem is displayed in Figure .5.
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Figure 2.5: Sigmaplan at Groot Schoor Bornem

The following construction works have been executed to upgrade the ring dike: to improve flood
protection, the existing ring dike at Groot Schoor has been subjected to a substantial elevation
and widening the past few years. Additionally, a embankment covering from heavy clay and
rip-rap stones has been constructed on the GOG side of the ring dike to further bolster stability
of the dike. To preserve the historical value of the Groot Schoor site, parts of the original dike
are preserved to a height of +4.00 mT' AW to +5.00 mT' AW, honouring the site’s heritage while
supporting modern flood resilience. Additionally, incorporating the original clay dike into the
new sand structure allows it to function as a water-resistant core. Finally, a drainage network is
installed at the base of the landward slope to facilitate controlled water flow and reduce seepage
pressure on the dike structure (Couck, 2022).

In sum, the planned construction works at Groot Schoor are a careful blend of engineering and
environmental interventions. The project will ensure that Groot Schoor remains resilient in the
face of future flooding events, fulfilling its dual role as both a historical landmark and a modern
protective structure. Before diving into the profound study of the geotechnical aspects of the
site, this section is concluded with some pictures of the site in its entirety in Figure R.6. A view
of the ring dike is given in R.7 and the large and small Kragewiel are displayed in Figure 2.8
(Couck, 2022).

12
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(a) River side view on the Kragewiel (b) Land side view on the Scheldt River

Figure 2.6: Groot Schoor in Bornem

Figure 2.7: Aerial view on the new ring dike
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Figure 2.8: Aerial view on the large and small Kragewiel
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2.2 Cross-sectional geometry and design of the new Scheldt dike

The new dike around the Groot Schoor site is designed to meet the modern flood protection
standards and to withstand the anticipated water levels in the coming decades. In this research
project, the emphasis will be in first instance on a single cross-section of the new ring dike.
The chosen cross-section is located near the large Kragewiel and is labelled as DP26 in the
design nota of the Flemish Department of Geotechnics (Couck, 2022). In this text, the label
DP26 will be adopted for the cross-section. However, in the execution plans of the contractor
Aertssen, the considered cross-section is often given another name (DP3 or DP4) (Aertssen
infra nv, 2022). The global execution plan is attached in attachment A. The final design plan of
cross-section DP26 is displayed in Figure R.9.

o —
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Figure 2.9: Design plan of cross-section DP26

There are multiple reasons for the choice of DP26 as the most interesting cross-section in this
thesis about probabilistic geotechnical calculations. First of all, the cross-section is located near
the large Kragewiel, which is a remnant of the old dike breach in 1552. The presence of the
Kragewiel has a significant impact on the soil layer profile, characterized by a thick and soft clay
layer that is not present everywhere in the surrounding environment. This clay layer is present
until a depth of about —7.70 mT AW (CPT GEO-19/108-S103). The presence of the Kragewiel
at the landward side of the dike results in less support of the soil. As a consequence, DP26
is the cross-section in which settlements are calculated to be most critical. In the nota of the
Geotechnics Department, the final settlement in DP26 has been estimated to reach a value of
0.82 m after a period of about 10 months (Couck, 2022).

Furthermore, DP26 is well-instrumented with monitoring devices. A lot of settlement measure-
ment data has been collected in that region throughout the construction process. This high data
availability makes the cross-section very suitable for a probabilistic analysis in which updating
can be performed.

The design plan of cross-section DP26 (Figure R.9) is characterized by a crest level of +8.35 mT AW
and a crest width of 5.50 m. At the river side, the dike has a slope of 12/4 above +7.00 mT AW
and 16/4 below +7.00 mT' AW . Furthermore, a foreshore banket with a width of 10.00 m and a
slope of 2% is constructed. This banket provides an ecological habitat while adding a stabilizing
layer to the structure. it also helps in dissipating the incident wave energy during storms.
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At the landward side, the slope is 8/4 above +7.00 mT AW and 16/4 below and another banket
has been created by excavating the old dike until a level of +4.00 mT AW for slope stability
reasons. This old clay winter dike had a crest level of +7.39 mT AW, a river side slope of 9.3/4
and a landward side slope of 6.6/4 (Couck, 2022).

The execution plan, enclosed in attachment A, is quite different from the design plan. The main
reason for this is the fact that a soil replacement has been executed below the dike to limit the
settlements. Furthermore, the new dike has been elevated until a level of +-8.85mT AW in order
to ensure the final crest level of the dike to be at least at +8.35 mT AW after settling of the soil.
This results in increased slopes of the taluds of the actual dike compared to the design.

2.2.1 Cross-section DP26

For the modelling in PLAXIS 2D, the execution plans of the contractor Aertssen are used. Since
monitoring has been executed in DP26, the best way to validate the numerical model and update
it in a realistic way with real-life on-site date is by modelling the dike as it has been executed. A
schematic representation and dimensioning of the studied cross-section DP26 is given in Figure
R.10. On this figure, the different soil layers are displayed as well. Sandy soils are represented
by yellow-orange coloured layers, while clayey soils are represented by purple-blue layers.
The division of the subsoil in different soil layers is based on the layering found from CPTs and
adopted from the design and study nota of the Flemish Department of Geotechnics (Couck,
2022). In Chapter [, the soil layering will be refined further. As can be seen, a thick layer of
clay is present below the old winter dike, which is of a clayey material as well. Since parts of
this clay layer have been preconsolidated due to their presence underneath the old winter dike
for centuries and properties may have changed due tot the accretion of material at the GOG
side of the dike, the clay layer is divided into three parts with each their own properties: layer
S, layer E and layer Ebis. The figure also shows the addition of the new dike in several layers.
This has to do with the construction stages and will be explained in more detail in section B.5.

The cross-section is drawn in such a way that the geometry of the old dike, new dike and all
intermediate construction phases can be modelled by excluding or including layers from the
upper part of the figure. On Figure R.10, red dimensions above and below the cross-section
are distances given in meters, while blue dimensions are levels given in meters TAW. The red
numbers on the figure indicate the steepness of the slopes.
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Figure 2.10: Dimensions of cross-section DP26 used for the numerical model

2.2.2 Soil replacement layer S

On Figure R.10, there is one soil layer hatched in green. This is the upper part of the very soft,
non-preconsolidated and accreted clay layer S. As stated before, layer S will be responsible for
most of the settlement of the dike and in cross-section DP26, a final settlement of 0.82m can be
expected according to the geotechnical calculation nota (Couck, 2022). To limit this settlement
and accelerate the consolidation process, it has been decided during execution to replace part
of this layer S. From the execution plans of the contractor Aertssen, it can be observed that in
the vicinity of DP26, a soil replacement has been executed until a depth of about —1.00mT AW,
as can be seen on Figure and in attachment A. The green hatched layer on Figure
hence represents the soil replacement in layer S. The soil replacement material is a sandy soil
with a higher stiffness than the original clayey soil (Aertssen infra nv, 2023).

LEGENDE PROFIELEN

Bestaande toestand min teelaarde
Toestand op 09/02/2023

Uitgraving grondverbetering

Figure 2.11: Soil replacement of layer S in cross-section DP26

In order to assess the quality of the soil replacement, CPT GEO-22/130-S203 near the large
Kragewiel should be compared with earlier soundings taken before the soil replacement such
as GEO-19/108-S111 near S203 and GEO-18/015-S12 in the old dike. On Figure R.12, one can
see a slightly higher cone resistance in the zone of +1.00mT AW to —1.20mT AW (see red circle)
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compared to the earlier soundings. This zone features two peaks reaching respectively 4 M Pa
and 6 M Pa, separated by a weaker interval. This variability in cone resistance suggests a non-
uniform compaction of the replaced soil and indicates a relatively poor quality. Consequently,
the soil replacement cannot be modelled as a uniform layer and reduced soil parameters are

used instead (Couck, 2024). The determination of the parameters of the soil replacement will
be discussed in more detail in Chapter H.

Elevation [m TAW]

=151

—— 5203 (start +5.31 mTAW)
—— SZP3 (start +8.51 mTAW)
=20+ —— S111 (start +1.21 mTAW)
512 (start +7.28 mTAW)

0 10 20 30 40 50
q. [MPa]

Figure 2.12: Evaluation of the soil replacement with CPT GEO-22/160-S203.
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2.3 Geotechnical site investigation campaign

Before starting the design of the new dike, a geotechnical site investigation campaign has been
executed by the Department of Geotechnics. The main goal is to obtain a detailed insight into
the soil layer profile and soil characteristics (Vincke and Peeters, 2016) (Haelterman, 2008a)
(Vincke, 2018) (Couck and Vincke, 2020). Furthermore laboratory tests have been executed on
soil samples in order to determine the mechanical properties of the soil (Haelterman, 2008b),
(Couck and Vincke, 2022). A summary of the tests, executed in Groot Schoor,that are of interest
for the design of the new dike is given in Table R.1. A global overview of the location of the CPTs
and BHs executed on the entire site can be consulted in attachment B. An overview of the tests
that are of interest for cross-section DP26 is given in Figure 2.13. In this figure the CPTs are
labelled and displayed as orange dots. The BHs are displayed as green dots (Vlaamse overheid,

s.d)).

‘ Campaign Campaign file ‘ Subject ‘ Relevant tests DP26 ‘
GEO-07 GEO-07/167 39 CPT (S)
GEO-07/168 10 BH (B) 1 GWT (PB)
GEO-12 GEO-12/128
GEO-18 GEO-18/105 29 CPT (S) S10, S11, S12, S13
GEO-19 GEO-19/108 12 CPT (S), | V12, PB35, S103, V103, S104,

4 CPTu (SU), | S106, S107, V107, S108, S110,
6 VST (V), 4 | S110U, S111, S111U, V111, PB111,

GWT (PB) S112, S112U, V112, S113, V113,
PB113
GEO-19/109 6 BH (B) B12, B35, B111, B113

Table 2.1: Geotechnical campaigns and relevant tests for DP26

Figure 2.13: Location of the CPTs (orange dots) and BHs (green dots)
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2.3.1 In situ or field tests
2.3.1.1 Cone penetration tests (CPT)

CPTs are widely used in Flanders to investigate soil profiles by pushing a standardized cone into
the ground at a constant rate of 2 em/s. The test measures the cone resistance ¢. and sleeve
friction f5, enabling the identification of soil layers and estimation of the soil’'s mechanical prop-
erties, such as effective cohesion ¢ and friction angle ¢’, through established correlations.

At Groot Schoor, CPTu tests were also conducted, which include pore pressure measurements.
These allow dissipation tests, where excess pore pressure, built up during penetration, is mon-
itored as it dissipates. In sands, dissipation continues until the porewater pressure has fallen
back to the hydrostatic pressure. For cohesive soils, this often takes hours to days and the test
is mostly stopped when 50% dissipation is reached (t5(). Dissipation tests are used to determine
the consolidation properties of the soil such as the hydraulic conductivity k& and the coefficient
of consolidation ¢,.

2.3.1.2 Vane shear tests (VST)

VSTs measure the undrained shear strength of cohesive soils and assess compaction and dis-
turbance effects. A shear vane is inserted in CPT holes at a standardized rate of 6°/min until
peak torque is reached (Couck, 2024). Then, eight to ten further revolutions determine the
residual torque (Budhu, 2010).

2.3.1.3 Measurement of the groundwater table (GWT)

Groundwater levels are monitored via piezometers with filtered PVC tips and bentonite plugs to
block surface water. Pressure loggers record data every 15 minutes. Near the large Kragewiel,
the groundwater table fluctuates between +0.80mT AW and +1.05mT AW, with a mean level of
+1.00mT AW. This is higher than the mean water level of the Kragewiel, which is +-0.67mT AW
(Couck, 2022). Tidal levels in the Scheldt range from +0.50 mT AW at mean low water neap
tide to +6.00 mT Aw at mean high water spring tide (Couck, 2024).

2.3.1.4 Boreholes (BH)

Undisturbed and disturbed soil samples were collected using Shelby tubes at various depths
in the CPT holes for laboratory testing. These samples are used to determine the mechanical
properties of the soil. The various laboratory tests will be discussed in the next section.
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2.3.2 Laboratory tests
2.3.2.1 Triaxial (compression) tests

Triaxial compression tests assess shear strength and deformation on undisturbed cylindrical
samples with a diameter of 35 mm. Typically, three samples are taken from a Shelby tube with
a diameter of 100 mm. The sample is then enclosed between two porous stones, submerged in
a water cel and loaded along the principal stress directions. Compression occurs if ] > ¢4 and
extension if o} < o%. o} is the principal stress that results from the hydrostatic cel pressure and
vertical load P, applied on the cel and ¢4 occurs due to the horizontal hydrostatic cel pressure.
The test is executed under different conditions (Budhu, 2010):

» Consolidated drained triaxial tests (CD-TX): determines long-term drained parameters
¢', ¢, and moduli E’, E.. The sample is consolidated isotropically, followed by a shear
phase with constant cel pressure and increasing vertical load P..

» Consolidated undrained triaxial tests (CU-TX): measures both drained and undrained
parameters c,, ¢’ and ¢... The test is executed in the same way as a CD-TX, but the
isotropic consolidation is followed by an increase of P, in undrained conditions and the
change in porewater pressure is measured as well.

* Unconsolidated undrained (UU) test: measures undrained cohesion ¢, and modulus
E,. No consolidation occurs before rapid shear in undrained conditions. Therefore, only
an isotropic supporting stress is applied on the sample before the vertical load P, is in-
creased quickly, since no drainage is allowed.

2.3.2.2 Oedometer consolidation tests

The oedometer test simulates 1D compression, restricting lateral deformation. Vertical loads
are applied incrementally on a saturated sample in a rigid ring. Each load increment is main-
tained until the sample has fully consolidated. After the maximum load, the unloading phase
may be conducted to evaluate the unloading/reloading behaviour of the soil. The test results
in the determination of the compression index C., the recompression index C,. and the coef-
ficient of consolidation ¢,, which allows to determine the permeability of the soil k. Also the
pre-consolidation pressure can be determined, which is the maximum historical stress experi-
enced by the soil (Budhu, 2010).

In the design nota of the Flemish Department of Geotechnics, the compression characteristics
of the soil are summarized into a parameter called the Flemish compression coefficient C. This
parameter is related directly to the settlement of the soil p,. and can be linked to the compression
index C. as well (Couck, 2022).

Ae H, o H, o C., 2.3
ppe = Hy 0 -Cc-l0g< ,’f>—c?-ln< ,’f>—> =22 @1

1+eg 14+ ¢eg 7,0 7.0
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2.3.2.3 Permeability tests

The permeability £ of the soil can be determined by means of various tests:

Triaxial test: by allowing water to flow through a saturated soil sample in a triaxial cell
under controlled hydraulic gradients, the flow rate and pressure drop are measured to
determine the permeability of the soil by using Darcy’s law.

CRS-tests: the porewater pressure and vertical strain during a constant rate of strain test
are recorded. Using these values, the permeability (in function of the effective stress) is
back-calculated based on the consolidation rate.

Oedometer tests: allow to derive the coefficient of consolidation ¢, of the soil. The per-
meability can be calculated by the following relation & = ¢, - m, - v, in Which m,, is the
modulus of volume compressibility of the soil and ~,, is the specific weight of water.

Slug tests (sandy soils): when a sudden change in water level is induced in a piezometer
and the rate of recovery is observed, the horizontal permeability can be determined by
using analytical solutions such as the Bouwer-Rice or Hvorslev method (Bouwer and Rice,
1976).

Grain size distribution (sandy soils): empirical formulas such as the Hazen formula
can be used.

Dissipation tests during CPTs: k can be derived from the time to 50% pore pressure
dissipation during a CPTu.

For cohesive soils, the most suitable method to determine the permeability of the soil is a triaxial
test. Followed by CRS tests, dissipation tests and oedometer tests. For cohesionless soils, the
most suitable method to determine the permeability of the soil is a slug test. However, the slug
test determines rather a horizontal permeability. A value for the vertical permeability of the soil
can be obtained from the grain size distribution (Couck, 2022).
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2.4 Geotechnical monitoring campaign

On request of De Vlaamse Waterweg, the Flemish governmental department responsible for
the execution of the Sigmaplan, a geotechnical monitoring campaign has been executed by
the Department of Geotechnics during the construction of the new dike in order to track the
settlement behaviour at certain critical cross-sections.

The need for a monitoring campaign emerged from the fact the site investigation and the initial
design calculations predicted the occurrence of large settlements due to the presence of a
very soft clay layer prone to consolidation. By monitoring the settlements, the effectiveness of
the soil replacement carried out in specific zones under the dike can be evaluated. Moreover,
monitoring enables to verify the design assumptions and helps to ensure the long-term reliability
of the dike. Finally, it allows the comparison of actual settlements to predicted values derived
from design calculations and potential anomalies, such as differential settlements and deviations
from expected trends, can be detected.

The geotechnical monitoring campaign for the Groot Schoor project includes a combination of
topographic surveys and settlement measurement devices. These instruments were only in-
stalled after the dike construction had already begun. This means part of the early settlements
could not be captured. Nevertheless, the campaign provides valuable insights into the progres-
sion of soil consolidation and settlement behaviour. The results of the campaign serve as basis
for:

1. Validating settlement predictions from the design phase.
2. Assessing the effectiveness of soil replacement measures.
3. Updating probabilistic settlement predictions with real-world data.

The location of the various devices installed on the site in Bornem can be consulted in attach-
ment C. The attachment includes a global overview of the monitoring devices on the site Groot
Schoor as well as a detailed overview of the monitoring devices in DP26.

2.41 Monitoring instruments and techniques

The geotechnical monitoring campaign for the dike reinforcement project employs a variety of
instruments and techniques to track vertical settlements of the subsoil during and after dike
construction. The combination of tools ensures accurate and large amounts of measurement
data. The primary instruments used in the considered campaign are settlement plates, set-
tlement beacons and horizontal settlement pipes. Each instrument serves a specific purpose,
enabling data collection at different spatial and temporal scales. The setup and execution of
these techniques are described below (Couck, 2024). An overview of the relative positioning of
the monitoring devices in DP26 is given in Figure R.14.
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Figure 2.14: Relative positioning of the monitoring devices in DP26

2.41.1 Settlement plates

Settlement plates are square concrete plates (2.00 m x 2.00 m) installed at the base of the dike
embankment to measure vertical settlements at specific locations (Couck, 2024).

* Installation and setup: a total of four settlement plates (ZP1-ZP4) were installed on the
project site. The plates were placed on the existing ground surface after the start of the
dike embankment works, which means initial settlements prior to installation were not
recorded. The plates are located at an approximate elevation of +2.00mT AW. The plate
near the large Kragewiel is labelled as ZP3 and is of particular interest in this research.

* Monitoring method: settlement is monitored by performing a CPT at the centre of each
plate at various construction stages. The CPTs on the four settlement plates were ex-
ecuted on 04/07/2024 and 05/07/2024. At that time the elevation level of the dike was
approximately +8.50 mT AW . By comparing the measured depth of the plates at the time
of installation with the depth measured on the CPT, in which the concrete plates can be
recognized as a sudden huge increase in cone resistance, the settlements can be calcu-
lated. For ZP3, a settlement of 0.33 m was measured. Since the Sigmaplan requires an
elevation of the dike of +8.35 mT AW, the measured settlement resulted in the decision
to further elevate the until +8.85 mT AW to compensate for the settlement.

* Purpose: settlement plates provide localized and very accurate settlement measure-
ments and serve as reference points to assess the compaction degree of the dike. The
latter should satisfy the conditions imposed by SB260. On previous Figure .12, it can be
seen from a comparison of CPT S203 (executed in 2023, when the new dike was partially
elevated) and CPT SZP3 (performed in 2024, after reaching +8.50 mT AW) that the new
dike globally has a large cone resistance and is hence well to very well compacted.
Here, the CPTs were performed before the construction works were finished and before
the settlements of the subsoil were stabilized. Hence, the measurements obtained form
the settlement plates will not be used in the probabilistic calculations.
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2.4.1.2 Settlement beacons

Settlement beacons are topographically surveyed markers installed to measure surface settle-
ments over time (Couck, 2024).

+ Installation and setup: a total of four settlement beacons (ZB1-ZB4) were installed near
the dike embankment. The beacons consist of plates below the dike on which square steel
profiles of 2.00 m are attached. As the dike height increases, the profiles are extended
stepwise with extension pieces of 2.00 m to ensure visibility throughout the monitoring
campaign. Initial zero measurements were taken on 09/02/2023, again after the start of
the dike embankment works. Since the emphasis of this thesis is on DP26, ZB3 is of
particular interest.

* Monitoring method: topographic surveys have been performed at regular intervals (si-
multaneously with the settlement pipe measurements) to record the elevations of the soil
surface. The results were adjusted for ongoing settlements at the origin points due to
being located below the embankment, in the dike’s influence zone.

* Purpose: settlement beacons provide elevation-settlement trends that can be used both
for distinguishing several elevation and consolidation stages during construction as well
as measuring the settlement below the dike. Since monitoring occurred at the same time
intervals as for the settlement pipes, both measurements can be compared and are com-
plementary to each other.

2.4.1.3 Horizontal settlement pipes

Horizontal settlement pipes are specialized instruments used to measure vertical settlements
continuously along the length of the dike. These pipes offer a higher spatial resolution compared
to settlement plates and beacons (Couck, 2024).

* Installation and setup: two horizontal settlement pipes, Z1 and Z2, were installed be-
neath the dike embankments at the GOG side of the dike until the core of the new dike,
which is the partially excavated old winter dike. Z1 is located near the large Kragewiel,
where severe settlements are expected and therefore a significant soil replacement of the
upper part of the soft clay layer has been performed. Both pipes were installed at ele-
vations between +1.70 mT AW and +2.10 mT AW and terminate at a reference point (a
rainwater pit). Z1 has a length of 46.00 m.

* Monitoring method: on regular intervals, the settlement pipes have been surveyed to
measure the vertical settlements along the dike axis. These measurements include towing
an inclinometer probe through the pipe using a pulley, while recording its inclination. This
inclination then allows to calculate the exact position of the pipe in a vertical plane. The
measurements are taken at the same time intervals as the settlement beacons.
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» Purpose: horizontal settlement pipes provide detailed settlement profiles along the dike
axis, which can be used to identify localized settlement anomalies and assess the effec-
tiveness of soil replacement measures. The data obtained from the pipes can be used to
update the geotechnical model and refine the probabilistic calculations.

2.4.2 Results of the monitoring campaign

As mentioned earlier in this chapter, the further research will focus on the settlement behaviour
at the critical cross-section of the new dike near the large Kragewiel. It has also been highlighted
in the previous section that the monitoring results of the settlement beacons and horizontal
settlement pipes are most valuable for further use in validating the numeric model and updating
the probabilistic calculations. As a consequence, this paragraph only provides an overview of
the monitoring results of settlement beacon ZB3 and settlement pipe Z1.

Settlement beacon ZB3 Figure shows the results of the monitoring campaign for the
settlement beacons. The graph shows the evolution of the vertical settlement, displayed on the
vertical axis, over time. In total, 17 measurements have been executed. Surveys have been
performed about every two months, with the first measurement taken on 09/02/2023 and the
last one on 11/02/2025. The measurements taken at settlement beacon ZB3, near the studied
cross-section are displayed as grey dots connected with a full grey line. The graph shows a
much larger final settlement value at ZB3 compared to the other beacons. On 28/11/2024, a
settlement of 0.37 m has been measured. On top of that, it can be observed that in contrary
to the settlement evolution of ZB1, ZB2 and ZB4, which seem to flatten out (creep phase),
the settlement of ZB3 is still increasing strongly and no flattening out can be observed. This
means the primary consolidation phase was still going on in the subsoil at the moment of this
measurement. For this reason, an additional measurement has been executed on 11/02/2025.
This last measurement does show flattening out of the settlement behaviour.

The graph in Figure also shows the settlement of the reference points of the settlement
pipes. These reference points are the rainwater pits located on the GOG side of the dike,
where the inclinometer probe measurements start. For the reference point of settlement pipe
Z1, measurements are shown as grey dots connected by a dotted line. In contrast to the similar
settlement trends of ZB2 and the reference point of Z2 (both shown in green), the settlement
evolution and final settlement of ZB3 and the reference point of Z1 differ significantly. As shown
in the maps in attachment C, which depict the monitoring device locations, the distance between
the settlement beacon and the corresponding reference point is quite large at both the small
(ZB2 and Z2) and large Kragewiel (ZB3 and Z1). Since the settlement measured by ZB2 is
much smaller than the one measured by ZB3, it can be concluded that the subsoil in the cross-
section of the dike near the small Kragewiel is less compressible than near the large Kragewiel.
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Additionally, the larger settlement observed at ZB3 compared to the reference point of Z1 is log-
ical, as soil beneath the dike crest (near ZB3) is subject to greater compression. The presence
of a very soft clay layer beneath the dike near the large Kragewiel further explains the signif-
icant settlement observed. Near the small Kragewiel, however, the settlement values at ZB2
and the reference point of Z2 are nearly identical. Although one might expect greater settlement
beneath the dike, this can be attributed to the absence of highly compressible clay at ZB2 and
Z2 (and Z1), in contrast to ZB3. Furthermore, a slight elevation near the reference point of Z2
helps explain the consistent settlement behaviour of ZB2 and Z2 (and Z1), which contrasts with
that of ZB3. A last comment on the graph in Figure is that the first measurement took place
on 09/02/2023, which is about 5 months after the actual start of the dike embankment works.
This means that the initial settlements of the subsoil were not captured. The settlement values
on all other monitoring dates are relative to the settlement value measured on 09/02/2023. The
actual settlement of the subsoil in the vicinity of settlement beacon ZB3, observed during the
last measurement on 11/02/2025, is therefore larger than the measured 0.37 m (Couck, 2024).
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Figure 2.15: Results of the monitoring campaign for settlement beacons

Horizontal settlement pipe Z1 Figure shows the settlement profiles below the studied
cross-section of the dike relative to the zero measurement conducted on 09/02/2023. On Figure
.16, the position of ZB3 is indicated with a vertical green line. The final settlement value mea-
sured with the inclinometer probe in Z1 at the position of ZB3 is 0.42 m, which is 0.05 m larger
than the value found from the point measurement at ZB3. This difference can be attributed to
the fact that there is both a transverse distance of about 16 m and a vertical distance of about
2 m between the settlement pipe Z1 and settlement beacon ZB3.
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As mentioned earlier, the settlement pipe Z1 starts in a reference point at the GOG side of the
dike and continues until the old winter dike, which forms the impermeable clay core of the new
dike. This core is located just landward of the crest of the dike. This can be seen on Figure
in the fact that the settlement profile already reached its peak before the end point.

When taking a closer look at the results of the last measurement campaigns, it can be observed
that settlements at the GOG side of the dike measured on 04/06/2024 and 17/09/2024 don’t dif-
fer much. This may be an indication that the primary consolidation phase has been completed at
that point, roughly two years after the start of the construction works. However, at about 20.00m
from the the start of Z1, a sudden jump arises in the settlement profile. As a consequence, a
large increase in vertical settlement below the crest of the dike can be observed between the
measurement of 04/06/2024 and 17/09/2024. It indicates that the primary consolidation phase
below the dike crest is in contrary to the GOG side of the dike, still ongoing. This is in contra-
diction to the predictions calculated in the design notes of the Department of Geotechnics. As a
consequence, an extra measurement campaign has been executed on 28/11/2024, just before
demolishing the rainwater pit used as starting point of Z1. When observing the results from this
last measurement, it can be seen that there is again an increase in the settlement at the GOG
side of the dike, while the settlement below the crest of the dike has been stabilized now. This
is a strange observation, which arises the presumption that the jump in the settlement profile
measured on 17/09/2024 might be a measurement error. This observation has been confirmed
by the Geotechnical Department.
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2.5 Stages during the construction of the new dike

The construction works have been executed in carefully structured stages to ensure the safety,
stability and performance of the new Scheldt dike. The construction started on 01/10/2022 and
continued until the end of 2024. Since there was no need to hurry the construction works, a
rather slow approach has been adopted in agreement with the contractor Aertssen. This means
the construction process has been divided into a series of elevation phases with consolidation
phases in between. Each elevation phase applies an additional load on the underlying soil,
resulting in settlements. The subsequent consolidation phases allow for the dissipation of pore
water pressures and settlement stabilization. The big advantage of this approach is that the
soil can consolidate (partly) before the next elevation phase starts. This is essential to avoid
significant differential settlements, slope instabilities and unexpected soil behaviour in the soft
clay layers and it ensures the long-term stability of the dike in the settlement prone region.
Another advantage of this approach is that the soil behaviour can be monitored closely during
the construction process.

2.5.1 Actual construction phases

In Figure .17, the evolution of the dike elevation in time is displayed. The vertical axis of this
graph shows the vertical elevation of the dike in meters TAW and the horizontal axis represents
the time. This graph is based on the monitoring results of the settlement beacons (ZB1-ZB4).
The stepwise increase in elevation corresponds to the elevation phases, while the plateaus
indicate consolidation phases. Since this research focuses on the critical cross-section of the
dike near the large Kragewiel, the evolution of the dike elevation at ZB3, displayed in grey,
is of particular interest. It can be observed that roughly five elevation phases can be distin-
guished in the construction process of DP26. In the first elevation phase, the dike reaches
a level of +3.20 mT AW. The second elevation phase brings the dike to +5.20 mTAW. The
third elevation phase increases the dike elevation to +7.20 mT' AW . The fourth elevation phase
brings the dike to +7.60 mT' AW. The final elevation phase increases the dike crest to a level
of +8.85 mT AW. Each elevation phase is followed by a consolidation phase, except elevation
phase 1. Consolidation phase 4, which follows elevation phase 4 has the longest duration in
reality. This is because the construction works were put on hold in the spring of 2023 due to
the rainy weather. Based upon the graph in Figure R.17], Table R.9 is created. This table sum-
marizes the construction phases and their duration and will be used in Chapter B to model the
construction phases in PLAXIS 2D.
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Figure 2.17: Evolution of the dike elevation in time, measured at the settlement beacons

Table 2.2: Construction phases timeline and duration

Construction Phases Duration [days] From Until
Initial phase

Excavation and soil replacement 34 01/10/2022 | 04/11/2022
Elevation phase 1 39 04/11/2022 | 14/12/2022
Consolidation phase 1 1 14/12/2022 | 14/12/2022
Elevation phase 2 138 14/12/2022 | 01/05/2023
Consolidation phase 2 75 01/05/2023 | 15/07/2023
Elevation phase 3 78 15/07/2023 | 01/10/2023
Consolidation phase 3 40 01/10/2023 | 10/11/2023
Elevation phase 4 35 10/11/2023 | 15/12/2023
Consolidation phase 4 199 15/12/2023 | 01/07/2024
Elevation phase 5 71 01/07/2024 | 10/09/2024
Consolidation phase 5 154 10/09/2024 | 11/02/2025
TOTAL 864
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PLAXIS 2D modelling

The numerical analysis of the new dike on the Groot Schoor site at cross-section DP26 is con-
ducted using PLAXIS 2D, a specialized finite element software designed for geotechnical ap-
plications. PLAXIS 2D is well-suited for modelling soil-structure interactions and is widely used
to assess slope stability, groundwater flow and the stress-strain behaviour of geotechnical con-
structions. It operates in a two-dimensional plane strain or axisymmetric configuration, enabling
realistic simulations based on representative cross-sections of the project area.

This study utilizes PLAXIS 2D Ultimate, the most advanced version of the software. It provides
extended capabilities such as advanced constitutive soil models, staged construction simulation
and consolidation analysis (PLAXIS, 20244a).

The use of PLAXIS 2D inherently involves several assumptions that underpin the numerical
analyses (PLAXIS, 20240) (PLAXIS, 2024d):

» Plane strain conditions are applied (as opposed to axisymmetric).
» Deformations are assumed to be small relative to the structural dimensions.
* The soil is treated as continuum and is homogeneous within each finite element.

+ Elastic-plastic soil behaviour is modelled under loading. Advanced soil models can include
strain-hardening, creep and small-strain behaviour on top of this general assumptions.

 Effective stress principles are used: the total soil stress is separated into an effective
stress and a pore water pressure.

» Groundwater flow is modelled using Darcy’s law, in steady-state or transient conditions.

* Incremental loading and staged construction are supported to capture time-dependent
processes such as consolidation and creep.

* PLAXIS 2D performs non-linear analyses using the iterative quasi-Newton-Raphson method
to ensure convergence. Convergence criteria are used to determine whether the solution
is sufficiently accurate. These criteria are typically based on the relative changes in dis-
placements, stresses and pore pressures between successive iterations.
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3 PLAXIS 2D modelling

The modelling process in PLAXIS 2D follows five essential steps. Each stage contributes criti-
cally to the accuracy and reliability of the simulation. The five steps will be elaborated in detail
in the different sections of this chapter. However, a short overview of the steps is given below:

1.

Soil: modelling begins with defining the soil stratigraphy using borehole data. Each soil
layer is assigned a specific material model based on its properties. These models include
parameters such as stiffness, strength and initial stress state.

. Structures: geotechnical structures such as dikes, retaining walls and other relevant el-

ements are modelled next. Each structure is defined with appropriate material properties,
boundary conditions and loading scenarios to ensure realistic interactions within the soil
domain.

Mesh: the geometry is discretized using a finite element mesh, over which PLAXIS 2D
solves the governing equations. To enhance accuracy without compromising computa-
tional efficiency, the mesh is carefully refined in regions anticipated to undergo high stress
concentrations or significant deformation gradients.

. Flow conditions: groundwater conditions are established by defining the phreatic sur-

face, pore pressure distributions and boundary conditions. These are crucial for analysing
dike stability and evaluating seepage and pore pressure development in the soil.

Staged construction: the final step involves defining the construction sequence, includ-
ing incremental loading and structural build-up. This staged approach enables the simu-
lation of time-dependent processes such as consolidation and creep settlements, offering
a realistic view of dike performance over time.

3.1 Soil

The first step in modelling the new dike in PLAXIS 2D involves defining the soil stratigraphy and
assigning appropriate soil properties to each layer. The required soil parameters depend on the
constitutive model selected to represent the behaviour of each layer.

3.1.1 Soil stratigraphy

As highlighted in the previous chapter, this study focuses on cross-section DP26 of the new
dike at the depoldered Groot Schoor site in Bornem. This section is located directly adjacent to
the prominent Kragewiel. The subsoil in this south-western part of the site is characterized by a
surface layer of soft clay, formed by sediment deposition after a historical dike breach. At greater
depths, the stratigraphy transitions to sandy layers. The geotechnical site investigation report
provides a proposed stratigraphic profile for DP26 (Couck, 2022). This includes a subdivision
of the surface clay layer into three distinct layers: layer S, layer E and layer Ebis.
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3 PLAXIS 2D modelling

This subdivision reflects differences in clay properties resulting from the historical dike construc-

tion a

nd flood events context.

Layer E: this layer lies beneath the old dike and consists of clay used to fill a tidal gully
following a dike breach. On the one hand, the clayey material probably has some altered
characteristics compared to the original clay surface layer. On the other hand, the weight
of the dike and the passage of time has preconsolidated this layer over several centuries,
likely increasing its stiffness and shear resistance.

Layer Ebis: this layer is similar in origin to layer E, as it also results from the fill of the
tidal gully. However, it is situated beside the old dike, meaning it was not subjected to
preconsolidation. Consequently, it has lower resistance characteristics than layer E.

Layer S: this layer forms the surface clay layer on the GOG side of the dike. Unlike E and
Ebis, layer S is composed of accreted material deposited naturally during site flooding,
after the old dike was built but before the Scheldt dike was repaired. It was not artificially
filled and its properties differ accordingly.

An additional note on the soil stratigraphy relates to the absence of the sandy layer H be-

neath
presu
intent
overa

The s

the old dike. This is likely due to human intervention during dike construction. Layer H,
med to have a sloped geometry and potentially unstable characteristics, may have been
ionally excavated to allow foundation of the dike on the more competent layer |, enhancing
Il stability.

oil stratigraphy proposed by the geotechnical nota is displayed in Figure B.1.
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Figure 3.1: Soil stratigraphy of cross-section DP26 proposed by geotechnical nota (Couck, 2022)
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3 PLAXIS 2D modelling

In PLAXIS 2D, soil stratigraphy is defined using boreholes. For cross-section DP26, 11 bore-
holes can be placed along the 110.00 m wide cross-section to define the subsurface layers. The
borehole configuration follows the guidelines of the geotechnical nota (Couck, 2022). A visual
representation of the boreholes is shown in Figure 8.2 and an overview is provided in Table B.1.

» BH1 is located on the GOG side, furthest from the dike, while BH11 is positioned on the
Kragewiel side.

» Although BH2 to BH5 appear redundant (with identical soil layer levels), they have been
included to define the ditch on the GOG side of the dike. In particular, BH3 and BH4
modify the top level of layer R (a sublayer of Layer S) to +0.76 mT AW instead of the
default +1.00 mT AW. Layer R represents the top part of clay layer S, which is to be
replaced by sand during early construction.

» BH6 and BH7, though closely spaced, are needed to distinguish layer S from layer E.
Similarly, BH8 and BH9 separate layer E from layer Ebis.

These refinements in borehole placement ensure that transitions in soil behaviour are accurately
captured, particularly around the old dike where material properties vary significantly due to past

interventions.

Table 3.1: BH required in PLAXIS 2D to define the soil stratigraphy in DP26 (levels in mT AW)

Layers 1 Borehole 2 Borehole 3 Borehole 4 Borehole 5 Borehole 6 Borehole 7 Borehole 8 Borehole 9 Borehole 10 Borehole 11
X [m] 0.00 65.97 66.52 70.82 71.38 77.80 78.00 93.80 94.00 101.45 110.00
Material Top | Bottom | Top | Bottom | Top | Bottom | Top | Bottom | Top | Bottom | Top | Bottom | Top | Bottom | Top | Bottom | Top | Bottom | Top | Bottom | Top | Bottom
Layer R 200 | —1.00 | 1.00 | =100 | 1.00 | —1.00 | 1.00 | =100 | 1.00 | =100 | 1.00 | =100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 |-418] —4.18
LayerS | —1.00 | —4.00 | —1.00 | —4.00 | —1.00 | —4.00 | —1.00 | —4.00 | —1.00 | —4.00 | —1.00 | —4.00 | 1.00 | 1.00 | 1.00 | 100 | 100 | 100 | 100 | 100 [ -418] —418
Layer E —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 1.00 =7.70 1.00 —7.70 1.00 1.00 1.00 1.00 —4.18 | —4.18
Layer Ebis | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | —4.00 | =7.70 | =7.70 | =7.70 | —7.70 1.00 —6.60 1.00 —6.60 | —4.18 | —6.60
Layer H —4.00 | -7.70 | —=4.00 | -7.70 | —=4.00 | -7.70 | —4.00 | —-7.70 | —4.00 | —-7.70 | —4.00 | -7.70 | -7.70 | -7.70 | -7.70 | —7.70 | —6.60 | —7.70 | —6.60 | —-7.70 | —6.60 | —7.70
Layer | =770 | =9.60 | —=7.70 | —9.60 | =7.70 | —9.60 | =7.70 | —9.60 | =7.70 | —9.60 | =7.70 | —=9.60 | =7.70 | —=9.60 | =7.70 | —9.60 | =7.70 | —9.60 | —=7.70 | —9.60 | =7.70 | —9.60
Layer H —9.60 | —14.50 | —9.60 | —14.50 | —9.60 | —14.50 | —9.60 | —14.50 | —9.60 | —14.50 | —9.60 | —14.50 | —9.60 | —14.50 | —9.60 | —14.50 | —9.60 | —14.50 | —9.60 | —14.50 | —9.60 | —14.50

- 1

Figure 3.2: Boreholes in PLAXIS 2D to define the soil stratigraphy in DP26
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3 PLAXIS 2D modelling

3.1.2 Soil material models

The subsoil in cross-section DP26 is composed of clay and sand, each exhibiting distinct me-
chanical behaviours under loading. A crucial step in the initial phase of modelling in PLAXIS 2D
is the selection of appropriate soil material models to simulate these behaviours. This choice
significantly influences the accuracy of the numerical analysis, as the selected models deter-
mine how the soil responds to stress and interacts with structures.

PLAXIS 2D Ultimate provides a wide range of constitutive soil models, both linear and non-
linear, to represent various types of soil and their behaviour under different loading conditions.
The appropriate model is selected based on several factors: soil type and composition, me-
chanical properties of the soil, expected stress-strain behaviour under loading and purpose and
scope of the numerical analysis

The linear soil material models are used to describe the behaviour of soils that exhibit linear
elastic behaviour under loading. They assume that soil deforms proportionally with stress and
returns to its original state upon unloading. These models are typically only applicable to simpli-
fied or preliminary analyses. The non-linear soil material models are are based on the principles
of elasto-plasticity. They can capture the irreversible, stress-dependent behaviour of real soils
such as clay and sand, including effects such as yielding, strain hardening and consolidation.

The soil material models in PLAXIS 2D Ultimate can be categorized into groups. The scheme on
the next page gives a full overview of the soil material models available in PLAXIS 2D Ultimate
and their applications. In this scheme, the material models suitable for sandy materials are
highlighted in yellow, while the material models suitable for clay and able to capture the time-
dependent consolidation behaviour of the clay are highlighted in pink. In the following sections,
the soil material models that are most suitable for the soil types in cross-section DP26 will be
discussed in more detail (PLAXIS, 2024Db).

3.1.2.1 Material model used for sandy soils

For the modelling of the sandy soil, four material models are eligible in first instance: the Mohr-
Coulomb model, the Hardening Soil model, the Hardening Soil model with Small-Strain Stiffness
and the UBC3D-PLM model. The Mohr-Coulomb model, while simple and widely used, is not
well-suited for capturing the non-linear and stress-dependent behaviour of sands. On the other
hand, the UBC3D-PLM model is too complex for the scope of this project and is more appropriate
for seismic or highly dynamic analyses (PLAXIS, 2024b). This leaves two viable candidates:
the Hardening Soil model and the Hardening Soil model with Small-Strain stiffness. Both are
briefly evaluated below.
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3 PLAXIS 2D modelling

UBC3D-PLM
Cyclic densification, models soil liquefaction
Appl.: liquefaction sands under cyclic loading

{Concrete and Liquefaction Models

Concrete
Elastic-plastic, time-dependent strength/creep
Appl.: Structural concrete

UDCAM-S
— Handles cyclic loading for offshore clays
Appl.: Cyclic loading for offshore clays

Sekiguchi-Ohta
H  Anisotropic, suitable for clays with creep
Appl.: Anisotropic clays with creep behaviour

Soft Soil Creep (SSC)

{Specialized Soil Models]—— Time-dependent behaviour, includes creep

(MATERIAL MODELS H

Appl.: Long-term consolidation in soft soils

Soft Soil (SS)
= Cam-Clay derived, suited for compressible clays
Appl.: Consolidation of soft, compressible clays

NGI-ADP

Appl.: Undrained clays, silts (onshore/offshore)

' Anisotropic, undrained strength defined by act./pas. conditions

Modified Cam-Clay (MCC)
— Critical state model for normally-consolidated clays
Appl.: Normally-consolidated clays

HS with Small-Strain Stiffness (HSsmall)

{Advanced Soil Models}— Captures small-strain stiffness, suitable for cyclic loading

Appl.: Cyclic loading, small strains

Hardening Soil (HS)
Stress-dependent stiffness, hardening plasticity
Appl.: Stress-path dependent sands, embankments

Jointed Rock (JR)
Anisotropic, with pre-defined shear planes
Appl.: Stratified or faulted rock

{Rock-Specific Models

Basic Models

Hoek-Brown (HB)
Non-linear, stress-dependent, suited for rock masses
Appl.: Weathered rock, rock masses

Mohr-Coulomb (MC)
Elastic-perfectly plastic, uses friction angle and cohesion
Appl.: Initial soil and rock analysis

Linear Elastic (LE)
Linear stress-strain response, based on Hooke’s Law
Appl.: Stiff materials (e.g. concrete)
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3 PLAXIS 2D modelling

Hardening Soil model (HS) The Hardening Soil (HS) model is a robust and widely used
model for simulating the non-linear, stress-dependent behaviour of soil. It improves upon sim-
pler models like Mohr-Coulomb by incorporating features such as plasticity, hardening and
stress-dependent stiffness. Key characteristics include:

» Stress-dependent stiffness: the model includes three stiffness moduli: the secant stiff-
ness in triaxial tests (E5g), the oedometer stiffness (E,.q), and the unloading/reloading
stiffness (F,,-). These values depend on the confining stress and increase according to a
power-law relationship with exponent 1 and reference pressure p"¢/ (typically 100 kPa in
PLAXIS). Definitions are shown in Figure B.3.
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Figure 3.3: Stress-dependent stiffness moduli in the Hardening Soil model (PLAXIS, 2024b)

» Shear and volumetric hardening: soil behaviour under shear is modelled using a conical
shear hardening surface, while compression is handled through an elliptical volumetric
hardening cap. These yield surfaces enable more accurate predictions of settlement and
plastic strain development. It also allows to define separate E5;/ and E’“) moduli, of
which the former controls the magnitude of the plastic strain associated with the yield
surface and the latter the plastic strains originating from the yield cap. The elastic region
can be limited further by means of a tension-cut off.

* Non-linear unloading/reloading behaviour: the HS model uses a separate stiffness
modulus (E,;-) to model the hysteresis observed during unloading and reloading cycles.

+ Dilatancy cut-off: for drained conditions, the model allows limiting volumetric expansion
at large shear strains using a dilatancy cut-off. As shown in Figure B.4, this feature halts
dilatancy once a critical void ratio is reached. It should however be noted, that this is not
applicable under undrained conditions, where the void ratio remains constant. In such
cases, the dilatancy angle v should be set to zero.
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# Dilatancy cut-off OFF
)
-

-
* Dilatancy cut-off ON

*\ Maximum porasity reached
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Figure 3.4: Dilatancy cut-off in the Hardening Soil model (PLAXIS, 2024b)

Despite its versatility, the HS model has several limitations when it comes to modelling sandy
soils. It does not accurately capture small-strain stiffness, which is crucial for realistic deforma-
tion predictions, especially under cyclic or low-strain loading. Furthermore, it assumes linear
elasticity below the yield point, whereas sands exhibit non-linear behaviour even at very small
strain levels. Finally, it lacks provisions for stiffness degradation and damping, making it unsuit-
able for dynamic or time-dependent loading conditions (PLAXIS, 2024b).

Hardening Soil model with Small-Strain Stiffness (HSsmall) To overcome the limitations
of the standard HS model, the HSsmall model incorporates the effects of small-strain stiffness
degradation, which is critical for sandy soils. In reality, soils exhibit a rapid decay in stiffness
as strain increases, even below the conventional yield threshold. This degradation follows an
S-shaped curve when stiffness is plotted against the logarithm of strain. The HSsmall model
builds upon the HS model, but introduces two additional parameters:

. Ggef: maximum shear modulus at strains ¢ < 109, referenced to a confining stress pret.
* 70.7: shear strain at which the shear modulus degrades to 70% of its maximum value.

This enhancement allows the model to capture the non-linear stiffness degradation that occurs
even at very small strain levels; behaviour typically undetectable in standard laboratory tests due
to their limited strain resolution. Consequently, the HSsmall model is particularly well-suited for
simulating realistic settlements in sandy soils under both static and cyclic loading conditions. It
is especially effective for modelling dynamic loading scenarios or construction phases involving
small, incremental deformations, where accurate prediction of deformation behaviour depends
heavily on the stiffness at small strains.

Notably, this improved accuracy is achieved with minimal additional complexity, requiring only
two extra parameters beyond those used in the conventional HS model. Given the charac-
teristics of the sandy sublayers in cross-section DP26, located deeper in the profile and thus
experiencing smaller strains, the HSsmall model is adopted in this study for modelling sandy
soils. A summary of the parameters used to define the HSsmall model in PLAXIS 2D is pre-
sented in Table B.2.
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Table 3.2: Parameters for modelling sandy soil with the HSsmall model in PLAXIS 2D

’ Symbol \ Unit \ Description ‘

Failure parameters as in the Mohr-Coulomb model

c [kPal) (Effective) cohesion
0] [°] (Effective) angle of internal friction
» [°] Dilatancy angle
of) [kPal) Tension cut-off and tensile strength
Basic parameters for soil stiffness

ES! [kPa] | Secant stiffness in standard drained triaxial test

E [kPa] | Tangent stiffness for primary oedometer loading

Es [kPal Unloading/reloading stiffness (default: Erel = 3. Eggf )
m [—] Power for stress-level dependency of stiffness

Small-strain parameters

Go [kPal) Small-strain shear modulus

0.7 -] Threshold shear strain

Advanced parameters (default setting advised)

Vur -] Poisson’s ratio for unloading-reloading (default v, = 0.2)
pret [kPa] | Reference stress for stiffnesses (default p™/ = 100 kPa)
Kye© -] Ky-value for normal consolidation (default K¢ =1 — sin(¢))
Ry -] Failure ratio (default Ry = 0.9)

Ciension [k Pal Tensile strength (default oiepsi0n = 0 kPa)
Cine [kPa/m] | Increase in cohesion with depth (default ¢;,. = 0 kPa/m)

Other parameters

OCR -] Overconsolidation ratio
€0 [—] Initial void ratio
v [N /m3] | Unit weight
k [m/s] Permeability (vertical and horizontal)

3.1.2.2 Material model used for clayey soils

For modelling the clayey soils in cross-section DP26, six constitutive models are considered
at first glance (PLAXIS, 2024b): the UDCAM-S model, the Sekiguchi-Ohta model, the Soft
Soil Creep model, the Soft Soil model, the NGI-ADP model and the Modified Cam-Clay model
(MCC). Among these, the MCC model is selected as the most appropriate for this study.

The NGI-ADP, UDCAM-S and Sekiguchi-Ohta models are not further considered due to their
high complexity and demand for advanced input parameters (e.g. anisotropic and destructuration-
related parameters), which are not available from the performed laboratory testing.
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The Soft Soil and Soft Soil Creep models are specifically designed to simulate highly compress-
ible clays. The Soft Soil Creep model also includes time-dependent creep behaviour. However,
based on settlement monitoring data (see section R.4)), the observed secondary settlements in
DP26 are rather limited and also not the subject of this thesis. Consequently, the added com-
plexity and computational cost of the Soft Soil Creep model is not justified.

While the Soft Soil model shares similarities with MCC and requires fewer parameters, it lacks
the ability to adequately represent stress-path-dependent and long term behaviour. Moreover,
if compression and recompression indices are available, the MCC model offers broader validity
and better theoretical grounding within critical state soil mechanics. Therefore, the MCC model
is preferred.

Modified Cam-Clay model (MCC) The Modified Cam-Clay model is a critical state-based
elastoplastic model that effectively captures the behaviour of normally consolidated and lightly
overconsolidated clays under varying stress conditions. It is particularly suited for stress-path-
dependent simulations, such as those occurring beneath dikes. The MCC model includes both
volumetric changes due to shearing and primary consolidation, without requiring additional pa-
rameters related to creep or secondary settlement. This makes it ideal for short- to medium-term
settlement analysis, as is the case for cross-section DP26 (PLAXIS, 2024b).

The model relies on a set of critical state parameters, most of which can be derived from stan-
dard oedometer tests. These include the compression index A, the recompression index « and
the preconsolidation pressure p... A graphical representation of these parameters is shown in
Figure .5 and additional definitions are available in attachment D (Budhd, 2010).

» The preconsolidation ratio Ry: the ratio by which the current mean effective stress in
the soil was exceeded in the past (i.e. the OCR for isotropically consolidated soils) and is
derived from the ratio of the preconsolidation mean effective stress p., to the current mean
effective stress pyj,.

Ro="1e (3.1)
Dy

* The compression index A: the slope of the normal consolidation line in the (e, In(p’))-
plane. This parameter is linked to the compression index C..

A= = e (3.2)

» The recompression or unloading/reloading index «: the average slope of the unload-
ing/reloading curves in the (e, in(p'))-plane. This parameter is linked to the recompression
index C,.

K = - (3.3)
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* The critical state line (CSL): the line that represents the failure state of soils. In the
(p’, q)-plane, the critical state line has a slope Mg, which is related to the friction angle
of the soil in the critical state. In the (e, In(p’))-plane, the critical state line has a slope A
and is parallel to the normal consolidation line.

6 - sin(¢] . . .
M, = M, Axisymmetric compression
3 — sin(¢s)
Moar — 6 - sin(¢l) . , . (3.4)
CSL= M, = ————"~, Axisymmetric extension .
3+ sin(¢ly)
M,s = /3 - sin(¢.,), Plane Strain

p'" (In scale)

Figure 3.5: Critical state parameters used in the Modified Cam-Clay model (Budhu, 2010)

Since this study focuses primarily on primary consolidation due to dike loading, without signif-
icant creep, the MCC model provides the necessary accuracy for modelling stress-dependent
settlement behaviour without overcomplicating the analysis. Its lower computational cost and
moderate parameter requirements further support its selection for cross-section DP26.

The parameters required to define the clayey soil layers using the MCC model in PLAXIS 2D
are summarized in Table B.3.
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Table 3.3: Parameters for modelling clayey soil with the MCC model in PLAXIS 2D

Symbol\ Unit \Description

Parameters for stiffness

A [—] Cam-Clay compression index
K [—] Cam-Clay swelling index
Vi [—] Poisson’s ratio
€o [—] Initial void ratio for loading/unloading

Parameters for strength

Meosr [—] Tangent of the critical state line
K [—] Coefficient of lateral stress in normal consolidation derived from Mgy,
Other parameters
OCR [—] Overconsolidation ratio
v [kN/m3] | Unit weight
k [m/s] Permeability (vertical and horizontal)

3.1.3 Deterministic soil parameters

For the initial deterministic analysis, soil parameters are derived from laboratory tests and site
investigation data, as outlined in the geotechnical nota (Couck, 2022). A complete overview of
the adopted values is provided in Attachment E. Key assumptions and modelling choices are
discussed below, while further refinement of deterministic parameters for selected non-critical
soil layers is deferred to section §.2.

Sandy layers are modelled as drained, since their behaviour is governed by effective stresses
and they do not generate excess pore pressures. Clayey soils, however, are modelled using
the MCC model, which assumes undrained behaviour. In PLAXIS 2D, the MCC model only
supports the ‘Undrained A’ type, where strength and stiffness are defined in terms of effective
stress, but pore water is assigned a very high bulk modulus to enforce incompressibility. This
results in excess pore pressures even above the phreatic surface, unlike the ‘Undrained B’ type
used in other models, where undrained shear strength is defined directly.

The dilatancy cut-off remains disabled, as no numerical issues arise with this setting. Advanced
HSsmall parameters (Table B.2) are kept at default values, except for permeability, which is
based on lab results and converted from [m/s] to [m/day] using a factor of 86400. The gap
closure option is enabled.
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3.2 Structures

In the *Structures’ tab of the PLAXIS 2D input interface, geometric entities, structural elements
and soil boundary conditions are defined (PLAXIS, 2024c). To model cross-section DP26, this
tab is used to insert the geometries of both the old clayey winter dike and the new sandy dike
constructed partially on top of it. The geometry is based on the cross-sectional plan in Figure
2.10. By subdividing the dike bodies into several polygonal parts, gradual and time-dependent
excavation and construction can be simulated later in the 'Staged Construction’ tab (section
B.5). The resulting PLAXIS 2D model is shown in Figure 3.6.
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Figure 3.6: PLAXIS 2D model of the old and new dike in DP26

3.21 Geometrical adjustments for numerical stability

When comparing Figure B.6 with Figure R.10, slight modifications to the geometry can be ob-
served. These were introduced to resolve calculation issues caused by singular points in the
original geometry, particularly at the interface between construction layers of the new dike and
the GOG side of the remaining old dike. Figure B.7 highlights the problematic points using blue
circles, while the geometric modifications introduced to resolve these issues are shown in red.

In the original layout, a soil layer constructed in a later stage intersected the old dike at a single
point. This led to numerical instability: the stress concentration at this singularity triggered un-
realistic displacements of up to 1.52 m and caused the calculations to fail early on, in particularly
when the dike construction proceeds into a new elevation phase due to the additional load in
the singular point.

To resolve this, small staircase-like incisions are introduced on the GOG side of the old dike.
These incisions ensure that the interface between the new dike layers and the old dike does
not converge into a single point, thereby eliminating the singularity issue. This modification al-
lows PLAXIS 2D to calculate stresses and displacements more accurately, avoiding unrealistic
results and ensuring convergence during the staged construction phases. The maximum dis-
placement is also reduced to a more realistic value of 0.15 m at the interface between the GOG
side of the old dike and the top of the first addition of the new dike.
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~ +5.48 mTAW
+3.68 MTAW_

Figure 3.7: Geometry modifications to overcome calculation problems in PLAXIS 2D

Appendix F provides more detailed illustrations of this numerical stability analysis. The first
set of figures presents the results for the original geometry containing problematic singular
points, while the second set corresponds to the adapted geometry with incisions. In addition to
the cross-sectional geometries, the appendix includes displacement results and a plastic point
analysis at the end of the first elevation phase, which leads to failure in the case of the original
geometry. This analysis helps to identify zones in the soil where plastic deformation occurs and
is also depicted in Figure B.8.

By adapting the dike geometry, red failure points resulting from inconsistencies caused by
PLAXIS 2D’s misinterpretation of the geometry, are successfully avoided. In the adapted model,
only a few failure points appear at the geometrical boundaries of clusters and no significant ac-
cumulation of plastic points is observed. This indicates that the geometry has been optimized
with respect to the original design. In contrast, the original model shows a large concentration
of failure points near the toe of the dike and around the ditch, which may suggest that the ditch
contributes to the calculation failure. Additionally, the newly added dike layer displays an unre-
alistic amount of tension cut-off points, indicating excessive tensile stresses in the soil. These
stresses are likely caused by the large total displacement triggered at the singular points, ef-
fectively causing the soil mass to 'collapse and tear apart’. In response, PLAXIS 2D attempts
to stabilize the model by introducing tensile stresses that artificially hold the soil together, an
unrealistic behaviour that ultimately leads to calculation failure.

(a) Original geometry (b) Adapted geometry

Figure 3.8: Comparison of the plastic analysis at the end of the first elevation phase
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3.2.2 Mesh optimization and additional simplifications

Figure B.7 also highlights the ditch on the GOG side of the old dike and the intersection between
a construction layer of the new dike and the riverside slope of the new dike by blue circles. While
these specific features do not directly lead to failure in the PLAXIS 2D calculations, they do com-
plicate the generation of a high-quality mesh. This is because they require the inclusion of very
fine mesh elements within clusters that could otherwise be meshed more coarsely, as illustrated
in Figure B.9. As a result, the total number of mesh elements increases for a given coarseness
factor, leading to a significant rise in the overall calculation time of the PLAXIS 2D model. Since
removing the ditch from the numerical model and shifting the construction layer boundary up-
wards by 0.28 m to +5.48 mT AW does not influence the subsoil settlement analysis, adapting
the dike geometry at these locations is a rational and efficient choice. This allows the use of
coarser mesh elements in larger clusters, thus optimizing computational performance without
compromising accuracy.

For similar reasons, the thin clayey surface layer, applied in practice on top of the new dike as an
impermeable barrier, is omitted from the PLAXIS 2D model. This layer has no significant effect
on the settlement analysis and would only lead to an unnecessary increase in mesh elements
and computation time. Although it could be argued that a difference in unit weight between the
clayey and sandy top layers might influence the results, both materials have the same dry unit
weight of v; = 17 kN /m3. Therefore, the difference in weight is negligible and no additional
load needs to be applied to account for the omitted clayey top layer.

Mo 751 Gt )

(a) Original geometry (b) Adapted geometry

Figure 3.9: Optimization of the mesh quality

Finally, the grey line at +3.68 mT AW in Figure B.7 represents the construction level at which
the monitoring campaign commenced. This reference line is not implemented in the PLAXIS
2D model itself but is included solely for illustrative purposes, to help visualize the state of the
dike at the onset of monitoring.
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3.3 Mesh

As discussed in the previous section, generating a high-quality mesh is essential for reducing
the simulation’s calculation time while preserving result accuracy. In this model, 15-node tri-
angular elements are used to model both subsoil and dike. These elements offer fourth-order
interpolation for displacements and utilize twelve Gaussian points for numerical integration. Due
to their high precision, especially in stress calculations and failure-prone geotechnical problems,
15-node elements are preferred over 6-node triangles, despite their increased memory require-
ments and slower computation performance (PLAXIS, 20244).

PLAXIS 2D defines the mesh element size using a global meshing parameter [., which depends
on the model’s geometric dimensions and a relative element size factor r..

le =7¢-0.06 - \/(mmax - xmin)z + (ymax - ymin)Q (35)

Table B.4 presents a performance summary of the geometrically updated PLAXIS 2D model for
various mesh coarseness factors. For each element distribution, the associated r., total num-
ber of mesh elements and nodes and corresponding calculation time are listed. Each mesh has
been tested through a full calculation on the same model (without soil replacement, explain-
ing the relatively large displacements). The maximum total displacement is employed as an
indicator for evaluating the quality of the simulation results. The following trends are observed:

* Increasing mesh coarseness generally reduces calculation time. This reduction stabilizes
between r. = 1.00 and r. = 2.00.

» The coarsest mesh (with r. = 8.00) drastically reduces CPU time, but compromises result
accuracy: it predicts a maximum total vertical settlement of —0.859 m, deviating by 2.50 cm
from the theoretical reference value of approximately —0.885 m (Couck, 2022).

Although the difference may seem minor, it is numerically significant and would affect subse-
quent analyses. Importantly, the error can be avoided by selecting a different mesh coarseness.
As a result, the coarsest mesh is deemed unsuitable. In contrast, the medium, coarse and very
coarse meshes yield displacement predictions closely matching the reference values, while sig-
nificantly reducing computation time, making them more efficient choices.

Table 3.4: Mesh performance for meshes with different coarseness factors

Element distributions | ro [—] | Number of elements | Number of nodes | CPU time [s| | Total maximum displacement [m]
Finest possible 0.03 39402 317297 8474 —0.8852
Very fine 0.50 2005 16431 326 —0.8850
Fine 0.67 1600 13105 273 —0.8847
Medium 1.00 1236 10117 208 —0.8851
Coarse 1.33 1137 9299 221 —0.8876
Very coarse 2.00 966 7901 205 —0.8883
Coarsest possible 8.00 285 2387 117 —0.8594
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For mesh quality, element quality values between 0.30 and 1.00 are considered acceptable.
Due to the model’s geometric complexity (e.g. including the staircase-like incisions on the GOG
side), the mesh always contains a limited number of low-quality (red) elements. As expected,
finer meshes produce slightly more accurate results, but at the expense of substantially in-
creased computation time. A detailed, illustrated comparison of mesh performance across all
mesh sizes is provided in Appendix G. Since this numerical model will be used in probabilis-
tic calculations involving multiple runs, computational efficiency is crucial. An ideal run time
of approximately three minutes per simulation is targeted. Among the candidate meshes, the
medium mesh achieves the best trade-off between CPU time, displacement accuracy and mesh
quality. It contains fewer low-quality elements, particularly in critical zones such as the wedges
near the river side of the new dike.

Conclusion: the dike model for DP26 will be meshed using the medium element distribution
predefined in PLAXIS 2D, ensuring optimal balance between numerical performance and result
fidelity. The quality of this mesh is depicted in Figure B.10.

Quality (scaled up 5.00 times)
= Maximum value = 0.9999 (Element 6)
Minimum value = 0.01626 (Element 421)

Figure 3.10: Quality of a medium mesh

3.4 Flow conditions

As mentioned in the paragraph regarding the measurement of the groundwater table,
the average groundwater level in the studied cross-section is approximately +1.00 mT AW . This
global phreatic level is applied uniformly over the entire cross-section. As a consequence, no
hydraulic gradient and hence no groundwater flow is present in DP26. While this represents a
simplification of the real conditions, it is justified by the relatively stable groundwater level and
the fact that the dike is not situated in an area where significant fluctuations in groundwater
levels occur. Moreover, neglecting groundwater flow simplifies the analysis and contributes to
a reduction in calculation time.
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3.5 Staged construction

The final step in modelling cross-section DP26 in PLAXIS 2D involves defining the sequence of
construction stages. PLAXIS 2D offers several options for modelling these stages. The process
begins with the initial phase, which represents the state where the old dike is still present.
This configuration results in initial vertical o;, , and horizontal effective stresses oy, ;. The latter
is related to the initial vertical effective stress through the coefficient of lateral earth pressure
Ko: U;L,o = Kp- 0;70. To generate these initial stresses, PLAXIS 2D provides multiple options.
In this case, the Ky-procedure is used, which applies a predefined Ky-value to establish the
initial stress state. This method is particularly well-suited to geotechnical problems involving
predominantly horizontal soil stratification, such as in DP26. Other available methods include
the ’Gravity Loading procedure’ and the 'Field Stress method’. The former simulates stress
development from soil self-weight but neglects overconsolidation, while the latter allows stress
input from external sources or earlier models and is typically used in more complex scenarios
(PLAXIS, 20240).

3.5.1 Construction phase modelling options

For modelling the construction of the new dike, several calculation types are available: plastic,
consolidation, safety, dynamic, fully coupled flow-deformation and dynamic with consolidation.
For settlement analyses, the plastic (an (un)drained elastoplastic analysis, ignoring consolida-
tion and time) and consolidation calculations (a time-dependent analysis capturing deformation
and excess pore pressures dissipation, which requires the input of permeability and time inter-
vals) are most relevant. There are two viable strategies for defining the construction sequence.

3.5.1.1 Full consolidation modelling (alternative 1)

In this approach, both the elevation (t = t.jcpation) @nd consolidation phases (t = tconsotidation)
are modelled as consolidation calculations, with time intervals (¢) reflecting their actual dura-
tions, as listed in Table R.3. This method closely mirrors the real-world construction process
and matches measured settlement curves well over the entire time domain. However, due to
the higher complexity of consolidation analyses, calculation times are slightly longer and more
variable compared to the second alternative.

3.5.1.2 Hybrid plastic-consolidation modelling (alternative 2)

Here, elevation phases are modelled using plastic calculations (with ¢t = 0) and consolidation
phases remain time-dependent. The actual duration of each elevation step is added to the
time interval of the following consolidation phase (¢ = tglevation + tconsolidation)- VVhile plastic
calculations capture immediate deformation, they neglect excess pore pressure dissipation.
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This is compensated by extending the duration of the following consolidation step, thereby en-
suring accurate long-term settlement behaviour. Although this method does not accurately
predict the settlement at every point in time, it results in the same final settlement values as
alternative 1, while offering shorter and more consistent calculation times.

3.5.1.3 Comparison and recommendations

Figure compares the deterministic settlement curves calculated by PLAXIS 2D at the lo-
cation of settlement beacon ZB3 (see Figure R.14)) for both alternatives in the actual case of a
soil replacement of the surface part of layer S. Both curves indeed converge to a similar final
settlement value. The curve from modelling alternative 1 is smoother and more realistic due
to the greater accuracy of consolidation calculations, whereas the curve from alternative 2 is
more idealized. The figures also indicate the start of the settlement monitoring campaign on
09/02/2023, 131 days after the start of the construction works.

--- Start of settlement measurements (09/02/2023) --- Start of settlement measurements (09/02/2023)
0.00

uy [m]

—

0 200

600 800

400 400
Time [day] Time [day]

(a) Full consolidation modelling (b) Hybrid plastic-consolidation modelling

Figure 3.11: PLAXIS 2D prediction of the (deterministic) settlement curve at ZB3

This delay in the start of the monitoring campaign relative to the construction works is important
to address, as all monitoring values are calibrated against the zero measurement taken on
09/02/2023. In reality, however, the settlement process had already begun before this date. As
a result, the measured values are not directly comparable to the calculated values, since they
do not capture the initial settlements that occurred prior to the start of monitoring. To resolve this
discrepancy, the settlements predicted by PLAXIS 2D must also be reset to zero on 09/02/2023.
This is illustrated in Figure B.12. The settlement curves shown in this figure are obtained by
retaining only the portion of the curves from Figure that occurs after 09/02/2023 and shifting
their starting point to the origin. This approach allows for a direct comparison with the monitored
data. A clear difference between modelling alternatives 1 and 2 can now be observed. Since
alternative 2 does not accurately capture the settlement behaviour at every point in time, the
predicted settlement at day 131 is not reliable. By coincidence, day 131 falls within a highly
sensitive and steep section of the settlement curve, which amplifies the discrepancy between
the two approaches.
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As a result, the final reset settlement values for alternatives 1 and 2 differ significantly: —0.20 m
versus —0.12 m. This highlights the importance of using the full consolidation model when
comparing with intermediate monitoring data, especially if the timing of the monitoring campaign
is misaligned with the actual start of the settlement process.
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(a) Final settlement according to alternative 1 (b) Final settlement according to alternative 2

Figure 3.12: PLAXIS 2D prediction of the monitored settlement curve from 09/02/2023 on

It should be noted that starting the settlement calculations only from day 131 after the beginning
of construction does not yield accurate results. Although it might seem that the settlement
occurring in the first 131 days is simply omitted from the monitoring campaign, the impact of
these initial construction activities still influences the settlement behaviour beyond day 131, due
to the slow nature of primary consolidation. This effect is illustrated in Figure B.13, where full
consolidation modelling has been used for both curves. In Figure B.134, the first 131 days
are completely neglected, resulting in a final settlement of —0.11 m. In contrast, Figure 3.130,
which implicitly includes the settlement that occurred during the first 131 days, shows a final
settlement of —0.20 m. The additional 0.09 m can be attributed to the long-term influence of
the initial construction works on the overall settlement behaviour. The recalibrated simulated
final settlement at DP26 is —0.20 m, significantly lower than the measured value of —0.37 m
recorded at the end of the monitoring campaign. This indicates that the deterministic analysis
is overly conservative, further motivating the development of a probabilistic framework.
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(a) Neglecting the first 131 days of construction (b) Implicitly including the first 131 days of construction

Figure 3.13: Comparison of techniques to reset the settlement curves to zero at 09/02/2023
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This chapter lays the foundation for the transition from deterministic to probabilistic settlement
calculations. Probabilistic modelling requires the definition of appropriate probability distribu-
tions for the relevant soil parameters. As a first step, a sensitivity analysis is conducted to
identify which parameters significantly influence the predicted settlement. Parameters that are
deemed non-critical based on the sensitivity analysis are assigned fixed deterministic values,
typically the characteristic mean values obtained from laboratory testing. In contrast, critical
parameters undergo further statistical evaluation to define their probabilistic distributions. To
establish these distributions, workflows originally developed by IMDC have been adapted to
suit the specific needs of this analysis.

4.1 Sensitivity of the soil parameters on the settlement calculation

Before performing probabilistic analyses, it is essential to identify which soil parameters and
layers most strongly influence vertical settlement. A sensitivity analysis offers two main advan-
tages in geotechnical engineering contexts such as this one. First, it helps to reduce compu-
tational costs by determining which parameters should be treated probabilistically and which
can remain deterministic. This approach ensures computational resources are focused only on
parameters that significantly affect model outcomes. A threshold value is applied to distinguish
between influential and non-influential parameters. Secondly, a sensitivity analysis provides in-
sight into parameters with the greatest influence on the system’s behaviour, thereby highlighting
areas of uncertainty. This knowledge can guide further investigation efforts, such as additional
laboratory or in-situ testing, to refine parameter estimates and improve the model’s accuracy.

Several methodologies exist for performing sensitivity analyses. In this study, the built-in sensi-
tivity analysis tool in PLAXIS 2D Ultimate is employed. This tool assesses parameter sensitivity
by varying selected parameters within predefined bounds and observing the resulting changes
in output. This approach enables efficient identification of critical parameters that merit a more
detailed probabilistic assessment. To fully appreciate the methodology used, the following sec-
tion outlines the theory behind sensitivity analyses in PLAXIS 2D (PLAXIS, 2024d).
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4.1.1 Theoretical background of the sensitivity analysis in PLAXIS 2D Ultimate
4.1.1.1 Sensitivity Score

The sensitivity score, denoted by 755, quantifies the influence of an input parameter z; on a
specific model output. It is a robust metric for identifying key sources of uncertainty, as it is
not influenced by the relative percentage change from a reference value. The score is defined
as the absolute difference between the maximum and minimum model outcomes when z; is
varied within its predefined bounds. Here, f(x) represents the relationship between the input
parameter and the output of interest, in this case, the vertical settlement computed by PLAXIS
2D. The bounds z; max and z; min correspond to the highest and lowest values obtained from
laboratory or field data, while the characteristic mean is used as the central reference.

1SS,i = ‘f(l’i,max) - f(l‘z‘,min)‘ 4.1)

To account for parameter uncertainty, each x; is varied across its full range, and the FEM model
is used to compute the resulting variation in output. This ensures that the calculated settlement
reflects the potential variability introduced by uncertain soil properties. For this study, the output
of interest is the vertical displacement u, at the monitoring location ZB3.

4.1.1.2 Relative sensitivity and aggregate sensitivity

To compare the sensitivity of each parameter relative to the others, a normalized sensitivity
score z; score IS introduced, where n represents the total number of parameters under consid-
eration. This normalization expresses each parameter’s influence as a percentage of the total,
facilitating direct comparison and highlighting the most critical parameters.

100 - nss,i
Tiscore = Z?:l 158.; (4.2)
In cases involving multiple performance criteria (e.g., displacements, forces, safety factors),
the sensitivity score 7ngg; is calculated for each parameter across all relevant outputs. These
individual scores are then summed to obtain the total sensitivity score for each parameter across
all criteria and construction steps. To quantify each parameter’s overall influence, a total relative
sensitivity score a(x;) is defined. Here, m is the number of performance criteria and n is the total
number of parameters considered. This aggregate score provides a comprehensive measure
of each parameter’s contribution to the model response.

e = 100 - 351 (nss.4);
' 2ic1 Z;n:1 1SS,

(4.3)
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In the current analysis, only one performance criterion is relevant: the vertical displacement.
As a result, the aggregate score a(x;) simplifies to the normalized sensitivity score z; score. The
scores are expressed as percentages, with higher values indicating a greater influence on the
output.

It is important to note that sensitivity outcomes depend strongly on the selected performance
criterion. Hence, defining appropriate output metrics is essential and should be guided by sound
engineering judgement. In this case, vertical settlement is clearly the most relevant criterion for
evaluating the influence of soil parameters on dike behaviour.

4.1.2 Result of the sensitivity analysis in PLAXIS 2D

Given the extensive number of soil parameters included in the PLAXIS 2D model, the sensitiv-
ity analysis is carried out in two stages, as a single global analysis would be computationally
prohibitive. With 88 soil parameters under consideration, each requiring at least three calcula-
tions (for the lower bound, mean value and upper bound), and often necessitating parameter
variation, an alternative approach has been adopted.

The first stage involves performing sensitivity analyses within individual soil layers to identify
the most influential parameters for each layer. In the second stage, a global sensitivity analysis
is conducted using only these selected parameters to determine which ones most significantly
affect the overall settlements. In this analysis, all parameters collectively sum to 100%.

As previously mentioned, the vertical soil displacement w,, at the location of settlement beacon
ZB3 is chosen as the output of interest. The precise position of ZB3 relative to the dike geometry

is shown in Figure R.14.

4.1.2.1 Sensitivity analysis on soil parameters within individual soil layers

Figure presents the results of the sensitivity analyses for individual sandy soil layers. The
bars in the diagram represent the sensitivity scores of various soil parameters with respect to
the vertical settlement. Since the analyses are performed separately for each sandy layer, the
sensitivity scores for a single layer, indicated by bars of the same color, sum to 100%.

In layer A, the unit weight of the soil v has the most significant influence on the dike settlement.
This is expected, as layer A forms the dike body. Its weight directly contributes to the total load
imposed on the subsoil. Additionally, the effective angle of internal friction ¢’ and the effective
cohesion ¢ also affect settlement. In contrast, parameters such as Gorefr V0.7, ¥ and Ripger
exhibit negligible influence and are therefore excluded from the global sensitivity analysis.

Layers H, | and J, located beneath the dike body, show a different sensitivity profile. Here, the
unit weight ~ is no longer a dominant factor, which can be attributed to the overlying clayey
layers that primarily govern both the magnitude and duration of the settlement.
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In layer J, the deepest sand layer, the small-strain stiffness parameters G ..y and 0.7 emerge
as the most influential ones. Due to the lower strain levels typically experienced at such depths,
deformation occurs mainly in the small-strain range. The HSsmall model captures this be-
haviour, with G ..y and 7.7 controlling the stiffness degradation under increasing strain. Thus,
small-strain stiffness plays a crucial role in load transfer and soil response at this depth.

In layer |, the effective friction angle ¢’ and particularly the effective cohesion ¢ are the most
critical parameters. The high sensitivity of ¢’ is likely due to the layer’s composition: although
classified as sandy, it contains a significant amount of clay, resulting in elevated cohesion val-
ues that influence settlement more than other parameters in this layer.

For layer H, the elastic moduli E,q . and E.,,. .. ¢ significantly impact vertical settlement. This is
consistent with the layer’s structural role in bearing the cumulative load from all overlying strata.
Its resistance to deformation under stress is key to controlling the settlement of the overlying
clay layers and is primarily governed by its elastic stiffness.

In all three layers H, | and J, the parameters ¢ and R;,..,- show no influence on vertical settle-
ment and are hence excluded from the global sensitivity analysis.
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Figure 4.1: Sensitivity analysis on soil parameters within individual sandy soil layers

Figure #.2 displays the results of the sensitivity analyses for individual clayey layers. For layers
C, S, E and Ebis, nearly all parameters of the MCC model influence the dike’s vertical settlement.
The only exceptions are the interface parameters c;. inter 8Nd Gpc £ inter, Which show negligible
sensitivity. The pronounced sensitivity to parameters such as the overconsolidation ratio, unit
weight, (re-)compression indices and permeability is in line with Terzaghi’s settlement theory,
since these parameters control the compressibility and drainage behaviour of clays.
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Figure 4.2: Sensitivity analysis on soil parameters within individual clayey soil layers

41.2.2 Global sensitivity analysis on soil parameters of all soil layers

Figure §.3 shows the results of the global sensitivity analysis for the sand parameters. The
weight and effective cohesion of the sand used in dike construction each contribute 1%, indicat-
ing a small but noticeable effect on settlements. Overall, sand property variations have minimal
impact and will therefore be treated deterministically.
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Figure 4.3: Global sensitivity analysis on soil parameters of sandy soils
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Figure .4 presents the results of the global sensitivity analysis for the clay parameters. As
anticipated, the soft clay layer S exhibits the highest sensitivity with respect to settlement. In
particular, the overconsolidation ratio OCR (11%), compression index A (60%), recompression
index ~ (13%) and vertical permeability k, = ky+ (7%) of layer S dominate sensitivity scores.
Together, these four parameters account for 95% of the dike’s settlement sensitivity to changes
in soil properties. They will therefore be treated probabilistically in the subsequent probabilistic
analysis. The other clay parameters have a minimal impact and will be handled deterministically.

To conclude this section, a final remark is warranted regarding the differing sensitivities of the
compression index A and recompression index « for layer S. In Figure 4.9, which shows the
layer-specific analysis, x has a higher sensitivity than \. In contrast, the global analysis in
Figure §4.4 assigns greater importance to \. This discrepancy can be explained by the fact that
the sensitivities for A and « are interchangeable depending on the current stress state relative
to historical stress states in the soil. Layer S, with OCR =~ 2, extends from +1.00 mT AW to
—4.00 mT AW. The transition between dominance of « or A\ depends on whether the soil is
in an overconsolidated or normally consolidated state. In overconsolidated conditions, where
the current stress is below the maximum historical stress, settlement behaviour is governed
by x, which controls the soil’s response during unloading and reloading. Conversely, when
the stress exceeds past values (normally consolidated conditions), A becomes the controlling
factor as it governs primary compression. Therefore, in layer S, the upper portion remains in an
overconsolidated state and is influenced by x, while the deeper parts experience higher stresses
and transition into a normally consolidated state, where A\ becomes dominant. This stratified
behaviour explains the shift in sensitivity observed between both analyses for the same layer.
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Figure 4.4: Global sensitivity analysis on soil parameters of clayey soils
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4.2 Deterministic values of the non-critical soil parameters

The previous section has demonstrated that only four of the 88 soil parameters significantly
influence settlement behaviour and will be analysed probabilistically. The remaining parameters
show negligible variability and are treated as deterministic, with characteristic values derived
from lab tests and CPTs, as detailed in Chapter []. For sand layers H, I, J and clay layers C, E
and Ebis, values are taken from the Geotechnical Department’s calculation note (Couck, 2022)
and listed in attachment E.

In contrast, the properties of the sand in the new dike (layer A) and soil replacement (layer R)
are not detailed in the note, due to their dependence on sand quality and compaction during
construction. These are assessed using CPTs conducted during and after the works. The
resulting property values are also included in attachment E.

4.2.1 Deterministic values of new dike’s sand properties (layer A)

This section focuses on identifying the properties of the sand used in the dike construction. Ini-
tially, the contractor was consulted for insights into the construction sand. However, due to the
use of various sand batches throughout the project, precise HSsmall model parameters could
not be provided. Therefore, an analysis based on CPTs has been performed. The analysis
uses CPTs carried out on settlement plates ZP1, ZP2, ZP3 and ZP4, located within the newly
constructed dike body, referred to as SZP1, SZP2, SZP3 and SZP4, respectively. These data
are obtained from the DOV database (Vlaamse overheid, s.d/). Although only SZP3 was con-
ducted at the investigated cross-section DP26, the dike has been constructed uniformly across
the site, allowing the other CPTs to be considered representative as well for the sand proper-
ties of the dike. The CPTs are displayed in Figure 4.5. All four CPTs start at a level of about
+8.50 mT AW and continue over the height of the dike body down to the top of the settlement
plates, located respectively at +1.77 mT AW (ZP1), +1.80 mT AW (ZP2), +1.84 mT AW (ZP3)
and +2.06 mT AW (ZP4).

SZP1 SZP2 SZP3 SZP4

— SZP1 SZP2 —— SZP3 —— SZP4

0 10 20 30 0 10 20 30 20 0 10 20 30 40 50 0 5 10 15 20 25 30
qc [MPa] qc [MPa] qc [MPa] qc [MPa]

Figure 4.5: CPTs performed at the locations of settlement plates ZP1, ZP2, ZP3 and ZP4
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First, the coefficient of lateral earth pressure at rest K is determined by applying the correlation

of Mayne (equation (¢.4)) (Mayne, 2007). Figure 4.6 presents the calculated K-values for the
four CPTs, including the mean values of the coefficient of lateral earth pressure at rest over
depth. These values are used as input to calculate the relative density D,. of the sand.

0.22 0.31
Ko =0.192 ( o ) : (p“,tm> . OCR"™
DPatm 04,0

SZP2

(4.4)
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— SZP1
== Mean ko: 0.96
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Mean ko: 0.98

—— SZP3
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— szP4

== Mean kq: 0.96

L
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ko [-]
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Figure 4.6: Coefficient of lateral earth pressure at rest K, according to Mayne

Next, the relative density D, of the sand is determined using the correlation of Baldi for overcon-
solidated sands (equation (4.5)) (Baldi et all, 1986): The correlation of Jamiolkowski could not
be used, as it requires vertical effective stresses exceeding 50 k£ Pa, which is not the case here.
Similarly, the Baldi correlation for normally consolidated sand is deemed unsuitable because
Ko > 0.45. Figure .7 shows the calculated relative density D, for the four CPTs.

1 qe , oot 2 Ko-opg
D, = -1 and = : 4.5
T o6l <181 : (a,;n)O~55> m 3 (4.5)
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H

I H
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D: [-] D [-]

Figure 4.7: Relative density D, according to Baldi
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Finally, the parameters of the HSsmall model can be determined based on the mean value of the
relative density (always smaller than 1) of the sand with the tool in Groundhog (Stuyts, 2023).
Here, the mean of the four mean values of the relative density over the depth for the four CPTs
yields D, = 0.945. This results in the HSsmall parameters listed in Table §.1).

Table 4.1: Deterministic values of the sand used in the dike construction (layer A)

] Parameter \ Value \ Parameter \ Value \ Parameter \ Value ‘
Yunsat kN /m3] | 18.78 | B¢l [kPa] | 56700 | m [] 0.4047
Ysat [kN /m3] 20.51 E;:C’; [kPa] | 56700 | ~vo.7 [-] 1.06 - 10~*
Eu [kPa] 170100 Ggef [kPa] | 124260 | ¢eyrs [°] 39.81
¥ [°] 9.81 | Ry [-] 0.8819

To conclude this, the unit weight ~+ of the sand used in the dike construction can be determined
to verify the reliability of the values in the table above. Therefore, the below correlation of
Robertson and Cabal (equation (4.6)) can be used on the CPT data (Robertson and Cabal,
2014). Figure 4.8 shows the resulting histograms and fitted normal distributions for the unit
weight. A good agreement between the two figures can be observed. The standard deviation
in Figure is slightly higher due to the inclusion of more datapoints. Furthermore, the mean
calculated unit weight is slightly lower than the dry unit weight reported in Table §.1. Minor peaks
around 21.5 kN /m3 in the histograms can be attributed to the presence of saturated sand near
the toe of the new dike.

at Pw g
= (0.27 - log(R 0.36 - (1 1.236 )| - 4.6
gl og(Ry) + ( og <patm> + ﬂ 1000 (4.6)
0.25 M i g 0.20 AT
0.20 7 N [77

' /1

i . I
i |
il

10 12 14 16 20 22 24 10 12 14 16 20 22 24

18 18
Y [kN/m?] Y [kN/m?]

(a) Based on CPT SZP3 (b) Based on CPTs SZP1, SZP2, SZP3 and SZP4

Figure 4.8: Determination of the unit weight ~ of the sand used in the dike construction
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4.2.2 Deterministic values of the sand replacement’s properties (layer R)

For the analysis of the soil replacement in DP26, CPT S203 can be used. Figure in section
illustrates the effect of the soil replacement on the cone resistance of the soil by compar-
ing CPTs S111 and S12 (conducted prior to the soil replacement) with CPT S203 (performed
after the soil replacement). Additionally, the compaction of the sand within the dike body can be
observed by comparing CPT S203 with CPT SZP3. The latter was carried out at a later stage
and shows significantly higher cone resistance values, indicating a denser and more compacted
sand layer within the dike body.

To determine the characteristics of the sand used for the soil replacement using CPT S203, the
same procedure described in the previous paragraph is applied. By calculating the coefficient
of lateral earth pressure at rest using the Mayne correlation and the relative density via the Baldi
correlation, the parameters for the HSsmall model can be derived. The full calculation proce-
dure is illustrated in Figure #.9. In Figure .94, it is observable that the cone resistance profile
exhibits two distinct peaks as a result of the soil replacement and its non-optimal compaction.
These peaks indicate zones of sandy behaviour, which are particularly relevant for characteriz-
ing the replacement material. Figures and focus on the upper peak, located between
approximately +0.50 mT AW and —0.10 mT AW, to derive the representative soil parameters
for this layer. The resulting soil properties are tabulated in table 4.2.

Table 4.2: Deterministic values of the sand used in the soil replacement (layer R)

’ Parameter \ Value \ Parameter \ Value \ Parameter \ Value ‘
Yunsat (KN /m3] | 16.00 | B! [kPa) | 15000 | m [] 0.6219
Veat [KN/m?] | 19.40 | E'*) [kPa] | 15000 | vo.7 [-] 1.75- 1074
Er [kPa] 45000 | Gp¢l [kPa] | 77000 | desy [°] 31.13
¥ [°] 113 | Ry [] 0.9688
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(a) Cone resistance q. (b) K, according to Mayne (c) D, according to Baldi

Figure 4.9: Determination of the HSsmall parameters for the sand of the soil replacement
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4.3 Probability distributions of the critical soil parameters

The sensitivity analysis in section @. 1| highlights the importance of further investigating the statis-
tical distributions of key parameters for the very soft outcropping clay layer S. These parameters
include the overconsolidation ratio OCR, the compression index )\, the recompression index «
and the vertical permeability k,.,:. To determine their distributions, an existing workflow devel-
oped by IMDC is applied and adapted. Originally designed to establish probability distributions
for soil parameters in offshore sand nourishments (Somers et al., 2023), the workflow is tailored
to HSsmall modelled soil. However, since the soft clay is modelled using the Modified Cam-Clay
model, the workflow requires modifications to accurately derive the probability density function
(PDF) or cumulative distribution function (CDF) for the relevant clay parameters.

The procedure consists of four main steps, each supported by a dedicated Orange workflow
to automate the process. Orange is a data visualization and analysis tool that facilitates the
creation of workflows for automated data processing. It is particularly suited to this task, as it
allows for the integration of multiple data sources, such as CPT(u) data from site investigations
and laboratory test results, and the application of statistical methods to derive PDFs for the
critical soil parameters. The methodology and reasoning behind each step are outlined below.

1. Collection and preparation of the CPT(u) data: CPT(u)s available near the Kragewiel
site are collected as GEF files from DOV. These files are processed through a Data Uni-
former Tool, which structures the data into different levels for further analysis in Orange.
The raw CPT(u) data is then used to calculate derivative and normalized parameters.

2. Linking the CPT(u) data to the soil layers: by plotting the cone resistance ¢. and shaft
friction resistance f; over depth, the soil layers can be identified, allowing each CPT(u)
datapoint to be assigned to a specific soil layer.

3. Determining the PDFs by CPT(u) correlations: literature-based CPT(u) correlations
are used to estimate clay parameters relevant for settlement. If sufficient CPT(u) data is
available within layer S, a histogram of the target parameter can be created, enabling the
derivation of its PDF and CDF. The most suitable correlation(s) are selected by compar-
ing these results with lab test data. Bootstrapping the lab data provides an independent
histogram, allowing for comparison with the CPT(u)-derived CDF to assess correlation
accuracy.

4. Quantifying the model uncertainty by comparing CPT(u) and laboratory test data:
since the CPT(u)-based correlations were developed for specific clay types and the soft
clay in Bornem (layer S) may behave differently, model uncertainty must be addressed.
This is done by comparing lab test results with CPT(u)-derived parameters at matching
depths and locations. The observed discrepancies are used to adjust the PDFs of the
probabilistic parameters, ensuring the distributions reflect the actual behaviour of layer S.
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4.3.1 Collection and preparation of the CPT(u) data

In total, 16 CPT(u)s can be used to characterize the subsoil in the vicinity of the Kragewiel.
These CPT(u)s have been executed before the construction of the new dike started and can be
roughly categorized into three groups: CPT(u)s at the GOG side of the old dike, CPTs under-
neath the old dike body and CPTs at the Kragewiel side of the old dike. The CPT(u)s atthe GOG
side of the old dike are most relevant for the current study since layer S outcrops in this zone.
The location of the CPT(u)s is displayed on Figure #.10. A statistical overview of the CPT(u)
data is given in Table K.3. In this table, ng,, represents the number of data points available in
each layer and each zone. p,, and o, respectively represent the mean and standard deviation
of the measured cone resistance g..

Table 4.3: Statistical overview CPT(u) data

GOG side old dike

GEO-19/108-S110, GEO-19/108-S110U, GEO-19/108-S111,
GEO-19/108-S111U, GEO-19/108-S112, GEO-19/108-S112U

Layer Ndata Hq. [M Pal 04. [MPal
Layer S 790 0.22 0.05
Layer H 1333 8.23 4.23
Layer | 694 4.50 1.24
Layer J 749 11.86 2.29

Underneath old dike

GEO-18/015-S10,

GEO-18/015-S11,

GEO-19/108-5103,

GEO-18/015-S12, GEO-19/108-S104, GEO-18/015-S13

Layer Ndata fg. [M Pal 0q. [MPal
Layer C 1069 1.32 0.72
Layer E 2074 1.05 0.52
Layer | 1512 11.52 10.02
Layer J 686 11.85 1.71

Kragewiel-side old dike

GEO-19/108-S106, GEO-19/108-S113, GEO-19/108-S107,

GEO-19/108-S108

Layer Ndata Hq. [M Pal 04. [MPal
Layer Ebis 833 0.95 1.20
Layer H 905 9.45 9.24
Layer | 247 4.80 1.13
Layer J 493 10.14 1.61
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Figure 4.10: Location of the CPT(u)s in the vicinity of the Kragewiel

These 16 CPT(u)s can be extracted from DOV and processed using the Data Uniformer Tool
provided by IMDC. This tool identifies and corrects formatting errors in the CPT(u) data and
structures it into different hierarchical levels, each represented by a separate Excel file.

On level 0, each CPT(u) test is assigned a row in the corresponding Excel file, with columns
containing the test ID, the cone type, the cone area, the coordinates of the location of the test
and the height of the starting point of the test, expressed in mT AW. From the latter two, the
division of the CPT(u)s into three groups according to their location can be verified. While the
CPT(u)s at both sides of the old dike have a starting height of about +1.50 mT AW, the six
CPTs executed through and underneath the old dike body started at about +7.20 mT AW. All
CPT(u)s have been executed with a 10 ¢m? cone area and a net area ratio a of 0.75. This net
area ratio is the slope of the line obtained by plotting the cone resistance against the applied
the pressure.

On level 1, each row in the corresponding Excel file contains a datapoint. For each datapoint,
the corresponding CPT(u) test ID, the depth d of the datapoint and the bare CPT(u) param-
eters are listed. These bare parameters include the cone resistance ¢., the sleeve friction f;
and eventually the pore pressure at the cone shoulder us. The latter is only available for dat-
apoints registered by a piezocone. This type of cone has only been used for the CPTu tests
GEO-19/108-S110U, GEO-19/108-S11U and GEO-19/108-S112U. All other CPTs have been
executed with a standard electrical cone.

These two Excel files are used as input for the first Orange workflow. The first Orange workflow
essentially extends the level 1 Excel file by calculating derivative parameters as well as soil
behaviour type parameters for each CPT(u) datapoint.
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4.3.1.1 Derived CPT(u) parameters

The CPT(u) parameters derived in the first workflow are tabulated in Table 4.4. Their calculation
requires the definition of the following constants: the atmospheric pressure p,,,, = 0.1013 M Pa,
the density of water p,, = 1000 kg/m?, the gravitational acceleration g = 9.81 N /kg and the
minimal soil unit weight ,,, = 12 kN /m?3.

Table 4.4: Derived CPT(u) parameters (Lunne et all, 2002)

Quantity ‘ Unit ‘ Formula
Equilibrium pore pressure u M Pa uy = w%%
Excess pore pressure Au M Pa Au = usy — ug
Corrected cone resistance ¢; @ MPa G =q+uz-(1—a)
In situ total vertical stress 7, o M Pa Tu0 = 128

In situ effective vertical stress o, , | M Pa 000 = 0v,0 = Up
Net cone resistance ¢, MPa Gn =t — Ou0
Friction ratio Ry % Ry = % -100
Pore pressure ratio B, - B, = %
Normalized cone resistance Q, © - Q= %
Normalized friction ratio F, P - F, = Qtj;u,o -100
Soil unit weight EN/m? | v = (0.27 - log(Ry) + 0.36 - (10g(qt/patm) + 1.236)) - Le-d

@ This correction is needed due the unequal area effect, caused by the pore water pressure measurement at the
shoulder of the piezocone.
b This is a normalization according to formulas of Wroth to account for the influence of overburden stress.

Most of the CPT data in this study were collected using a standard cone without pore pressure
measurement (i.e. no piezocone or CPTu). As a result, the pore water pressure at the shoul-
der of the cone w5 is not available for these tests. Since normalized CPT parameters require
effective stress calculations, an assumption regarding pore pressure is necessary to estimate
the vertical effective stress o, ,. In the absence of direct measurements, it is common practice
to assume a hydrostatic pore pressure distribution: uo = ug. This assumption implies that the
excess pore pressure Au is equal to zero.

While this hydrostatic assumption is widely accepted and generally accurate in coarse-grained
soils such as sands, it introduces limitations in soft, low-permeability soils like clay. In such ma-
terials, cone penetration can generate significant excess pore pressures that are not captured
under hydrostatic conditions, potentially affecting effective stress estimates. However, in this
study, the primary clay layer of interest is located at shallow depth. At such depths, both total
and pore pressures are relatively low, which limits the generation of excess pore pressure dur-
ing penetration. Therefore, the error introduced by assuming hydrostatic conditions is expected
to be minor in this context.
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Furthermore, the impact of this assumption is further mitigated in the analysis of layer S, which
is located on the GOG side of the dike. As shown in Table §.3, each CPT in this area is accom-
panied by a corresponding CPTu test, providing direct measurements of us. This availability
of pore pressure data allows for a more reliable and accurate analysis, reducing reliance on
hydrostatic assumptions for this layer. This fortunate availability also ensures a more correct
interpretation of soil behaviour and reinforces the validity of the subsequent analyses.

Lastly, it is worth noting that the normalized CPT parameters derived from this approach serve
as input for an initial soil parameter distribution estimate in a Bayesian updating framework. This
method is robust to some degree of uncertainty in the prior assumptions: as long as the obser-
vational data are sufficiently informative, the updating process can converge towards accurate
inferences, even if the initial estimates deviate from reality (Caspeele, 2024).

4.3.1.2 Soil behaviour type parameters

Finally, the first workflow also calculates the soil behaviour type parameters, using the method
proposed by Robertson (Lunne et al., 2002). This method defines a soil behaviour type index
I. [-] = ((3.47 — log(Q4))? + (log(F,) + 1.22)2)%5 that can be linked to several zones or soil be-
haviour types. The soil behaviour type can also be identified by plotting (); and R (Figure 4.11)
or @; and B, (Figure K.179) on the well-known Robertson charts, from which the corresponding
soil behaviour type can be read from Table §.5.

Figures #.119 and #.1249 show the Robertson charts for all soil layers in the studied cross-
section. One can observe that the majority of the subsoil falls within the soil behaviour type
categories 3, 4, 5 and 6, corresponding to clays, sands and mixtures of both. Figures
and present CPTu data specifically for layer S. The color coding in these graphs denotes
different depth intervals, revealing that layer S is distinctly stratified. This stratification, visible
as successive color bands, indicates the presence of multiple fine soil layers in layer S, which
are likely the result of repeated flooding in the area in front of the dike. Despite the presence of
numerous thin layers, the overall composition remains consistent, consisting predominantly of
clay and clayey silt. Figure indeed reveals the availability of pore pressure measurements
in layer S, since measured values for u, result in a pore pressure ratio B, for clayey soil that is
larger than zero.

Table 4.5: Soil behaviour types in the Robertson charts

‘ Zone ‘ Soil behaviour type ‘ Zone ‘ Soil behaviour type ‘ Zone ‘ Soil behaviour type
1 Sensitive, fine-grained | 4 Silt mixtures: clayey silt to silty clay 7 Gravelly sand to sand
2 Organic soils (peats) 5 Sand mixtures: silty sand to sandy silt | 8 Very stiff sand to clayey sand
3 Clays: clay to silty clay | 6 Sands: clean sands to silty sands 9 Very stiff fine-grained
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The soil behaviour type classification can be very helpful in linking the CPT(u) data to the cor-

responding soil layers.

However, factors such as variations in stress history, in situ stress

conditions, mineralogy and void ratio can influence the accuracy of the classification. To ensure
that the soil parameter distributions within layer S are as reliable as possible, it is essential to
exclude data points from adjacent layers. Additional criteria, such as unit weight, will therefore
be employed to more precisely delineate the boundaries of soil layer S.
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4.3.2 Linking the CPT(u) data to the soil layers

In the second workflow, particular emphasis is placed on accurately linking all CPT(u) data
points to their corresponding soil layers. As previously discussed, this step is essential for de-
riving meaningful statistical distributions that are truly representative for the specific soil layer
under consideration. If data points from adjacent layers are inadvertently included, the resulting
statistics can be significantly distorted. For instance, incorporating CPT(u) measurements from
a sand layer into the analysis of a clay layer can lead to biased distributions, since the mechan-
ical behaviour and strength parameters of sands often introduce extreme values that are not
representative for clayey materials.

To ensure the reliability of the derived distributions, several assessment criteria are applied.
A first step involves a preliminary classification starting from the soil layering defined by the
Geotechnical department. Based on the soil behaviour type index I. and the cone resistance
qc, this stratigraphy is further refined. When CPTu data is available, the measured pore pressure
offers an additional, valuable criterion for distinguishing between clays and sands. Clays, due
to their low permeability, exhibit undrained behaviour during cone penetration. This results in
a substantial excess pore pressure build up above the hydrostatic pressure line. In contrast,
sands behave in a drained manner: their high permeability allows pore water to dissipate rapidly,
meaning that no significant excess pore pressure develops and the measured values generally
follow the hydrostatic profile. This contrast s also reflected in the pore pressure ratio B, defined
as the ratio of excess pore pressure to the net cone resistance. In clayey soils, B,-values are
significantly greater than zero, indicating undrained conditions, while in sandy soils, B, tends to
be close to zero. This distinction is clearly visible, for example, in Figure #.128, where a typical
response for clay can be observed.

These parameters form the basis for an initial delineation of soil layer boundaries. While this
first classification remains relatively coarse, it plays a crucial role in separating data by dominant
soil type and mechanical behaviour. This separation provides the foundation for more refined,
layer-specific analyses in the subsequent stages of the workflow.

For the CPT(u)s performed on the GOG side of the dike, this preliminary soil stratification is
illustrated in Figure #.13d. To assess the accuracy of this layering, particularly with respect
to clay layer S, one can evaluate the distribution of a representative clay parameter to identify
potential outliers or inconsistencies. A useful indicator for this purpose is the unit weight of
the soil, which is known to be relatively constant for a given soil type and can therefore signal
the presence of data points that may not belong to the intended layer. The unit weight within
layer S can be estimated using the empirical correlation given in equation (4.6). The resulting
distribution is presented in Figure #.144, which shows both a histogram of the calculated values
and a fitted normal distribution. According to JCSS guidelines, the standard deviation of the
unit weight for a specific soil type is typically around 5% of the mean value (Baker et al/, 2006).
Here, the mean unit weight is 14.79 kN /m?, with a standard deviation of 1.11 kN /m3 (7.5%).
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While this value is still within an acceptable range, the distribution exhibits a noticeable tail
extending up to 19 kN /m?3, which is considerably high for a clayey soil and suggests possible
contamination of layer S from non-clay materials.

Re-examining the cone resistance profile in Figure reveals that the upper few decimetres
of the layer exhibit significantly higher cone resistance values compared to the rest of layer
S. This observation indicates that the uppermost zone is likely not composed of pure clay, but
rather a heterogeneous mixture of clay, silt and sand. This may result from repeated flooding
events and anthropogenic surface activities in the area, which have likely disturbed the original
topsoil. Also in Figure §.11H, this can be observed as the orange (and green) dots in Zone 5
(and Zone 4).

Based on these findings, it is reasonable to exclude this surface layer from the extent of clay
layer S. The revised stratification is illustrated in Figure #.138. That this decision is justified is
demonstrated by the updated unit weight distribution shown in Figure i.140. After refinement,
the distribution becomes more narrowly concentrated around a mean value of 14.39 kN /m?,
with a much smaller standard deviation of 0.39 k:N/m3, equivalent to just 2.7% of the mean.
This improved consistency confirms that the surface layers had previously distorted the char-
acterization of layer S. With the refined layering in place, the analysis can now proceed with
greater confidence in the statistical integrity of the data.
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Figure 4.13: Cone resistance ¢. in function of depth z for the CPT(u)s at the GOG side of the dike
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4.3.3 Determining the probabilistic distributions and model errors of the critical
soil parameters

Now that all CPT(u) data has been collected, processed and accurately linked to the corre-
sponding soil layers, the subsequent step involves deriving the statistical distributions of sensi-
tive geotechnical parameters. The literature offers numerous empirical correlations for estimat-
ing parameters such as the overconsolidation ratio, vertical permeability, compression index
and recompression index based on CPT(u) results. However, these correlations are typically
developed and calibrated using data from specific soil types, which may not align with the char-
acteristics of soil layer S under investigation. To determine the applicability of each correlation
to layer S, the parameter values derived from these empirical relationships are systematically
compared against available laboratory test results. This comparison allows for the identification
of correlations that yield consistent and representative values for the soil conditions in question.

It should be noted that neither correlations nor laboratory tests are available for directly de-
termining the compression index A or the recompression index . However, both empirical
correlations and laboratory measurements do exist for the Flemish compression constant C,
which is related to the compression index C. and the recompression index C,., as demonstrated
in equation (R.1)). From these values, the parameters \ and « can be derived as well, as can
be seen below (Budhu, 2010).

Ae Ae Ao’
© " log(c} /ob) A= e Boed = A2 (4.7)
C.-Alogo’ log(10) - (1 +¢p) - o’ 23-(1+eg)-o
= Boeq = C, = 4.8
© |Og(10) : (1 + 60) - d Cc - Eoed ( )
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4 Soil parameter distributions

For the compression index A the following relations hold (PLAXIS, 2024b).

Ce _(1+eg) o (1+eo)-p") _ (1+e)-p"f

A= =7 A= = (4.9)
2.3 Eoeq gref ref
oed Eoed . po.il

ref\ ™
EZSCJ; = Foed - (pgl ) with m = 1 for clays (4.10)
C. 2.3-¢0 2.3 Eoeq (1 + 60)
= == = = 4.1
(1+eo) Eoeq o ¢ o A C (4.11)

For the recompression index « the following relations hold (PLAXIS, 2024b)

C, C.
_ b _ 4.12
T 237 23-(5a10) (4.12)
Eil =2.FTand B/ =3 Bl — Bl =6 B (4.13)
9. pref 9. el
_ (I+eg)-2-p"  (1+4e) 2fp R _ (I+eo) (4.14)
Eur 6-Ec 3.C

This derivation has an important implication: since both the compression index A and the re-
compression index « can be derived from the Flemish compression constant C' and the initial
void ratio ey, they cannot be treated as independent parameters within the Bayesian updat-
ing framework. As a result, it is more consistent and theoretically sound to adopt C' and ¢y as
the sensitive and independent parameters representing the soil’'s compressibility and recom-
pression behaviour. Accordingly, the four parameters for which statistical distributions will be
established, based on both CPT(u) data and laboratory test results, are the overconsolidation
ratio OCR, the vertical permeability k.., the Flemish compression constant C' and the initial
void ratio e.

4.3.3.1 Bootstrapping of the laboratory test data

A statistical overview of the relevant laboratory test results for layer S is presented in Table §.6.
These tests were conducted on undisturbed soil samples extracted from boreholes BH35 and
BH111, located on the GOG side of the dike. In total, five samples from layer S were anal-
ysed, allowing for the experimental determination of key soil parameters, as summarized in the
table. The overconsolidation ratio was determined using CRS tests. The vertical permeabil-
ity of the cohesive soil samples was obtained through triaxial testing, which is considered the
most suitable method for this purpose, as discussed in section 2.3.2.3. The initial void ratio (e)
was identified based on water content tests, while the Flemish compression constant (C') was
derived from one-dimensional oedometer tests (Couck, 2022).
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Table 4.6: Statistical overview laboratory test data in layer S

’ Test location (depth below surface) \ OCR [—] \ Kvert [M/s] \ eo [—] \ C -] ‘
B35-1 (1.00 — 1.50 m) 6.60 1.60-107% | 1.14 | 30.33
B35-2 (2.00 — 2.50 m) 2.24 1.02-107% | 1.61 | 12.00
B35-3 (3.00 — 3.50 m) 1.76 2.35-10710 | 242 | 10.33
B111-1 (1.50 — 2.00 m) 2.34 2.50-107% | 2.38 | 9.50
B111-2 (3.00 — 3.50 m) 1.79 1.60-107% | 2.26 | 8.67
Mean value p 2.95 1.06-107% | 1.96 | 14.16
Standard deviation o 1.84 9.22-107% | 0.50 | 8.16

For the project in Bornem, a relatively extensive site investigation and laboratory testing cam-
paign has been carried out. However, despite these efforts, the resulting dataset for layer S
still contains only five test values per key parameter. This limited sample size is insufficient to
construct a meaningful histogram or reliably fit a statistical distribution from which a cumulative
distribution function (CDF) could be derived. Such a CDF is needed to compare the laboratory-
based results with those obtained via empirical correlations, in order to evaluate their applica-
bility and performance.

To address the challenge of limited laboratory test data, an issue frequently encountered in
geotechnical practice, the bootstrap resampling method is employed. In this study, bootstrap-
ping is used to estimate the statistical distribution of key soil parameters in layer S based on
a small set of experimental data. The method is particularly well-suited for situations where
the sample size is small and the underlying population distribution is unknown or cannot be as-
sumed. Bootstrapping operates by repeatedly resampling, with replacement, from the original
dataset to generate a large number of synthetic samples, each equal in size to the original.
These resampled datasets may contain repeated values, reflecting the idea that each obser-
vation in the original dataset represents a plausible member of the underlying population. For
each resample, the soil parameter of interest is recalculated and the resulting collection of val-
ues forms an empirical approximation of the parameter’s sampling distribution (Trainer, 2021).
This procedure is rooted in the principles of statistical inference. In geotechnical engineering, it
is often impractical to measure every possible realization of a soil parameter. As a result, en-
gineers rely on limited samples to infer the broader behaviour of the soil. Bootstrapping allows
to approximate the distribution of these soil parameters, even when classical statistical tools
like the Central Limit Theorem are not applicable due to small sample sizes. By generating
thousands of bootstrap replicates, a more robust estimate of the CDF is obtained.

By al means, attempting to fit a parametric probability distribution directly to the five available
laboratory test results per parameter is not recommended, as such limited data yields unstable
and unreliable distribution estimates.
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Bootstrapping, in contrast, leverages the existing data more effectively to generate statistically
meaningful inferences.

Figure §.15, shows the estimated distributions of the four relevant soil parameters in layer S,
based on bootstrapping of the laboratory results and making use of 10000 sample draws. The
resulting distributions of the mean parameter values are presented as histograms, with the fitted
normal, log-normal and gamma distributions overlaid in red, yellow and blue respectively.

In probability and statistics, many continuous probability distributions are characterized by three
key parameters: the location, scale and shape. These parameters describe different aspects
of the distribution’s characteristics, such as its position, spread and overall form.

* Location parameter: determines the central position of the distribution along the hori-
zontal z-axis. It shifts the entire distribution without affecting its shape or spread.

» Scale parameter: controls the spread of the distribution by stretching or compressing it
along the z-axis. A larger scale leads to a wider distribution, while a smaller scale results
in a more concentrated distribution.

» Shape parameter: influences the shape of the distribution and determines characteristics
such as skewness and kurtosis (peakedness). The shape parameter varies depending on
the distribution.

From the location [, scale s and shape parameters h of the three fitted distributions, the mean p
and standard deviation o of the estimated soil parameters can be determined using the below
formulas (Caspeele, 2024).

* Normal distribution: ;, =/ and o = s.

« Log-normal distribution: ;i = ¢"(5)10-50* and g = /(e — 1) - e2In(s)+h7,
« Gamma distribution: y=h-sando =Vh - s

With reference to Figure .15, it should be emphasized that the gamma distribution, although
sometimes used for fitting purposes, does not carry a physical interpretation in the context of
soil parameter distributions. Consequently, the focus is placed primarily on the normal and log-
normal distributions, which are more consistent with the expected behaviour of geotechnical
parameters. The normal distribution is suitable for modelling symmetric data, whereas the log-
normal distribution is more appropriate for positively skewed data, a common characteristic in
geotechnical properties such as permeability and compressibility.

A final important consideration applies specifically to the overconsolidation ratio (OC R), which
by definition cannot be less than one, as values below this threshold would imply a normally
consolidated state rather than overconsolidation.
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To account for this physical constraint, the OC R can be modelled using a log-normal distribu-
tion with a location parameter loc = 1, ensuring that all sampled values exceed the minimum
threshold. Alternatively, a truncated normal distribution can be employed, bounded below by
OCR = 1. In the latter approach, the lower bound is transformed into standard normal space
using (1 — u)/o, and the resulting value is applied in the scipy.stats Python library using the
truncnorm() function. This allows for statistically consistent modelling while adhering to the
geotechnical limitations of the parameter.
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Figure 4.15: Parameter distribution in layer S based on bootstrapping of the laboratory test results
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4.3.3.2 Probabilistic distributions and model errors: theoretical framework

CPT(u) correlations and statistical distributions A first key result in the final outcome of
this chapter is the determination of the probabilistic distributions of the overconsolidation ratio,
vertical permeability, initial void ratio and compression constant for the clay in layer S. Now that
approximate distributions have been fitted to the laboratory test data using the bootstrap resam-
pling method, one might wonder why these distributions are not used directly to characterize
the soil parameters required for the probabilistic settlement calculations. The reason lies in the
inherently limited size of the laboratory dataset. Even after applying bootstrapping, the number
of original data points remains small compared to the vast quantity of CPT(u) data available.
Consequently, the distributions derived from the CPT(u) data are statistically more reliable than
those based solely on the laboratory test results.

This limitation is clearly illustrated in Figure §.15, where the histograms based on the laboratory
data appear discontinuous, showing sharp peaks around the observed test values and signifi-
cant gaps in between. Although bootstrapping helps to smooth out these gaps, it cannot fully
resolve them, especially for parameters with inherently wide distributions such as the overcon-
solidation ratio in Figure and the Flemish compression constant in Figure §.15d.

The primary advantage of using CPT data is the large volume of available measurements, which
supports the generation of robust statistical distributions. However, this approach requires the
use of empirical correlations to convert CPT(u) data into the soil parameters of interest. As
discussed earlier, these correlations are typically calibrated on soil types that may differ signifi-
cantly from the soft clay encountered in layer S. This is where the bootstrapped laboratory data
plays a crucial role. While the laboratory-derived distributions may lack statistical robustness,
they provide valuable insight into the actual soil conditions in layer S, since they are based on
direct measurements of the in-situ soil.

Therefore, these laboratory-based CDFs serve as a reference to evaluate the reliability of the
CPT-based correlation-derived distributions. By comparing both sets of distributions, it becomes
possible to assess the applicability of each correlation to the local soil context. Moreover, once
the most appropriate correlation is identified, the model error (i.e. the systematic discrepancy
between the correlation-predicted values and the laboratory measurements) can be quantified
and explicitly accounted for in the probabilistic framework.

In section §.3.3.3, the probabilistic distributions of the four critical clay parameters (OCR, kyert,
ep, and () are derived and presented using correlations based on CPT(u) data. For each cor-
relation, the parameter values are calculated at all available CPT(u) measurement points within
layer S. This results in a large dataset for each parameter, from which a histogram can be con-
structed. A normal or log-normal probability density function (PDF) is then fitted to the data.
The corresponding cumulative distribution function (CDF) is subsequently used to assess the
quality of each correlation by comparing it visually with the CDFs derived from laboratory test
data.
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The overall methodology remains the same for all four parameters. Only the correlations used
as input differ. Since layer S is classified as a fine-grained soil, only correlations developed for
cohesive soils will be considered. Correlations developed for coarse-grained soils consistently
produced inferior results and are consequently excluded from further consideration.

Quantification of the model error according to NBN EN1990 Annex D A second key ob-
jective of this chapter is to quantify the model error associated with the proposed probabilistic
distributions. To complete the discussion on the derivation of statistical distributions for the soil
parameters, it is crucial to assess the uncertainty introduced by the empirical correlations used
for parameter estimation. This model uncertainty arises from inherent discrepancies between
the predicted values obtained from these correlations and the actual soil behaviour observed in
practice. To quantify this uncertainty, the methodology outlined in Annex D of NBN EN1990 is
applied (Bureau voor Normalisatie (NBN), 2002). Specifically, the model error is assessed by
comparing laboratory test results with values estimated from empirical correlations at the same
locations and depths, following the procedures prescribed in the standard.

Table §.6 provides an overview of the laboratory test results, including the corresponding test
depths and locations. The selected empirical correlations are used to calculate the clay param-
eter of interest from CPT(u) data measured at sounding locations GEO-18/108-S111(U) and
GEO-18/015-S35, which are closest to the respective borehole locations 1445-GEO-19/109-
B111 and 1445-GEO-19/109-B35. By averaging the calculated values over the same depth
intervals as the laboratory samples listed in Table §.6, five pairs of experimental and calculated
values are obtained for the clay parameter, which allow for a direct comparison.

To evaluate the accuracy of the empirical correlation, a scatter plot can be created by plotting the
calculated values r;; on the horizontal axis and the corresponding experimental values r.; on
the vertical axis. The relationship described in equation (4.15) applies, where b represents the
slope of the least-squares best-fit through the data points. This parameter b can be interpreted
as a correction factor for the correlation. In the case of a perfect correlation, all data points
would lie exactly on the 45°-line, indicating b = 1.
Z?zl Teyi Tt

YT (@19)
Furthermore, the error ratio 6; can be computed for each test as the ratio of the experimental to
the calculated values. Taking the natural logarithm of this ratio yields the log error ratio A;. The
mean model error 1 is then derived by calculating the average A of the log error ratios A; and
converting it back from the logarithmic to the original space. Besides the average, the variance
of the error ratios ai can be determined as well, from which the coefficient of variation V can
be calculated. From the coefficient of variation and mean model error, the standard deviation
of the model error o, in the original space can be obtained.

7e = b1 With b =

0, = =1 5 A; = In(6;) (4.16)

Tt
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A-l Ajandoi = —— ) (A;—A)? (4.17)
n n—1
=1 i=1
Vo = Vexp(opn)? —1 (4.18)
pte = exp(A +0.5-0%)and o = p.- Vy (4.19)

To account for model uncertainty, the final probabilistic distribution of the clay parameter is
obtained by multiplying its estimated distribution with the model error, which is assumed to
follow a (log-)normal distribution. This error is characterized by the previously derived mean and
standard deviation in standard space. A correlation is considered more reliable when the mean
model error is close to one and the standard deviation is small, indicating both low bias and high
consistency. A mean greater than one implies systematic underestimation of the parameter,
while a mean less than one suggests overestimation. Similarly, a smaller standard deviation
reflects more consistent predictions, whereas a larger one indicates greater variability, reducing
confidence in the correlation, even if the mean is close to unity.

The assumption of a log-normally distributed model error is justified in this context, as it reflects
the physical and statistical characteristics of the soil parameters being analysed. These pa-
rameters are strictly positive and tend to exhibit multiplicative uncertainty rather than additive
deviations. modelling the error as log-normal ensures that the resulting values remain physi-
cally meaningful (positive) and aligns with the behaviour of processes where the magnitude of
uncertainty scales with the parameter value.

The presence of a model error leads to a shift and stretching of the soil parameter distributions,
which are then used as input for reliability-based analyses. However, these analyses do not
require precise input distributions. Instead, they rely on a Bayesian updating procedure that re-
fines the soil parameter distributions at each step based on actual observations. As a result, the
prior distributions are continuously improved, becoming progressively more accurate through-
out the analysis process. Deviations in the exact distribution of the model error are hence not
critical.

It is important to note that model error is calculated in the logarithmic domain. This approach
offers several advantages: it transforms multiplicative relationships into additive ones, improves
numerical stability, normalizes skewed data and ensures physical consistency. Moreover, it
aligns with reliability-based design frameworks, such as those in the Eurocode, by allowing for
normally distributed variables in probabilistic analyses.
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4.3.3.3 CPT(u) correlations and model errors: practical application and results

In the below paragraphs, both the statistical distributions as well as the model errors of the four
key soil parameters (OCR, kyert, eo and C') are derived from the available CPT(u) data. For
each parameter, the methodology outlined in section has been applied.

Probabilistic distribution of the overconsolidation ratio OCR Table §.7 summarizes the
available correlations for estimating the overconsolidation ratio (OCR) from CPT(u) data, which
are potentially applicable to clay layer S. The accompanying notes provide context regarding
the calibration basis of each correlation, including the soil types and validity ranges, which are
essential for evaluating their relevance to the specific geotechnical conditions of layer S.

Figure compares the CDFs of OCR values derived from these correlations with those
obtained from laboratory tests. All CPT(u)-based correlations tend to overpredict the OCR rel-
ative to the laboratory data. Among them, the correlation by Dagger et al. yields a CDF that
most closely matches the experimental distribution, making it the most suitable correlation in its
original form.

However, to improve the fit, the correlations of Mayne and Kulhawy and Mayne may be recali-
brated by using the model error quantification method described in section %.3.3.9. By iteratively
adjusting the calibration coefficients to minimize the model error, improved values of these co-
efficients can be obtained: kjysqyne = 0.1101 and kg yinawy = 0.0873. A comparison between the
initial and final model errors in case of the correlation of Mayne is shown in Figure §.17. For the
correlation of Kulhawy and Mayne, this is illustrated in Figure 4.18.

It should be noted that only the correlations of Mayne and Kulhawy and Mayne are suitable
for recalibration, as they were originally developed based on very specific soil types. In con-
trast, the correlation proposed by Dagger et al. was calibrated using a much broader range
of soil conditions, making it more universally applicable and less likely to benefit from further
recalibration.

The two recalibrated correlations yield the updated CDFs shown in Figure §.164. Both Mayne
and Kulhawy and Mayne now produce very similar and significantly improved fits to the labora-
tory data, slightly underestimating the experimental CDF. As mentioned before, the Dagger et
al. correlation slightly overestimates the experimental CDF, but also provides a good fit. The
result of the model error calculation for the Dagger et al. correlation is shown in Figure §.19.

From Figures ¢.17b, #.180 and §.19, it can be observed that the correlation by Kulhawy and
Mayne performs better than that of Mayne. Although both yield a mean model error . = 1.00,
the Kulhawy and Mayne correlation exhibits a lower standard deviation o, = 0.28, compared
to 0. = 0.52 for the Mayne correlation, indicating more consistent predictions. Moreover, the
Kulhawy and Mayne correlation is also preferred over that of Dagger et al..
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While both correlations show comparable standard deviations, the Dagger et al. correlation
systematically overestimates the OC'R values, resulting in a significantly lower mean model
error u. = 0.56. This substantial deviation from unity indicates a persistent bias, making the
recalibrated Kulhawy and Mayne correlation the most reliable among the three.

Based on the evaluation of model performance, the correlation by Kulhawy and Mayne is thus
selected as the most suitable for estimating the overconsolidation ratio in layer S. Figure
displays the fitted probability density functions to the distribution of the OC R. Among the fitted
distributions, the log-normal distribution, displayed in yellow, clearly provides the best fit. This
is logic since only positive values of the overconsolidation ratio occur.

Table 4.7: CPT(u) correlations for the derivation of the overconsol-
idation ratio OCR

Name correlation \ Year \ Correlation
Mayne? 2006 OCR = kprayne - qﬁjz?
Kulhawy & Mayne® | 1990 | OCR = kruihawy - q*;,”(?’o
1— 02’8‘ N
Dagger et al.° 2018 | OCR =0.33-Q, '*Ue/209%

Josza (method A)¢ | 2013 OCR = 18.306 - 2~ 0-887
Josza (method B) | 2013 OCR = 29.101 - 270803
Josza (method C) | 2013 OCR = 66.512 - z~0-822

& The correlation is calibrated on stiff clays from the Baton Rouge site (Louisiana) and soft to firm Bootlegger
Cove Clay from Anchorage (Alaska): karayne = 0.60 (Mayne, 2006).

® The correlation is calibrated on 47 different laboratory-tested intact and fissured clays: kkulhawy = 0.33
(Kulhawy et al], 1990).

¢ The correlation is based on the correlation of Kulhawy and Mayne, but generalized to accommodate mecha-
nisms of preconsolidation such as ageing, desiccation, repeated cycles of wetting and drying and repeating freeze
thaw cycles. The power m/’ is calibrated on Hibernia sand, Euripides sand, Holmen sand, Po River sand, Blessing-
ton sand, Piedmont SM silt, Piedmont ML silt, Pentre silt, Vagverket silt, Mjardevi silt, Gunnestad silt, Tomhill glacial
silt, Upper and Lower Troll clay, Burswood clay, Northwestern NGES clay, Bothkennar clay, Amherst NGES clay,
Baton Rouge clay and Brent Cross clay (Dagger et al!, 2018).

4 The correlations are calibrated on 22 soil samples from 7 boreholes and 53 characteristic points from 13 CPT
diagrams executed at 53 different depths along the Danube River in Dunaujvaros (Hungary). The OCR decreases
with depth z, depending on its determination method. The upper 3 m thick clay layer yields unrealistically high OC R-
values due to the combination of the low effective vertical stress and high cone tip resistance. Method A provides
the lowest values, followed in turn by methods B and C. The calculated correlation coefficient of the mathematical
functions are respectively 0.9335, 0.8621 and 0.8223 (Jozsa et al{, 2013).
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Figure 4.16: Comparison of CDFs for the OCR distribution from CPT(u) and laboratory test data
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Figure 4.18: Model error for OC R before and after recalibration of the correlation of Kulhawy and Mayne
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Probabilistic distribution of the vertical permeability kyo,t For the vertical permeability
kvert, Only one empirical correlation has been identified in the literature: the Robertson cor-
relation. This method utilizes the soil behaviour type index I. and is applicable to both coarse-
and fine-grained soils. Further details regarding the correlation and its derivation are provided
in Table §.8, with accompanying notes explaining the basis of its development.

However, the accuracy of the Robertson correlation is limited, as reflected in its model error
characteristics. As shown in Figure #.22, although the mean model error 1, = 0.84 is relatively
close to unity, the standard deviation o, = 86.16 is extremely high (almost order of magnitude
10?) indicating substantial variability. As a result, the application of this model error significantly
alters the distribution of k., when incorporated into the probabilistic analysis through multipli-
cation with this distribution.

This overestimation is also evident in the cumulative distribution function presented in Figure
4.21, which shows a clear divergence from the experimental data. The probability density func-
tions fitted to the k,.,-distribution are shown in Figure §.23, where the log-normal distribution,
indicated by the yellow line, provides the best fit to the data.

Table 4.8: CPT(u) correlations for the derivation of the vertical permeability k.,

Name correlation ‘ Year ‘ Correlation

100-952-3.04Le if 10 < [, < 3.27

10452-1371e £ 327 < I, < 40
& The correlation is modified from Lunne et al. and relies on the soil behaviour type charts of Robertson et al.. It

reflects that an increasing 1. indicates more fine-grained soils, resulting in decreasing permeabilities. It is calibrated

on a wide variety of sand and clay mixtures, primarily found at Huntington Beach (California) (Robertson, 2010).

Robertson? 2009 | kyert =
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Figure 4.21: Robertson CDF for the distribution of k,.,.;
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4 Soil parameter distributions

Probabilistic distribution of the initial void ratio ey The initial void ratio ¢y is estimated
from CPT(u) data using a correlation proposed by Budhu, which is based on the saturated unit
weight v, and the specific gravity G of the clay. The corresponding calculation is summarized
in Table B.9. In this study, G, is assumed to be constant and equal to 2.70, a typical value for
clay soils. While slight natural variations in GG, may occur, their influence on the resulting eq
distribution is minor and becomes negligible when the distribution is used within a Bayesian
updating framework.

The model error associated with this correlation is illustrated in Figure 4.25, with the cumula-
tive distribution function and fitted probability density functions shown in Figures and .26,
respectively. The correlation yields a mean model error of 1. = 0.60 and a standard deviation
of 0. = 0.26, indicating moderate performance. While the bias suggests a tendency to over-
predict eq, the relatively low variability implies a consistent error pattern. Again, the log-normal
distribution provides the best fit to the data, as indicated by the yellow line in Figure §.26. This
is logic since only positive values of ¢, occur.

Table 4.9: CPT(u) correlations for the derivation of the
initial void ratio e,

Name correlation ‘ Year ‘ Correlation ‘
R
Budhu? 2010 | ey = pw)/1000 70
1— s
(g-pw)/1000

@ The calculation is based on a theoretical formula and makes use of the saturated unit weight +; of the clay
considered (calculated with the correlation of Robertson and Cabal, equation (4.6)) and its specific gravity G, = 2.70

(Budhd, 2010).
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4 Soil parameter distributions

Probabilistic distribution of the compression constant C The compression constant C' is
derived from the cone resistance ¢. using the methodology outlined in SB260. The relevant
equations are listed in Table B.10. Among the available correlations, the one developed for
clayey soils proves to be the most appropriate, based on both model error comparison (Figure
K.27) and a visual assessment of the cumulative distribution functions (Figure 4.28). This corre-
lation yields a mean model error y. = 0.93 and a standard deviation o, = 0.23, indicating strong
agreement with laboratory test results. In contrast, the correlation for intermediate soils exhibits
significantly higher variability and bias, with . = 2.32 and o, = 0.57, making it less suitable for
the soil conditions under consideration.

Figure presents the fitted probability density functions for the distribution of C. As expected,
the log-normal distribution offers the best fit, which is consistent with the inherently positive
nature of the compression constant.

Table 4.10: CPT(u) correlations for the derivation of the compression constant C

’ Name correlation \ Year \ Correlation

5.0-q. if0.0<g¢q.<0.7
SB260 (clayey soils)? 2018 a=430-q. if0.7<q.<20
1.5-q. ifg.> 2.0

2.0 qe if 0.0 <gq.<25

40-¢.—5 if25<¢q. <50

@ When settlements are calculated based on CPT(u) data, the compression constant C is estimated from the
cone resistance ¢.. The parameter is approximately related to the oedometer modulus FE,.q by the expression
Eoeqa = C - 0,,. For cohesive soils, it also holds that Foeq = a - gc, hence C = (a - gc)/oh 0. From this last
expression, the numerator is tabulated. The ASTM label CL refers to cohesive clays (Departement Mobiliteit en
Openbare Werken, 2018).

® The transitional soil types refer to clayey or silty sand, as well as sandy silt to clay (Departement Mobiliteit en
Openbare Werker|, 2018).

SB260 (intermediate soils)® | 2018 | a =
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Figure 4.27: Comparison of the model error for C by using both correlations of SB260
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4.4 Soil parameter distributions for layer S

To conclude this chapter, Table presents a comprehensive summary of the log-normal dis-
tributions characterizing the four key clay parameters in layer S that influence dike settlement.
The table lists the location, scale and shape parameters of each distribution, along with the
corresponding mean model error 1. and standard deviation o.. The table summarizes the out-
comes of the CPT(u)-based analyses, validated against laboratory test results, as discussed in
the preceding sections.

Table 4.11: Overview of the probabilistic distributions and model uncertainty of the key soil parameters

Probabilistic distribution Model uncertainty
Clay parameter layer S || Distribution type ‘ loc ‘ scale ‘ shape ‘ Ue ‘ Oe
OCR [-] LN 1.0000 0.6909 0.5535 || 1.0000 0.2821
Eyert [m/s] LN 0.0000 | 3.6969 - 1078 | 0.7848 || 0.8444 | 86.1586
eo [—] LN 0.0000 2.6124 0.1050 || 0.6044 0.2585
C[-] LN 0.0000 10.3923 0.2221 || 0.9273 0.2269

As mentioned before, the final distributions of the soil parameters are obtained by multiplying
the estimated distributions with the model error. Since both the soil parameter X and the model
error E follow a log-normal distribution, their product Y also follows a log-normal distribution
(Caspeele, 2023).

X ~ LNux,0% and E~ LN up, 0% — Y = X - E ~ LN (uy,0%). (4.20)

Based on the location, scale and shape parameters of the log-normal distribution of the soil
parameter, its mean px and standard deviation ox in log-normal space can be calculated.

ux = In(scale) and ox = shape (4.21)

For the model error, the mean g and standard deviation o in log-normal space are calculated
as follows from the given mean . and standard deviation o, in standard space:

2 2
pp =In(pe) — %ln(l + <06> yand op = In(1+ <oe> ) (4.22)
He He
The mean py and standard deviation oy of the product Y can be calculated as follows:

py = px + pp and oy = /0% + 02, (4.23)

The shape of the final distribution is equal to the log-normal standard deviation oy and the
scale is equal to the exponential of the mean py. The mean and standard deviation of the final
distribution in normal space can be calculated as follows:

1
oy = eXp(py + 3 Ug) and o, = \/(exp(ag/) —1)-exp(2- py +0%) (4.24)
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The final probabilistic distributions of the four key soil parameters in layer S, corrected for model
uncertainty, are summarized in Table §.12. Table provides a comparison between the
original and corrected means (u., /1,) and standard deviations (o, o) in normal space. These
changes are also visualized in Figure #.30. As shown, incorporating model uncertainty leads
to a notable increase in standard deviation across all parameters, reflecting greater variability.

Additionally, the means of the distributions for k,.,+, ey, and C shift significantly as well.

Table 4.12: Corrected distributions of the four key soil parameters in layer S

Corrected probabilistic distribution
Clay parameter layer S | Distribution type \ loc \ scale shape
OCR [-] LN 1.0000 0.6650 0.6188
kvert [m/s] LN 0.0000 | 3.0592-10~10 | 3.1411
eo [-] LN 0.0000 1.4517 0.4231
C[-] LN 0.0000 9.3606 0.3278

Table 4.13: Comparison of statistics between original and corrected distributions

Original distributions Corrected distributions
Clay parameter layer S He oy My oy
OCR [-] 1.8053 0.4821 1.8053 0.5501
Kvert [m/s] 5.0301-107% | 4.6412-107% | 4.2471-107% | 5.8961 - 106
eo [—] 2.6268 0.2766 1.5876 0.7029
C[-] 10.6518 2.3952 9.8773 3.3267
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Probabilistic (settlement) calculations

This chapter presents a probabilistic framework for calculating dike settlements, marking a de-
parture from traditional deterministic methods. In current engineering practice, settlement is
typically computed deterministically, with monitoring data used only retrospectively to compare
predicted and observed values. This approach limits the ability to assess reliability and doesn’t
allow proactive decision-making. Here, the objective is to develop and implement a compre-
hensive probabilistic workflow that incorporates uncertainty and integrates real-time monitoring
data. This allows for more accurate, adaptive settlement predictions throughout the project
lifecycle. Furthermore, the workflow builds upon results discussed in earlier chapters.

In this workflow, Bayesian updating is used to incorporate monitoring data. This enables prior
distributions of soil parameters to be refined based on observed values. This results in posterior
distributions that reflect improved system knowledge, enhancing model accuracy and robust-
ness over time. The proposed methodology culminates in a dynamic probabilistic settlement
model that continuously integrates field data. This represents a significant advancement over
static models by enabling ongoing refinement of predictions.

The adaptive nature of this approach offers several key benefits: it reduces uncertainty early in
the project, supports timely and informed decision-making and facilitates adjustments to the dike
design and monitoring strategy as needed. Ultimately, this method enhances risk management,
supports compliance with design requirements and improves the overall reliability of the flood
protection system.

The full methodology is explained step by step in the following section. This is followed by the
theoretical background of the probabilistic calculations, focusing on the techniques used in the
proposed workflow. To make the approach easier to understand and follow, each technique is
illustrated using a simple example. Finally, the developed probabilistic method is applied to the
dike at DP26 and the results are analysed and discussed.
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5.1 Workflow for the probabilistic calculations

This section outlines the general workflow used in this chapter to perform the probabilistic cal-
culations. The approach is designed to be efficient, scalable and accurate, making it suitable
for complex engineering problems such as dike settlement predictions. By implementing tech-
niques such as the use of response surface models, the computational cost of the workflow
is reduced. This allows for large-scale probabilistic analyses that would be too demanding
with traditional methods. The method is especially effective in high-dimensional spaces, where
many stochastic variables (soil parameters) influence the outcome. Latin hypercube sampling
is used to ensure well-distributed samples across the input space, improving the quality of the
results. A final key benefit of this workflow is its ability to improve prediction accuracy over time.
By updating the model as new data becomes available, the method supports more informed
decision-making throughout the project.

1. Sensitivity analysis: before starting the probabilistic calculations, a sensitivity analy-
sis is carried out to identify the most influential soil parameters affecting dike settlement.
This step is essential to determine which parameters have a significant impact and are
therefore worth modelling probabilistically, and which have minimal influence and can be
kept at their default values. By doing so, unnecessary probabilistic modelling is avoided,
which can save a considerable amount of time and computational effort. The principles
and results of this sensitivity analysis have already been presented in Chapter {.

2. Stochastic soil parameter distributions: for the soil parameters identified as having a
significant impact on dike settlement, their probabilistic distributions can be determined
using CPT(u)-based correlations. In addition to the extensive CPT(u) data available, lab-
oratory test results can also be used for comparison. This comparison allows the perfor-
mance of the correlations to be evaluated against actual soil conditions, as reflected in
the lab tests. As a result, the model error associated with the derived distributions can
be estimated. The underlying principles and results of this process have already been
discussed in Chapter {.

3. Latin hypercube sampling (LHS): the distributions of the influential soil parameters are
sampled and randomly combined using LHS. This results in a series of random input
parameter sets. These sets form the basis of the probabilistic approach, where the out-
comes under different conditions, each represented by a unique input set, are computed
and compared.
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4. Numerical simulations in PLAXIS 2D: the randomly generated input parameter sets are
used as input for the numerical PLAXIS 2D model developed in Chapter B. For each input
set, a corresponding settlement curve is calculated. By evaluating a large number of such
cases, a probabilistic distribution of the final dike settlement can be obtained. However,
running the PLAXIS 2D model for each sampled input is computationally expensive: each
simulation (with post-processing) takes approximately 450 seconds. In a Bayesian updat-
ing framework, which may require tens of thousands of iterations, using the full numerical
PLAXIS 2D model would lead to impractically long computation times, often stretching into
weeks. To overcome this, the proposed workflow starts with a limited application of LHS,
generating a relatively small but representative number of input combinations. Following
the rule of thumb, a sample size of n = 10 - k is used (Loeppky et al., 2009), where k is
the number of probabilistic variables (five in this case, including time). These input com-
binations are then evaluated using the PLAXIS 2D model, producing settlement curves
over time for each sampled case. This initial step enables efficient exploration of the input
space while keeping computational costs manageable. The resulting settlement curves
are then used as a training dataset to develop a response surface model, which replaces
the need for repeated full-scale numerical simulations in the later stages of the workflow.

5. Response surface model (RSM): the data from the initial PLAXIS 2D simulations is used
to train an RSM, which acts as a surrogate for the full numerical PLAXIS model. The RSM
approximates the relationship between the input parameters and the output response,
here the vertical settlement of the dike. This surrogate model enables rapid and com-
putationally efficient evaluations (several simulations per second), making it feasible to
conduct the large number of simulations required for probabilistic and Bayesian analy-
ses. To ensure reliability, the RSM is validated against the original PLAXIS 2D results,
confirming that it accurately captures the system’s behaviour.

6. Extensive probabilistic simulations: once the RSM is constructed and validated, it is
used to perform a much larger set of probabilistic simulations. An extensive new set of
input samples is generated using LHS and these are evaluated using the RSM of the
computationally intensive PLAXIS 2D model. This allows for rapid generation of a large
dataset of settlement predictions and enables the implementation of Bayesian updating
into the workflow.

7. Bayesian updating: observations from the settlement monitoring campaign, discussed
in Chapter 2, are incorporated into the probabilistic model to refine predictions and reduce
uncertainty. This step systematically combines prior information (sampled with LHS and
evaluated with the RSM) with new field data, resulting in a posterior distribution that more
accurately represents the soil’s behaviour. The updated model provides improved pre-
dictions of future settlements and remains robust and adaptive as additional information
becomes available.
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5.2 Theoretical framework of the probabilistic calculations

This section explains the theoretical background of all steps in the probabilistic settlement calcu-
lation methodology proposed in section B.1. The focus will be on the Latin hypercube sampling,
the development of a response surface model and the implementation of the Bayesian updating
framework. More information about the setup of the numerical PLAXIS 2D model can be found
in Chapter B. The sensitivity analysis and determination of the soil parameter distributions was
treated in Chapter {.

5.2.1 Latin hypercube sampling

Latin hypercube sampling (LHS) is a stratified sampling technique designed to efficiently ex-
plore input parameter spaces by ensuring that each variable’s range is evenly sampled. LHS
was originally developed to improve the accuracy of stochastic analyses. It divides each vari-
able’s distribution into intervals of equal probability and selects one value from each, maintain-
ing statistical independence between variables. This structured approach leads to more uniform
coverage of the input space compared to traditional Monte Carlo methods. As such the risk of
undersampling critical regions is reduced (McKay et al., 1979).

A key advantage of LHS is its ability to achieve comparable or superior accuracy with signifi-
cantly fewer samples, which is particularly beneficial when computational resources are limited.
In fact, studies have shown that LHS can provide similar results to standard Monte Carlo sam-
pling at roughly half the sample size. Additionally, LHS is flexible, allowing for mapping onto
various distributions, such as Gaussian or log-normal, by using the inverse cumulative dis-
tribution functions (CDF). This makes it broadly applicable to complex engineering problems,
including those involving non-linear behaviours like subsoil settlement (Olsson et al., 2002).
Furthermore, LHS performs well in high-dimensional input spaces where multiple variables in-
fluence the system’s behaviour and a large number of samples is required to explore the input
space. Unlike methods such as first (FORM) and second order reliability methods (SORM),
which rely on linear approximations of failure surfaces, LHS provides more accurate estimates
in complex or non-linear response domains (Davis et al/, 1987)). This makes it particularly well-
suited for the probabilistic modelling of dike settlements in the proposed workflow, where five in-
put parameters are considered: four soil parameters that strongly impact settlement behaviour,
along with time. The latter is included as a variable to capture the evolution of the settlement.

5.2.1.1 Latin hypercube sampling: theoretical background

As mentioned previously, LHS is a stratified sampling method because it divides the input space
into equally probably intervals and ensures that each interval is sampled exactly once in each
dimension. This results in a more uniform and representative sampling of the input space com-
pared to traditional random sampling methods (Davis et all, [1987)).
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1. Division of the input domain: for k£ random variables and m chosen samples, the cu-
mulative distribution range of each variable is divided into m equally probable intervals.
This ensures the entire input domain, with dimension k is systematically covered.

2. Sampling plan construction: from each interval of the distribution of each of the vari-
ables, a value is randomly selected. Therefore two matrices are generated: one m x k
matrix P of which each column is a random permutation of integers representing the in-
terval indices 1, ..., m and a second m x k matrix R of independent random numbers from
the uniform [0, 1] distribution. The sampling plan S can be defined and each element s; ;
represents the normalized position of a sample within the interval: S = 1/m - (B — R).

3. Mapping to the target distributions: the sampled probabilities s; ; are transformed to
match the desired marginal distribution of the input variable, using its CDF F,: x;; =
F1(s; ;). This ensures the samples reflect the statistical properties of the variables.

4. Reduction of spurious correlations (optional): various advanced techniques exist to
address correlations in LHS, such as Cholesky transformations, Iman and Conover’s rank
correlation method and Stein’s shifting method for multivariate or spatial distributions.
These are not applied in this study. The use of standard LHS without correlation ad-
justment is justified by the assumption of independence among the input variables (which
will be checked later). As established in the previous chapter, independent distributions
for the four sensitive soil parameters were derived from CPT(u) data. Moreover, spatial
variability has not been considered. Soil properties are assumed to be uniform within
each layer, making random field modelling unnecessary. While incorporating correlation
handling may improve model realism, the current approach provides a practical and suf-
ficiently accurate basis for the probabilistic analysis of settlement (Pebesma et al., 1999).

5.2.1.2 Latin hypercube sampling: example

To illustrate the probabilistic methodology, a simplified example of a dike settlement calculation
is introduced. This example, consisting of a dike with a basic geometry made up of three con-
struction layers overlying a thick clay layer and underlain by sand, serves as a conceptual basis
for developing the Python scripts. In this simplified case, it is decided to treat all soil parameters
as deterministic except for two: the unit weight of the dike fill-up sand ~; and the compression
index of the clay layer below C.. These two parameters are modelled as stochastic and are
given a distribution based on guidelines of the JCSS (Baker et al., 2006).

« Dry unit weight ~, fill-up material dike: = 17 kg/m? and 0 = 0.10 - u = 1.7kg/m?.
» Compression index C. clay subsoil: = 0.1794 and o = 0.25 - = 0.0451.

While this is a simplification of the real-world dike problem at DP26 in Bornem, it offers a practical
and manageable framework to test and validate the probabilistic techniques. With only two
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stochastic inputs, results can be easily visualized and interpreted through 2D plots, aiding in
verification of the LHS method. Figures to illustrate the outcome of five LHS-generated
samples. Although five samples are insufficient to characterize the full probabilistic distribution
of dike settlement, the example serves as a clear demonstration of the methodology. In practice,
a much larger sample set is needed to derive meaningful results, for which a response surface
model will be introduced in the next section.
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Figure 5.1: Application of LHS to a simplified dike settlement calculation (Part 1)
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Figure 5.1: Application of LHS to a simplified dike settlement calculation (Part 2)

5.2.2 Response surface method

The response surface method (RSM) is a technique used to approximate the relationship be-
tween a (set of) input variables X and a response variable Y, particularly when the underlying
model is complex or computationally demanding, such as those involving FE analyses. Instead
of evaluating the response function g(X) directly, RSM constructs a surrogate model §(X) that
mimics the system’s behaviour but is significantly faster to compute (Allaix and Carbone, 2011)).

99



5 Probabilistic (settlement) calculations

A key assumption in RSM is that the true system response can be reasonably approximated by
a polynomial function, with the required degree of the polynomial depending on the complex-
ity of the system (Rajashekhar and Ellingwood, 1993). The accuracy of the response surface
strongly depends on the placement of the sample points used during the design of experiments.
Initial approximations may need iterative refinement to improve the surrogate model and ensure
reliable predictions (Nguyen et all, 2008).

Several approaches exist for constructing response surfaces. The optimal choice depends on
the complexity of the system, data availability and computational resources. The most common
techniques are described below.

» Polynomial regression: the response function g(X) is approximated by fitting a polyno-
mial of a certain degree. A commonly used form is the quadratic response surface. Here,
the cross-product terms z; - z; account for interactions between variables and the coef-
ficients ag, a;, ai;, a;; are obtained through iterative regression (Rajashekhar and Elling-
wood, 1993).

k k
g(&):a0+2ai-xi+2aii-x?+2aij-xi‘xj (5.1)
i=1 i=1 i#]
Polynomial regression is computationally efficient and interpretable, but its accuracy is
limited for non-linear or complex relationships. Higher-order polynomials can improve
approximation accuracy, but at the cost of increased computational effort and risk of over-
fitting, particularly in the presence of noisy data. Overfitting can degrade generalization
and produce unreliable predictions. A trade-off is thus required between the complexity
(degree) of the polynomial and the efficiency of the analysis. In most cases, quadratic
or cubic surfaces, potentially enriched with mixed terms, offer a good balance between
accuracy and efficiency.

» Gaussian process regression (GPR): GPR is a non-parametric, Bayesian regression

method that models the response surface as a distribution of functions. It is especially
useful when the underlying relationship is unknown or highly non-linear. Unlike polyno-
mial regression, GPR does not assume a fixed functional form and provides probabilistic
predictions, offering uncertainty quantification as part of the model. GPR is particularly
data-efficient and effective in settings with limited data, making it ideal for systems where
experiments or simulations are costly (Rasmussen and Williams, 2006).
GPR assumes the response at any point is a Gaussian random variable. It is defined by
a mean function and a kernel function x, which governs the smoothness and correlation
structure of the response surface. It is commonly used with active learning strategies
(e.g. Bayesian optimization), allowing iterative refinement of the surrogate by selecting
new data points that minimize uncertainty or maximize information gain.
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* Neural networks (NN): neural networks consist of layers of interconnected nodes (neu-
rons) that transform inputs through weighted connections and activation functions. They
are capable of approximating highly complex and non-linear relationships and are suited
for problems where the system behaviour is difficult to model analytically. However, NNs
typically require large datasets, substantial tuning and come with less interpretability com-
pared to simpler models (Ghaemi et al., 2023).

For the probabilistic settlement analysis in this study, GPR is recommended as it offers a
favourable balance between model complexity, accuracy and data requirements. It performs
well with relatively small training datasets (n < 100), making it computationally efficient. The
interpretability of the kernel function further supports its use. The settlement curves over time
effectively serve as the response function S = g(X). The complexity and shape of these time-
dependent responses cannot be captured adequately with polynomial regression. Conversely,
neural networks would introduce unnecessary complexity for the problem at hand.

5.2.2.1 Gaussian process regression: theoretical background

A Gaussian process (GP) is a non-parametric model used to describe distributions over func-
tions (Krasser, 2018). For any input z; € R%, the GP defines a random variable f(z;), such that

the joint distribution of a finite number of these variables p(f(z,),..., f(z;)) is also Gaussian.
p(f ) =N(f | pa) (5.2)
* [ =(f(zy),..., f(z)) is the vector of function values at training inputs 2 = 2, ..., z;.
* p=(m(zy),...,m(z;)) is the mean vector, with mean function m(z;).

* g is the covariance matrix, with entries o;; = x(z;, z,;), where « is a positive definite kernel

=10 =9

or covariance function defining similarity between inputs.

It is common to scale the inputs and use a zero mean and a unit variance to improve model
stability. The kernel function «(z;,z;) plays a central role by controlling the shape and smooth-
ness of the functions drawn from the GP. If two inputs z; and x; are close (as measured by the
kernel), the corresponding outputs f(z;) and f(z;) are expected to be similar.

Suppose you have a set of noise-free observations f at known inputs  and you want to predict
the function values f* at new inputs z*. Under the GP prior, the joint distribution of f and f* is:

f ko E
[f*] ~N |0, T (5.3)

* k = k(z,x) is the training covariance matrix.

* k* = r(z, ) is the cross-covariance matrix between training and prediction data.
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* £ = r(zt, ¥) is the covariance matrix at prediction points.

Using standard rules for conditioning a multivariate Gaussian, the predictive distribution be-
comes:

p(f* |zt a f) = N(f* | p', 2 where p* = E* Tk fand 2 = b — Tk (5.4)
This yields both the predicted mean p* and uncertainty X* for the outputs at new inputs x*.

If the training observations contain Gaussian noise y = f + ¢, with ¢ ~ N(0, o—gl), the noise can
be included in the model by adding aii to the training covariance matrix: £ = k£ + agL Then
the predictive distribution becomes:

p(f* |2z y) = N(f* | p*, 25) where p* =k Tk 'yand 22 =k — "'k 'kt (5.5)
T B T T y Y
Although equation b.5 accounts for noise in the training data, it still predicts noise-free outputs
f*. To get predictions that also reflect observation noise, an extra term agl is added to the
predictive covariance:

Pyt |2z y) =Ny | p*, i+ oo D). (5.6)

Several types of kernel functions exist in GPR, each imposing different assumptions on the
structure and smoothness of the underlying function. In the development of the RSM used to
approximate the settlement behaviour, an iterative approach reveals that a simple combination
of a Matérn and White kernel yields the best results. It provides a robust and physically con-
sistent approximation of the settlement evolution, balancing smooth continuous behaviour with
the ability to account for discontinuities and modelling uncertainties.The rationale for selecting
these two kernels, as well as the limitations of other commonly used kernels, are discussed
below (Pedregosa et al., 2025a).

+ Squared exponential, radial basis function (RBF) or Gaussian kernel: although widely

used due to its smoothness and infinite differentiability, this kernel may not be suitable for
capturing the abrupt responses in settlement behaviour caused by load increments. It
tends to over-smooth the response, potentially missing sharp transitions. For this reason,
itis not used in the RSM, although it could be considered for interpolating smooth sections
between load steps.
The RBF employs a lengthscale parameter [ that controls how rapidly the correlation
between input points decays with distance, thereby determining the smoothness of the
resulting function. Points that are close together in the input space (||z; — z,[|?) yield
highly correlated outputs, while the correlation decreases exponentially as the distance
increases. In addition, the RBF kernel includes a signal variance parameter ag, which
governs the vertical scaling or amplitude of the function’s output.

2 i — 201
Kk(z;,25) = oy €Xp 5 12 (5.7)
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In practice, the kernel hyperparameters (I and 05) can be iteratively optimized using
Bayesian optimization in Python-based implementations. The influence of this hyperpa-
rameter tuning is illustrated in Figure B.2. As the lengthscale | decreases, the fited GP
becomes less smooth and tends to overfit the noise in the data. Conversely, increasing {
leads to a smoother approximation that may underfit rapid variations. The signal variance
ag affects the vertical scaling of the GP: lower values lead to flatter curves, while higher
values can result in larger oscillations and potential overfitting. However, compared to the
lengthscale, the variance parameter typically has a less pronounced effect on the shape
of the fitted function (Wang, 2023).

61 --- Truesignal  —— =050 — 1=2.50 6
Observations ~—— =150 —— =350 /

4 p 4

0?=0.050 —— 0?=0.150
0?=0.100 —— 02=0.200

-6 -4 -2 0 2 4 6 -6 -4 -2 0 2 4 6
X

Figure 5.2: Hyperparameter optimization of the (squared exponential) kernel (Wang, 2023)

Matérn kernel: this is a stationary covariance function and a generalization of the RBF
kernel (for v — o), offering a more flexible trade-off between smoothness and adaptabil-
ity. It is parameterized by an additional smoothness parameter v, alongside the standard
hyperparameters [ and 05. For commonly used values such as v = 3/2 or v = 5/2,
the Matérn kernel can model functions that are once or twice differentiable, respectively.
Unlike the RBF kernel, which assumes infinite differentiability and thus overly smooth
behaviour, the Matérn kernel is better suited for modelling physical phenomena like soil
settlement, which involve both smooth trends and abrupt shifts due to load increments.
Moreover, the lengthscale in the Matérn kernel can be defined as a vector, assigning a
separate lengthscale to each input dimension. This anisotropic variant allows the kernel
to capture direction-dependent behaviour in the input space. In the context of settlement
modelling, this enables the model to account for varying sensitivity of the response to dif-
ferent input variables, thereby improving the interpretability and accuracy of the surrogate
model. In the kernel formulation, K, (-) is a modified Bessel function, I'(-) is the gamma
function and d(z;, z;) is the Euclidean distance between the two input points z; and z;:

=)
|z; — z;|| (Rasmussen and Williams, 2006).
1 Vou C o (Vw
H(@iaij) = F(V)QV_l < / d($i7xj)> K, (ld(«%’,%-)) (5.8)
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- Forv = %: the Matérn kernel becomes the exponential kernel:
1
k(z;,z;) = exp <—ld($i,$j)>

- Forv = %: the Matérn kernel is once differentiable (this is the Matérn kernel used

here):
i Zj) = (1 + \fd(l‘i,fﬂj)> exp (—\fd(l‘i,w-))

k(z.

- Forv = g: the Matérn kernel is twice differentiable:
V5 5 V5
k(2 x;) = (1 + Td@zv&j) + ﬁd@z&j)Q exp —Td(%,&j)

» White kernel: this kernel adds identically normally distributed, uncorrelated noise to the
diagonal of the covariance matrix. Itis used to model observation noise, random modelling
errors and numerical artifacts (such as those resulting from the simplified assumptions,
natural variability of deterministic parameters or numerical inaccuracies in the PLAXIS 2D
simulations). The kernel is characterized by a single hyperparameter o2 that controls the
amount of noise added. By summing this kernel with the Matérn kernel, the RSM avoids
overfitting to non-physical variations and focuses on capturing true settlement trends.

o2 ifx; = z;
"f@i»&j) = (5.9)
0 ifz; # z;

» Periodic kernel: this kernel assumes regular, repeating structures in the data and is
hence suitable for modelling strictly periodic behaviour. While settlement due to repeated
loading might contain some repeated structure, the non-uniformity and varying time scales
of load increments in geotechnical problems make the periodic kernel less appropriate.

» Constant kernel: this kernel assumes a uniform mean level across the dataset and is
often combined with other kernels. In the context of settlement modelling, such behaviour
can be more realistically captured by the Matérn kernel, which already accounts for both
global trends and local variations. Therefore, a separate constant kernel is not needed.

5.2.2.2 Gaussian process regression: implementation

To implement GPR for setting up an RSM in Python, several libraries are available. This thesis
utilizes the GPy library, developed by the Sheffield Machine Learning Group, which offers a
comprehensive framework for Gaussian processes. GPy includes a wide selection of kernels,
likelihood functions and optimization methods, providing significant flexibility for various appli-
cations (Zwiessele et al., 2020). Another commonly used library is Scikit-learn, which features
a set of predefined kernels that can be combined (Pedregosa et all, 2011)).
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The response surface approach is employed to approximate the output of the PLAXIS 2D nu-
merical model and to reduce the computational cost of repeated simulations across varying
parameter combinations relevant to settlement prediction. Rather than running PLAXIS 2D at
every iteration of the Bayesian updating framework, a surrogate model based on GPR is trained
and used to estimate the settlement response (Vereecken, 2022).

The process begins with the generation of input samples using LHS. It is recommended to train
the model using a sample set size of n = 10 - k, where k is the dimensionality of the input
space. An input sample z is a vector of k — 1 stochastic soil parameters and a time variable
t. The soil parameter values remain constant, while time varies within each input matrix z.
Each sample z is then evaluated in PLAXIS 2D to obtain the corresponding time-dependent
settlement response y.

Next, the dataset (z, y) is split into training and validation sets. Typically, 80% of the data is
used for training and 20% for validation. The split is performed using the Scikit-learn function
train_test_split(z, y, test_size=0.2). The split is applied at the level of the settlement
curves rather than individual data points. This means 80% of the settlement curves is used for
training and 20% for validation, which ensures the training data is well-distributed over the entire
time range.

The training data (:%mm,gtmm) is used to fit the GPR model. During training, the model con-
structs a covariance matrix based on the chosen kernel and training inputs, capturing the simi-
larity between data points. This enables the model to define a probabilistic mapping from inputs
to outputs. The trained surrogate model can then predict both the expected value (mean) and
associated uncertainty (variance) of the settlement response for new input combinations, with-
out requiring additional PLAXIS 2D simulations.

Hyperparameter optimization in this study is performed by maximizing the log marginal likelihood
of the GP model, as defined by equation (5.10), using gradient-based optimization techniques.
The process begins with the initialization of the GP using a selected kernel and the available
input-output training data.

To improve robustness and avoid convergence to suboptimal local minima, common in non-
convex objective landscapes, the GPy method optimize_restarts(num_restarts=5) is used.
This performs multiple optimization runs from different initial values of the kernel hyperparame-
ters. Each restart minimizes the negative log marginal likelihood, which serves as the objective
function balancing model fit and complexity. Setting verbose=True provides feedback on the
optimization progress by printing the objective function value f for each restart. The optimizer
selects the hyperparameters corresponding to the lowest f-value.

Ty — Sloglk | — "log(2r) (5.10)
- - 2 Yy 2

1
logp(y | ) = log N (y | O,Ziy) =3
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After identifying the best result among the restarts, a final refinement is conducted using the
optimize (max_iters=5000) method, allowing for more precise convergence by increasing the
maximum number of iterations. This two-step procedure enables effective tuning of key kernel
parameters, such as the lengthscale and variance, ensuring the GP model captures the under-
lying data structure without overfitting. The overall approach aligns with the Bayesian principle
of iteratively updating model assumptions based on observed evidence.

The remaining 20% of the data (%est’ytest) is used to validate the model, providing an estimate
of its predictive accuracy and generalization capability (Vereecken, 2022). The validation set
is not used during the training process, ensuring that the model’s performance is evaluated on
unseen data. Several methods can be used to check accuracy.

« Coefficient of determination R?: this metric quantifies the correlation between predicted
outputs Yored and true outputs Yyout obtained from PLAXIS evaluations. For m validation
samples, itis defined by equation (5.11)). When the number of samples is low relative to the
model complexity and the number of input parameters, R? may overestimate performance,
indicating potential overfitting. In such cases, the coefficient of determination is adjusted,
R?ldj, based on the number of unknown parameters v in the RSM (Bucher, 2009).

Z;n:l(ytest,i — ypred,i(gtest))Q N R2 — R? _ v-1

R2=1-— .
2@@1(%%@1’)2 adj m—v

1-RY»  (5.11)

» Mean absolute error (MAE): the average absolute difference between predicted and
actual values. It corresponds to the expected value of the absolute error loss. A lower
MAE indicates better model accuracy (Pedregosa et al., 2025b).

MAFE =

Ntest F B Ytesti — Ypred,i(Teest)| (5.12)

* mean squared error (MSE): the average of squared differences between predicted and
actual values. A lower validation error indicates better model performance. MSE is sen-
sitive to outliers, as larger errors have a disproportionately higher impact on the overall
error metric (Pedregosa et al., 2025q).

MSE = : E?;eft ‘ytest,i - ypredﬂ(%est”? (5.13)

Ntest

* Visual evaluation of regression models: model performance can also be assessed
visually, as shown in Figure 5.3. The first plot compares predicted versus actual values.
Ideally, points cluster around the 45-degree line. In real-world settings with irreducible
noise (when not all variations of y can be explained by features in z), the best models
produce a dense cloud along this diagonal. The second plot shows residuals (prediction
errors or differences between the actual and predicted values) versus predicted values.
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This allows to check whether the model assumptions are met: the expected value of the
residuals should be zero, residuals should be uncorrelated across observations (no au-
tocorrelation) and each error term should have the same variance (homoscedasticity).
Therefore residuals should be randomly scattered around the horizontal line at zero. Sys-
tematic patterns, such as banana-shaped curves, suggest model inadequacies and the
need for refinement (Pedregosa et al., 2025d).

Plotting cross-validated predictions
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Figure 5.3: Visual evaluation of regression models

5.2.2.3 Gaussian process regression: example

To conclude the explanatory section on the response surface methodology, the simplified exam-
ple of the dike settlement calculation introduced in section is revisited. In this example,
the unit weight of the sand used in dike construction and the compression index of the under-
lying clay layer are treated as stochastic variables. Including time, the input space becomes
three-dimensional: X = (v,4, C.,t). Based on the rule of thumb n = 10 k, at least 30 settlement
curves are recommended for training. Here, 50 samples are generated using LHS (Figure 5.44d)
and used to run PLAXIS 2D simulations, resulting in 50 corresponding settlement curves over
time y = S(t) (Figure b.4H).

The dataset ([(v4,1, Ce,1, [to - - - tf]) - - - (Va50, Ce50s [to - - -t [(S1(to---tf)) .. (Sso(to--.tf))])is
split into a training set of 40 curves and a validation set of 10 curves. The GPR model has been
trained using the 40 training curves (Figure 5.4d) and a Matérn kernel with » = 3/2 combined
with a White kernel. During training, the model computes a covariance matrix that captures
the similarities between input points, which is used to probabilistically map inputs to outputs.
Hyperparameter optimization has been carried out to minimize the negative log marginal like-
lihood, resulting in an optimal objective value of f = —8253.96. The final hyperparameters are
listed in Table B.1. The model’s predictive accuracy is evaluated using the 10 validation curves
(Figure b.4d). The predicted settlements closely matched the actual PLAXIS 2D outputs, with
performance metrics indicating excellent agreement: MAE = 0.002586, RMSE = vVMSE =
0.000022, R? = 0.989609, and dej = 0.988310. Additionally, the residuals are randomly scat-
tered around zero with no discernible pattern (Figure 5.4¢).
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Table 5.1: Hyperparameters of the GPR model

Kernel \ Lengthscale \ Variance ‘
White kernel / 8.3626 - 10~15
C. 4.2180
Matérn Kernel | 4 4.3357 0.6319
t 0.0829

To demonstrate the efficiency of the trained surrogate model, 500 new input combinations are
generated using LHS (Figure 5.4f) and the corresponding settlement curves are predicted us-
ing the GPR model (Figure B.4d). The generated curves appear physically plausible and the
entire prediction process has been completed in approximately 5 minutes. In contrast, running
PLAXIS 2D for the same number of samples would have required an estimated 50 hours, clearly
illustrating the computational advantage of the GPR-based surrogate model.
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(a) Generation of 50 LHS samples to train and validate the GPR model
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Figure 5.4: Set-up of an RSM for a simplified dike settlement calculation (Part 1)
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ure 5.4: Set-up of an RSM for a simplified dike settlement calculation (Part 2)
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(g) Prediction of the 500 settlement curves using the GPR model

Figure 5.4: Set-up of an RSM for a simplified dike settlement calculation (Part 3)

5.2.3 Bayesian updating

The final step of the proposed probabilistic workflow is the incorporation of real-world monitoring
data through Bayesian updating in order to improve settlement predictions. The base of the
Bayesian approach is Bayes’ theorem, which states that the posterior probability of a hypothesis
H given observed data D is proportional to the likelihood of the data given the hypothesis,
multiplied by the prior probability of the hypothesis, scaled by the total probability of the data.
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D|H)-P(H)
P(D)

In the case of continuous random variables, Bayes’ theorem is expressed using probability

density functions (PDFs) rather than probabilities. The continuous analogue is given by equation

(6.15). Here, f;/( (z) denotes the posterior PDF of the parameter vector x given data D, L(z | D)

is the likelihood and f;((g) the prior. Again, denominator serves as a normalizing constant to

ensure that the postergr integrates to one over the parameter space (Caspeele, 2024).

_ L&lD): fx (@)
[ L(z| D) - fy(z)dx

P | D)= 2 (5.14)

fx(z) where L(z | D) = L(z | di, ..., dn) = [[ fx(di | )  (5.15)
i=1

In this study, the objective is not to update a single settlement value, but rather to obtain an
entire updated settlement curve that more accurately predicts both the final settlement and its
evolution over time, based on earlier monitoring data. Therefore, classical Bayesian updating
formulas, such as equation (5.16)), are insufficient. These formulas update a single value based
on the prior distribution of the settlement, denoted by 1 and &2, and the likelihood of the ob-
served value, characterized by 7, and 0%, where the observation is typically a single settlement
measurement at the time of updating (n = 1). These formulas are based on the assumption
that both the prior and likelihood are normally distributed and that the variable being updated
(here, the settlement) is directly observed (Nederlof, 2023).
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(5.16)

More broadly, other methods such as Kalman filtering and multivariate Bayesian updating also
depend on linear-Gaussian assumptions and require observations of the model’s internal state
variables (here, the stochastic soil parameters) or closed-form expressions of the posterior.
However, in the current setting, only settlement measurements s.;,s are available, while the
soil parameters p themselves remain unobserved. Moreover, the relationship between these
parameters and the settlement response is non-linear and modelled via a trained response
surface. As such, the assumptions underlying classical Bayesian updating methods are violated
and these approaches are not suitable for this application.

An alternative approach that has been explored in this study is a heuristic method aimed at
updating the distributions of the soil parameters based on observed settlement data: first, a
large prior sample of soil parameters is generated using LHS. Each sampled parameter set is
then passed through the trained RSM to produce a corresponding predicted settlement curve.
For a given observation time, the predicted settlement value s,,.4 is extracted and compared to
the observed settlement s, at that time. Considering an assumed observational uncertainty of
0.01 m, all predicted settlement curves for which s,.cq € [sops — 0.01, 5,45 + 0.01] are selected.
The soil parameter sets that generate these "acceptable” curves can be collected.
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This produces a subset of the original prior sample consisting of parameter combinations that is
consistent with the observed settlement at the specified time instance. From this filtered subset,
the posterior mean and standard deviation of each soil parameter can be calculated. These
mean values can be used as updated estimates for the parameters, while the updated standard
deviations can be interpreted as revised measures of uncertainty. The resulting (Gaussian)
posterior distributions is then resampled and has been propagated through the RSM to generate
updated settlement predictions.

While this method is intuitive and computationally efficient, it comes with important limitations.
It approximates the posterior distributions as Gaussian by matching means and variances and
does not account for potential non-Gaussian features, such as skewness, heavy tails or multi-
modality. Furthermore, it neglects parameter correlations, which are often critical in probabilis-
tic modelling. As a result, this approach oversimplifies the underlying distribution and fails to
fully represent the true joint posterior. Therefore, a more rigorous Bayesian approach, such as
Markov chain Monte Carlo (MCMC), is better suited to capture the full complexity of the updated
parameter space.

MCMC offers a principled solution to these limitations. Since the goal is to infer the full joint pos-
terior distribution of the soil parameters, however irregular it may be, and to propagate these
samples through the trained RSM to generate an ensemble of updated settlement curves, a
sampling method is needed that does not rely on restrictive assumptions such as linearity or
normality. Markov chain Monte Carlo (MCMC) fulfils this requirement by constructing a Markov
chain whose equilibrium distribution corresponds to the target posteriors. Once the chain has
converged, samples drawn from it reflect the full probabilistic structure of the updated param-
eter space. By evaluating each sample through the surrogate model, the resulting settlement
predictions capture the uncertainty and variability inherent in both the measurements and the
model itself. As such, MCMC emerges as the most robust and flexible framework for Bayesian
updating in this context.

5.2.3.1 Markov chain Monte Carlo simulations: theoretical background

Markov chain Monte Carlo (MCMC) is a class of algorithms used to generate dependent (i.e.
correlated) samples from complex target distributions, typically Bayesian posterior distributions,
when direct sampling is impractical or infeasible due to the absence of an analytical closed-
form expression. To obtain samples from probability distributions, MCMC methods construct a
Markov chain. The latter is a sequence of random variables z; that transition from one state
to another based on probabilistic rules. It is characterized by the Markov property, where the
probability of moving to a specific state x; depends only on the previous state z;_; and not on
the entire history (x;_2, z;—3, ...) of the chain. By iteratively generating samples, the Markov
chain asymptotically behaves as the PDF that has to be sampled (Gelman et all, 2013).
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Here, the Metropolis-Hastings (MH) algorithm is used to evaluate the Markov chain, which is
one of the most popular MCMC algorithms. The methodology is explained below (Caspeele,
2010) and illustrated in Figure B.5.

1. Initialization: chose a starting vector z, as well as a transition or proposal distribution
q(z | z4), which is a function of the current state x, and generates a new candidate vector
Z.

2. lteration: starting from starting vector z,, independent and sequential realizations x are
computed from a PDF fx(z) for which no analytical solution is available. In each step,
the transition between the current state x, and the next one =, is given by equation
(6.17)) and the acceptance probability a(z,, Z) of the candidate vector z is calculated with

equation (6.18).

T ocq(Z|z,) with probability a(z,, ) (5.17)
X = .
o z, else
T Ix(@) ale | )

Next, a random number v is generated from a uniform distribution ¢/[0, 1]. The candidate
vector z is accepted as the next draw from the PDF fx(x) with a probability a(z,,z) in
case u < a(z,, Z) or rejected in the other case. As such, a sequence of random draws z,
from fx(z) is generated, although no analytical solution is available for this PDF.

3. Burn-in period and convergence: the first ny,._in Samples are discarded to ensure
that the Markov chain has converged to the target distribution, eliminating bias from the
arbitrary initialization. The remaining samples are used for posterior inference. To check
convergence of the chain, one can use trace plots, running mean plots or the Gelman-
Rubin statistic to verify that the chain has mixed well and reached equilibrium. More
information on these convergence diagnostics can be found in section 5.2.3.2.

J | target distribution

initial position

..................................................

time steps

@ Markov chain © rejected proposals samples histogram

Figure 5.5: lllustration of the Markov chain Monte Carlo (MCMC) algorithm
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According to the Metropolis-Hastings algorithm, a recommended choice for the proposal distri-
bution ¢(Z | z,) is obtained by adding a random disturbance ¢ to the current state z,: & = z,+¢.
This random disturbance is generated as a sequence of random and independent draws from
a known probability distributions, for example a standard normal distribution A/(0, o—g), where ag
can be seen as a tuning parameter that controls the size of the perturbation.

An important consequence of choosing the proposal distribution as a random perturbation of
the current state (also referred to as the random walk Metropolis-Hastings algorithm) is that the
proposal distribution is symmetric: ¢(Z | z,) = ¢(z, | ). This means that the acceptance ratio
simplifies to equation (5.19) (Navarrg, 2023).

Ix(Z=z,+¢)
fX(zs)

If it holds for the target PDF that points close to each other have similar densities and that
there is a high probability region with points far from this region having a much lower density
than points in this region, which is most often the case, two extreme cases can be considered.
These are illustrated in Figure 5.6 (Taboga, 2021h).

alz,, &) = min |1, (5.19)

* Small ag: the proposal distribution is concentrated around the current state .. The ac-
ceptance rate is high, but the samples are highly correlated (the Markov chain ’jumps’ only
a small distance between subsequent states).

* Large ag: the proposal distribution is more spread out. The acceptance rate is lower
because if x, is in the high probability region, then the proposals tend to be far from this
region and thus they have a low density. The proposals are often rejected and the chain
remains stuck at a high-density point for long periods of time, resulting in a highly serially
correlated MCMC sample as well.

To avoid these two extremes, the variance of the random walk increments ¢ should be accurately
tuned. The optimal value of o—g is problem-dependent and can be determined through trial-and-
error: start with a guess for ag and generate a first MCMC sample. Next, examine the trace
plots and increase ag if the trace plot moves very slowly, or decrease ag if the chain gets stuck
at a certain point, visible as a flat line in the trace plot.
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Figure 5.6: Effect of proposal distribution on acceptance rate and correlation of samples (Taboga, 2021b)

To apply MCMC to this problem, the PDF (here, the posterior distribution) from which samples
are to be drawn need to be defined. From previous parts, continuous probability distributions
have been established for the soil parameters affecting settlement. These are interpreted as
the prior distributions. The true settlement value § can be predicted using a trained surrogate
model M, evaluated at a k-dimensional input vector p, consisting of k¥ — 1 soil parameters p
and a time value t. If the surrogate model would be perfect and the true values p are exactly
known, the RSM would predict the true response value 5. However, due to uncertainties in both
measurements and the model itself, the actual observation is represented as: 5 = M(p) + ¢
where the error term ¢ ~ N(0,02) captures both model uncertainty and measurement error.
The standard deviation o, is assumed to be constant across the input space (Taboga, 2021a).

Given N observed settlement values s; corresponding to input vectors P, the likelihood of the
observed data can be expressed as:

N SZ'—M . 2
L(Sl,...,SN |]—)1""’BN) :H 1 exp (_1[2(191)]>

i=1 \/%Ue 2 ¢
A si—M(p,)
_ H1 0 <GE > , (5.20)
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This likelihood function is then used to update the joint prior distribution f,(oc,p1,...,pr—1,t)
into a posterior distribution using Bayes’ theorem, where ¢ is an unknown normalizing constant
that ensures the posterior integrates to one.
fp(oe, Py pr—1,t) - L(s1, .., SN | Py 5 Py)

[ fp-Ldoedp---dpp_dt
=c- fploe,p1,y- - Pr_1,t) - L(s1,...,8N | PpoeesPy)s (5.21)

fP(0€>p17' .. apk—lat) =

An important advantage of the Metropolis-Hastings algorithm and a key reason for its use in
Bayesian inference, is that it does not require this constant ¢ to be known. The (posterior) PDF
(here, f;;(g) = fx(z)) can often be written in the form fx(z) = ¢- hx(x), where hx(z) is the
product of the prior and the likelihood. The normalizing constant c is independent of the param-
eter vector z and can be factored out of the acceptance ratio. This means that the acceptance
probability « can be expressed according to equation (5.22). As a result, the constant ¢ cancels
out. This is the strength of Metropolis-Hastings: it allows sampling from a distribution even if the
full, normalized density is not known. This feature makes MCMC particularly well-suited for the
current application, where the posterior over the soil parameters is complex, high-dimensional
and only available up to a multiplicative constant.

o = min (1, f;g) = min <1, :;g) , (5.22)

Following the above method, one obtains the posterior distributions of the soil parameters, since
the MCMC algorithm generates samples from the full joint posterior. By marginalizing over
the other parameters in the chain, the distribution of each individual soil parameter can be
inferred. These marginal distributions reflect the updated knowledge about each parameter after
incorporating the observed settlement data and provide a complete probabilistic description of
the uncertainty, which can be used for further prediction and analysis.

5.2.3.2 Markov chain Monte Carlo simulations: implementation

Although several Python libraries exist for performing MCMC simulations - such as emcee,
which implements an affine-invariant ensemble sampler - it is decided to manually implement
the Metropolis—Hastings algorithm in this study. An affine-invariant ensemble sampler uses
multiple parallel chains (so-called walkers) and automatically adapts to anisotropic or corre-
lated posteriors, making it efficient for complex parameter spaces. However, in this study, the
focus is on transparency and full control over the sampling process. Manually implementing the
Metropolis-Hastings algorithm ensures that all steps are fully understood and validated. More-
over, it provides the flexibility to tailor the sampler to the problem-specific needs, such as the
integration of a surrogate model, definition of a custom likelihood structure and the non-standard
form of the posterior. Additionally, it ensures a direct link between each programming step and
the theoretical formulation. This approach avoids reliance on a complete black-box method and
facilitates diagnostic analysis and debugging throughout the implementation.
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The code defines functions log_prior(), log_likelihood() and metropolis_hastings(). It
initializes a Markov chain at a starting vector z, consisting of the initial mean values of the soll
parameters. In each iteration, new candidate values are proposed for these parameters by
adding Gaussian noise to the current state, which aligns with the symmetric proposal distribu-
tion, centred at the current state ¢(z | z,) = N(z,, 07) as discussed in section .2.3.1.

The acceptance probability is computed by evaluating the log-posterior density, expressed as
the sum of the log-prior and log-likelihood, for both the current and proposed states. The prior
probability is obtained from known Gaussian distributions of the parameters, while the likelihood
is calculated by comparing predicted settlement values (from the surrogate model) to the ob-
served data using equation (5.20). If the new candidate improves the posterior and is accepted
with a certain probability, it is added to the chain. Otherwise, the current state is retained. This
aligns with the acceptance rule from equation (6.17)). The output of this algorithm is a sequence
of correlated samples representing draws from the posterior distribution of the soil parameters.
These samples form the basis for statistical inference and are later used to generate updated
settlement predictions through the response surface model.

To reflect the progressive nature of real-world monitoring, the MH algorithm is embedded within
a sequential Bayesian updating framework. Rather than using all available observations at
once, the algorithm is run iteratively: at each time step, all settlement measurements up to that
point are used to update the posterior. Each new chain is initialized using the posterior mean of
the previous step, maintaining continuity across updates. At every iteration, two independent
chains (walkers), with slightly different starting values are run in parallel to improve robustness.
Each chain itself is generated by 10000 iterations, of which the first 1000 samples serve as
burn-in. This allows the chains to reach equilibrium. The resulting chains are then combined to
approximate the updated posterior distributions of the sensitive soil parameters.

Convergence of the chains is assessed by using the Gelman-Rubin diagnostic R (Gelman and
Rubin, 1992), which compares between-chain and within-chain variance to evaluate how well
the chains have mixed. Consider J chains of length L (after burn-in), with xl(]) the i-th sample

of the j-th chain. The diagnostic is computed as follows: R= \/ w, where:
* Mean of each chain: z; = %Zle :z:l(j) and mean across all chains: z, = %Z;’:l zj
» Between-chain variance: B = -%; 37 (z; — 1.)’
- Within-chain variance: W = £ 7, (ﬁ SE - @)2)

When the chains have converged, the between-chain variance B — 0 and R — 1. Values of R
close to 1 (e.g. below 1.1) are generally accepted as evidence of convergence. Once conver-
gence is confirmed, the retained samples from the chains form the basis for posterior inference
and are propagated through the surrogate model to produce updated settlement predictions.
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In addition to the Gelman-Rubin statistic, running mean plots are used to visually assess conver-
gence of the Markov chains. These plots display the cumulative mean of a sampled parameter
against the number of iterations in the MCMC chain. It is always advised to use multiple con-
vergence diagnostics, as there is no single metric that can guarantee convergence on its own.
Combining quantitative measures such as the Gelman-Rubin statistic with visual tools like trace
plots and running mean plots provides a more robust assessment of whether the Markov chains
have sufficiently explored the posterior distribution.

To end this section, two more comments should be made.

First, in the implementation of the Metropolis-Hastings algorithm, the prior, likelihood and pos-
terior probabilities are evaluated in logarithmic form. This practice is common in Bayesian in-
ference for several important reasons. First, working in logarithmic space improves numerical
stability. Probabilities and likelihoods often involve extremely small values, particularly when
evaluating joint densities over multiple data points, which can lead to numerical underflow when
multiplied. Taking the logarithm transforms these products into sums, making the computa-
tion more stable and less prone to floating-point errors. Second, many statistical libraries (e.g.
scipy.stats) provide direct functions for computing log-densities, such as logpdf (), which sim-
plifies the implementation and improves computational efficiency. Third, using log space sim-
plifies the computation of the acceptance ratio in the Metropolis-Hastings algorithm. Instead of
directly comparing ratios of probabilities, one can compare the difference of their logarithms.
This is computationally more stable and avoids the risk of dividing very small numbers. Finally,
since the posterior is only known up to a multiplicative constant, working in log space empha-
sizes that only relative differences in probability are needed for sampling decisions. These ad-
vantages collectively make log-space computation the preferred approach in practical MCMC
implementations.

[x(Z)
" fx(zy)

o = min [1 ] —+ log(a) = min[0,log (fx () —log (fx(z,))]  (5.23)
Second, the choice of the proposal distribution’s standard deviation is a critical tuning parameter
that directly affects the performance of the MCMC sampler. As explained in section 5.2.3.1,,
an optimal balance must be found to ensure both a reasonable acceptance rate and efficient
exploration of the parameter space. In this study, the proposal standard deviations are selected
through a trial-and-error process, guided by visual diagnostics such as trace plots and running
mean plots. A well-tuned proposal distribution improves the mixing of the Markov chain and
ensures convergence to the target posterior distribution within a practical number of iterations.
In practice, it is recommended to aim for an overall acceptance rate between 20% and 30%, with
23.4% often cited as optimal in high-dimensional problems (Roberts et al., 1997). Values within
a broader range of 10% to 60% may still be acceptable depending on the context. To achieve
this, the scalar proposal standard deviation o, should be adjusted iteratively until the empirical
acceptance rate falls within the desired window.
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5.2.3.3 Markov chain Monte Carlo simulations: example

The illustrative example of the simplified dike settlement calculation, first introduced in section
and further developed in section 5.2.2.3, is now revisited a final time to demonstrate
the full Bayesian updating procedure. The measured settlement values used to perform the
Bayesian updating with in this example are given in Table 5.2. According to experts from the
Geotechnical Department of the Flemish Government, the uncertainty in the settlement mea-
surements can be estimated at 0.01 m.

Table 5.2: lllustrative example: monitoring

Observation times t,,s [days| 25 100 200
Observed settlements zy,s [m] || —0.03 | —0.15 | —0.20

The prior distributions of the soil parameters are shown in Figure 5.10. The response surface
model trained and validated in section is used to predict the settlement at each observa-
tion time. For every update, the MCMC algorithm is executed using all available measurements
up to that point to refine the posterior distributions of the soil parameters and produce updated
settlement predictions. At each stage, two independent Markov chains are run in parallel, each
with 10000 iterations, discarding the first 1000 samples as burn-in. The proposal distributions
used to explore the parameter space employ a standard deviation of o = 1.1 - 0, determined
through trial-and-error to achieve an acceptance rate between 10% and 60%. Convergence is
evaluated using the Gelman—Rubin statistic and running mean plots, ensuring adequate mixing
and convergence to the target posterior distribution.

Figure b.7 illustrates the Bayesian updating process using MCMC with the Metropolis—Hastings
algorithm. The figure consists of three subplots, each representing an updating step. Each
subplot includes two rows of three panels: the top row corresponds to the clay compression co-
efficient C.. and the bottom row to the unit weight of the dike sand ~,. In each row, the first panel
shows a trace plot of the Markov chain samples. Compared to the reference in Figure 5.6, these
traces exhibit well-tuned proposal distributions, with fast-mixing chains and low serial correla-
tion. The second panel presents the running mean, which stabilizes in all cases. This indicates
adequate exploration of the parameter space and convergence to equilibrium. The third panel
compares prior and posterior distributions, showing how the observed settlement data refines
the parameter estimates. Typically, the posterior distributions are narrower, reflecting reduced
uncertainty.

Figure 5.8 compares prior and posterior settlement predictions across the updating steps. The
shaded bands represent uncertainty around the mean settlement curves. As more data is in-
corporated, these bands narrow and predictions become more accurate, demonstrating the
effectiveness of Bayesian updating. Notably, each posterior distribution serves as the prior for
the subsequent step.
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Figure 5.7: Bayesian updating process using the Markov chain Monte Carlo method

Trace plot for ¢, after 1 update

5 Probabilistic (settlement) calculations

Running mean for ¢, after 1 update

Distribution of . after 1 update

3
r

0.160

0155

0150

0145

0.140

0135

0130

0125

0.120

0 2500 5000 7500 10000 12500 15000 17500

Trace plot for y, after 1 update

0 2500 5000 7500 10000 12500 15000 17500

Running mean for y, after 1 update

800

Count

= posterior
= prior

0.0 0.1 02 03

Distribution of y, after 1 update

|
T

0 2500 5000 7500 10000 12500 15000 17500

0 2500 5000 7500 10000 12500 15000 17500

Count

B Posterior
== Prior

(a) Bayesian updating using the first measurement

Trace plot for C, after 2 updates

Running mean for C, after 2 updates

Distribution of . after 2 updates

3

0.210

0.205

0.200

0.195

0.190

0.185

0.180

0175

i

0 2500 5000 7500 10000 12500 15000 17500

Trace plot for y, after 2 updates

0 2500 5000 7500 10000 12500 15000 17500

Running mean for y, after 2 updates

Count

-0.05 0.00

= Posterior
= Pprior

005 010 015 020 025 030

Distribution of y, after 2 updates

3

-

0 2500 5000 7500 10000 12500 15000 17500

0 2500 5000 7500 10000 12500 15000 17500

Count

[ Posterior
== prior

(b) Bayesian updating using the first and second measurement

Trace plot for ¢, after 3 updates

Running mean for C, after 3 updates

Distribution of . after 3 updates

s

0.245

0.240

0.235

0.230

0.225

0.220

0215

0.210

°

2500 5000 7500 10000 12500 15000 17500

Trace plot for y, after 3 updates

0 2500 5000 7500 10000 12500 15000 17500

Running mean for y, after 3 updates

. Posterior
= Prior

Distribution of y, after 3 updates

1
ﬁ

0 2500 5000 7500 10000 12500 15000 17500

0 2500 5000 7500 10000 12500 15000 17500

[ Posterior
= Prior

(c) Bayesian updating using the first, second and third measurement

120



5 Probabilistic (settlement) calculations

0.000 - === Prior prediction
—— Posterior prediction
@ Observations
—0.025 A @ Uncertainty
—0.050 A
.E. —0.075 A
-
c
o
E
2 -0.1004 | \
% \
® \
1
—0.125 A “
\\~ ------- -
—0.150 A
—0.175 A
6 Sb 160 1.‘;0 260 2%0 3(I)0
Time [days]
(a) Bayesian updating using the first measurement
0.000 4 —==~ Prior prediction
—— Posterior prediction
@ Observations
—0.025 - @ Uncertainty
—0.050 4
E —0.075 -
-
c
[
5 -0.1004 \ TTTmmmmmmmmmosossmmmmemmemm e
-
[}
]
—0.125
—0.150 1
—0.175 4
0 50 100 150 200 250 300
Time [days]
(b) Bayesian updating using the first and second measurement
0.00 1 —=~ Prior prediction
—— Posterior prediction
@ Observations
® Uncertainty
—0.05
E
€ -0.10 -
[
E
2
-
[}
]
—0.15 A
—0.20 E
(’) 5‘0 160 15'0 260 2%0 360

Time [days]

(c) Bayesian updating using the first, second and third measurement

Figure 5.8: Comparison between the prior and posterior settlement prediction
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Figure b.9 presents corner plots for the different updating steps. The diagonal panels display the
marginal posterior distributions of the individual soil parameters, while the off-diagonal panels
show their pairwise joint distributions. In the diagonal plots, three vertical dotted lines indicate
the mean and the bounds of the 68% credible interval. As more data is incorporated, these
distributions narrow and the credible intervals become smaller, reflecting reduced uncertainty.
Initially, the joint distribution between the clay compression coefficient C. and the unit weight
of the dike sand ~,; appears circular, indicating independence. As the Bayesian updating pro-
gresses, the distribution becomes elliptical, revealing a negative correlation: increases in v, are
associated with decreases in C,, and vice versa. This relationship is explained by recalling the
theoretical settlement equation from Chapter [:

Hy ol o+ Ad’
.= Cp-log | 22—— 5.24

where p,. is the predicted settlement, Hj is the thickness of the compressible clay layer, ey is
the initial void ratio, 0—270 is the initial effective vertical stress and Ao’ is the increase in effective
stress due to loading. The increase in effective stress is given by the unit weight of the dike
sand v, multiplied by the height of the dike h. To match observed settlements p,., the model
compensates between ~,; and C.. A larger v, leads to higher loading, requiring a lower C. to
produce the same settlement. Conversely, a smaller v; must be offset by a higher C.. This
trade-off introduces a negative correlation between the two parameters:

*vat=Ad 1= C. |
* vad= Ad = C. 1

The emerging correlation captures the physical interdependence implied by the model and re-
inforced through data.
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Figure 5.9: Corner plots for the different updating steps

122



5 Probabilistic (settlement) calculations

Figure offers an additional perspective on the reduction of uncertainty in the soil parame-
ter distributions during the updating process. The box plots depict the evolution of the posterior
distributions of the clay compression coefficient C,. and the unit weight of the dike sand ~, after
each updating step. Each box represents the interquartile range, with the central line indicat-
ing the median. As more data is assimilated, the interquartile range contracts, highlighting
the decreasing uncertainty in parameter estimates. The median values shift progressively to-
ward those that better explain the observed settlement data, underscoring the effectiveness of
Bayesian updating in refining the model. The updated distributions are also visualized, where
the decreasing uncertainty is reflected in progressively narrower distributions.
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Figure 5.10: Sequentially updated soil parameter distributions

Figure shows the evolution of the mean settlement curve throughout the updating process.
This curve is generated by evaluating the surrogate model thousands of times using LHS from
the updated parameter distributions. With each update, the mean curve moves closer to the
observed data, reflecting improved agreement.
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Figure 5.11: Evolution of the mean settlement curve through Bayesian updating

Lastly, Figure compares the initial prior settlement prediction, based on the mean values
of the prior soil parameter distributions, with the final posterior prediction after three updates.
The posterior prediction incorporates all available observations and clearly shows improved
alignment with the measured settlements. This demonstrates the progressive enhancement in
predictive accuracy achieved through Bayesian updating. For this example, a specific mon-
itoring series is used to test the robustness of the Bayesian updating under both over- and
underprediction scenarios. Consequently, the posterior mean settlement curve does not nec-
essarily pass through each observed data point, but rather captures the overall trend. Figure
summarizes the sequentially updated settlement predictions.
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Figure 5.12: Comparison of the original prior and final posterior settlement prediction
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Figure 5.13: Sequentially updated settlement predictions

5.3 Application of the probabilistic analysis workflow to the new
dike in Bornem

Now that the probabilistic analysis workflow (section 5.1)) for dike settlements has been pro-
posed and all relevant techniques involved in this methodology have been explained and im-
plemented, this chapter is concluded by applying the workflow to cross-section DP26 of the
new dike in Bornem. Each step of the workflow is systematically executed and the obtained
results are discussed in detail. This case study demonstrates the practical value, applicability
and adaptability of the proposed methodology across different dike configurations. It also under-
scores the strengths of a probabilistic approach compared to traditional deterministic methods,
especially in capturing uncertainty and enhancing model robustness. The inclusion of Bayesian
updating further improves the reliability of settlement predictions as new data becomes avail-
able. Ultimately, this section integrates and synthesizes the key concepts developed in earlier
chapters, showcasing how they come together in a unified, coherent analysis.
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5.3.1 Sensitivity analysis

A sensitivity analysis, detailed in section §.1, has been performed to identify the most influen-
tial soil parameters governing dike settlement. The results clearly indicate that the very soft
clay layer S, located on the GOG side of the new dike, dominates the settlement behaviour.
Among all input parameters, variations in the overconsolidation ratio, vertical permeability and
(re)compression index of layer S account for approximately 95% of the total variability in the
predicted settlements. This underscores the critical role of this specific layer in the overall per-
formance of the dike. The findings not only provide a clear focus for parameter distribution
identification, but also validate the model’s physical realism by aligning with geotechnical ex-
pectations: most of the soil settlement can be attributed to the very soft clay layer S. A graphical
overview of the sensitivity results is presented in Figure 5.14.
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Figure 5.14: Sensitivity analysis of the soil parameters affecting dike settlement in DP26

5.3.2 Stochastic soil parameter distribution

In paragraph §.3.3, the rationale for selecting the clay parameters OCR, kye,, €0 and C, as
opposed to the alternative set OCR, k.., A and x, has been explained. The remainder of sec-
tion 4.3 details the methodology for deriving the soil parameter distributions from CPT(u) data
using empirical correlations and how these distributions can be corrected with laboratory test
results. Figure provides a visual summary of this process, showing the initial distributions
based on CPT(u) data in green and the adjusted distributions following correction with lab data
in blue. The incorporation of laboratory results, while improving parameter realism, often intro-
duces additional uncertainty, particularly when the applied correlations are not well-calibrated
to the specific soil conditions encountered in layer S at DP26.
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Figure 5.15: Soil parameter distributions used in the probabilistic analysis of dike settlements in DP26

5.3.3 Latin hypercube sampling (LHS)

Next, the probabilistic soil parameter distributions are sampled using Latin hypercube sampling
(LHS). A total of 100 LHS samples are drawn from each distribution (Figure 5.16), resulting in
four separate pools of 100 samples each. From these pools, one sample is randomly selected
from each pool and combined to form a single input set. This process is repeated 100 times,
generating 100 distinct input sets for the PLAXIS 2D model and, consequently, 100 correspond-
ing settlement curves. This number of samples exceeds the theoretical minimum required for
training a surrogate model, given by n = 10 - k, where k denotes the number of input variables.
In this case, £k = 4 + 1, accounting for the four most influential soil parameters and the time
variable, as the settlement evolution over time is of primary interest.

The use of 100 samples, double the required minimum, ensures that a portion of the data can be
reserved for validation, thereby enhancing the robustness of the surrogate model. This choice
represents a strategic compromise: although PLAXIS 2D simulations are computationally ex-
pensive, allocating additional model runs for surrogate training is justified by the improved ac-
curacy in approximating the settlement response. Once trained, the surrogate model effectively
replaces the need for further PLAXIS evaluations during Bayesian updating, yielding substantial
computational savings without sacrificing predictive reliability.
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Figure 5.16: LHS of the soil parameter distributions for dike settlement analysis in DP26

5.3.4 Numerical PLAXIS 2D simulations

As previously discussed, the 100 distinct input sets generated via LHS are used to run PLAXIS
2D simulations. Each sample set is evaluated across the full time span of dike construction and
subsoil consolidation, 864 days in total, ranging from 01/10/2022 to 11/02/2025. The resulting
settlement curves are presented in Figure b.17d. A vertical dotted line marks the onset of the
settlement monitoring campaign, which commenced on 09/02/2023, 131 days after the start of
construction.

Because a portion of the settlement has already occurred prior to the start of monitoring, the sim-
ulated curves are reset to zero at the monitoring start date, as shown in Figure 5.178. This nor-
malization ensures consistency between simulated predictions and observed measurements.
The reset is justified by the use of a full consolidation calculation in PLAXIS 2D, which, as ex-
plained in section B.5.1], yields realistic settlement behaviour over time and provides a sound
basis for comparison with actual field data.
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(a) Before the reset at 09/02/2023 (b) After the reset at 09/02/2023

Figure 5.17: Settlement curves resulting from PLAXIS 2D simulations

128



5 Probabilistic (settlement) calculations

5.3.5 Response surface model (RSM)

The 100 settlement curves generated from PLAXIS 2D simulations are used to train a response
surface model (RSM) that approximates the relationship between the four key soil parameters
and the settlement response over time. Rather than predicting a single settlement value, the
aim is to capture the full temporal evolution while accounting for uncertainty. For this purpose,
Gaussian process regression (GPR) is particularly suitable due to its flexibility, ability to model
non-linear trends and efficiency with limited training data. In contrast, polynomial regression,
which fits a fixed global expression, is less appropriate here, as it struggles with complex, re-
gionally varying behaviors and lacks the ability to quantify prediction uncertainty.

To train the GPR model, 80% of the 100 numerically obtained settlement curves is used for
training, while the remaining 20% is reserved for validation. During training, the model learns
the relationship between input vectors and their corresponding outputs. The input vector is
defined as z = [OCR, kyert, €0, C, t], where the first four components represent the key soll
parameters and ¢ is the time vector. The soil parameters remain constant within each curve’s
time range. The output y is a vector of settlement values corresponding to each time instance
t.

To standardize the temporal resolution and improve computational efficiency, each settlement
curve is resampled at 10-day intervals. This significantly reduces the training time—from ap-
proximately 24 hours (using all 730 time steps: 864 — 131 ~ 730) to about 2.5 hours—without
any notable loss in model performance. The resampling thus ensures both efficiency and ac-
curacy, enabling the model to reliably estimate settlements across varying input conditions and
time points. The 80 training curves are displayed in Figure
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Figure 5.18: 80 numerically obtained settlement curves used for the training of the RSM
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As described in section 5.2.2, Gaussian process regression (GPR) is a non-parametric Bayesian
technique that yields both mean predictions and uncertainty estimates by defining a distribution
over possible functions. This distribution is governed by a mean function and a kernel, which
encodes assumptions about smoothness and correlation in the data. For this case study, a hy-
brid kernel that combines a Matérn kernel (v = 3/2) with a White Noise component is employed.
This setup balances smooth approximations with the flexibility to capture abrupt changes and
account for observational noise, which are common in geotechnical settlement behaviour.

The kernel hyperparameters are optimized by minimizing the negative log marginal likelihood,
resulting in an optimal objective value of f = —180483.42. The final optimized hyperparameters
for each input dimension are presented in Table 5.3.

Table 5.3: Hyperparameters of the GPR model

Kernel \ Lengthscale \ Variance

White kernel / 1.7141-10°6
OCR 33.2945
Matérn Kernel | kyert 27.4955

€ 69.5806 510.8814
C 7.5118
t 1.8652

The trained GPR model is validated using the remaining 20 settlement curves not included in
the training set. Validation involves comparing the GPR-predicted settlement curves with the
corresponding PLAXIS 2D simulation results. As shown in Figure 5.19, the model accurately
captures the settlement behaviour, with strong visual agreement between numerically calculated
and RSM-based predicted curves.
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Figure 5.19: Comparison of calculated (PLAXIS 2D) vs predicted (RSM) settlement curves
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Quantitative performance metrics further confirm the model’'s accuracy: R* = 0.9961, R, =
0.9951, MAE = 0.010525 and RMSE = 0.000267. The high coefficient of determination R?
indicates that the model explains nearly all variance in the data, while the low mean absolute

error (MAE) and root mean square error (RMSE) values reflect the model’s precision.

Figure provides further validation of the GPR model. The left plot shows a strong corre-
spondence between predicted and actual settlement values, with points closely aligned along
the perfect-fit line. The right plot displays the residuals (differences between predicted and
actual values) which are generally small and randomly scattered around zero. This pattern
confirms the absence of systematic bias and supports the model’s high predictive accuracy.
The discernible lines in the residual plot correspond to individual settlement curves. For most
curves, the residuals remain very close to zero, indicating consistently accurate predictions.
Slightly larger deviations are observed in three cases, corresponding to the light green curves
in Figure .19, where minor discrepancies between predicted and simulated settlements are
also visible. However, these deviations are modest and do not significantly impact the overall
model performance.
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Figure 5.20: Validation of the RSM: comparison of predicted vs actual settlement values and residuals

5.3.6 Extensive probabilistic simulations

To demonstrate the effectiveness of the surrogate model, an extensive probabilistic simulation
can be performed. Using LHS, 500 sets of soil parameters are sampled from their distribu-
tions. PLAXIS 2D would require approximately 50 hours to calculate the 500 corresponding
settlement curves, while the trained RSM only requires 15 minutes to predict the same number
of curves. This huge reduction in computational time immediately highlights the value of the
surrogate model in practical applications. The 500 predicted settlement curves are shown in
Figure b.21). The initially wide spread of settlement predictions, as shown by these curves, can
be substantially reduced by assimilating field monitoring data into the analysis.
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Figure 5.21: Extensive probabilistic simulation of 500 settlement curves using the RSM

5.3.7 Bayesian updating

The final step in the probabilistic analysis workflow is Bayesian updating, which incorporates set-
tlement measurements from the monitoring campaign to refine soil parameter distributions and
improve future settlement predictions. In this case, 17 settlement measurements from beacon
ZB3 are available, recorded approximately every two months. As new data becomes available,
the model updates both the settlement predictions and the underlying soil parameter distribu-
tions by integrating the latest measurement with all prior observations. Each update leverages
progressively more information, enhancing the accuracy of posterior estimates but also increas-
ing computational demand. To illustrate the updating process while keeping the computational
load manageable, three measurements are randomly selected from the full dataset. Specif-
ically, the 2nd, 7th and 13th measurements are used, simulating their sequential availability
over time. This approach demonstrates how quickly the updated model approaches the final
observed settlement curve, even with only a subset of the available data.

The Bayesian updating is carried out using the Metropolis-Hastings MCMC algorithm, with two
independent Markov chains of 10000 iterations each. The first 1000 samples of each chain are
discarded as burn-in. Table 5.4 summarizes the results of the updating process. Proposal dis-
tribution variances for each parameter have been determined through trial-and-error to maintain
acceptance rates between 10% and 60%. Also the recommendations illustrated in Figure 5.6
have been considered in choosing these variances. Since acceptance rates remain within this
range (around 40%) across all three updates, the same proposal variances are used throughout
the entire updating process.
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The table also reports the posterior means of the soil parameters after each update, which serve
as starting points for the next step in the sequential updating process. Finally, the Gelman-
Rubin diagnostic is provided for each parameter in every update. Values close to 1 indicate
convergence of the Markov chains to the target posteriors, confirming the reliability of the results.

Table 5.4: Summary of the Bayesian updating process using MCMC

’ H OCR [-] ‘ Kvert [M/s] \ eo [-] ‘ C[] ‘
’Variance proposal distribution H 0.12 ‘ 8.00-10"8 ‘ 0.06 ‘ 1.00 ‘

Bayesian updating using the first measurement
Posterior mean 2.0769 | 4.0628-107% | 1.1920 | 14.7155
Gelman-Rubin statistic 1.003 1.112 1.058 1.009
Bayesian updating using the first and second measurement
Posterior mean 1.8760 | 4.1733-1078 | 1.4069 | 14.0597
Gelman-Rubin statistic 1.018 1.009 1.034 1.008
Bayesian updating using the first, second and third measurement
Posterior mean 1.8099 | 4.1337-1078 | 1.5123 | 13.7605
Gelman-Rubin statistic 1.006 1.027 1.015 1.005

Figures and illustrate the Bayesian updating process for the soil parameters OCR,
kvert, g @and C'. Each figure contains three subplots corresponding to the sequential updates.
Within each subplot, the left panel shows the trace plot of the Markov chains, the middle panel
presents the running mean and the right panel compares the prior and posterior distributions.
For the overconsolidation ratio, initial void ratio and Flemish compression constant, the trace
plots indicate good mixing and low serial correlation, confirming that the chosen proposal vari-
ances are effective. The running mean plots converge steadily and the posterior distributions
are in general narrower than the priors, reflecting reduced uncertainty after incorporating the
measurement data. In the case of vertical permeability, the trace and running mean plots may
initially appear problematic due to slow chain movement and noticeable fluctuations in the run-
ning mean. However, this is attributed to the very small magnitude of the parameter (on the
order of 1078). The posterior distribution itself is well-defined and the Gelman-Rubin statis-
tics remain close to 1, confirming proper convergence. Thus, the observed fluctuations in the
running means are not a cause for concern.

Figure compares the prior and posterior settlement predictions across the different up-
dating steps. In addition to the clear shift of the posterior mean curves toward the observed
measurements, the shaded bands representing the 68% confidence intervals also become pro-
gressively narrower with each update. This reduction in uncertainty highlights how incorporating
additional data through Bayesian updating improves the accuracy of the settlement predictions.
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(b) Bayesian updating using the first and second measurement
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(c) Bayesian updating using the first, second and third measurement

Figure 5.22: Bayesian updating process using the MCMC for OCR and k.t
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(c) Bayesian updating using the first, second and third measurement
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(c) Bayesian updating using the first, second and third measurement

Figure 5.24: Comparison between the prior and posterior settlement predictions in each updating step
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The Bayesian updating process is effectively summarized in Figures and b.26. Figure
illustrates the sequential refinement of the key soil parameter distributions. With each update,
these distributions become increasingly narrow and concentrated, reflecting a clear reduction
in uncertainty. This trend is also evident in the accompanying box plots, where the shrink-
ing interquartile ranges indicate growing confidence in the parameter estimates. Figure
shows the corresponding updates to the settlement predictions for DP26. As additional mea-
surements are incorporated, the posterior mean curves move closer to the observed settlement
values, while the shaded 68% confidence intervals narrow progressively. This demonstrates
that Bayesian updating not only improves the accuracy of the predictions but also enhances
their reliability by quantifying and reducing uncertainty. Notably, already after the first update,
the posterior mean settlement curve aligns closely with the observed data. Subsequent updates
primarily reduce the uncertainty in the predictions by narrowing the confidence bounds, while
the mean settlement estimate remains largely unchanged. This supports the pragmatic choice
to use only a subset of available measurements, as it yields strong predictive performance
with lower computational demand. Finally, the use of sequential Bayesian updating—where
the posterior of one step becomes the prior of the next—enables the model to iteratively build
upon existing knowledge. This iterative refinement process lies at the core of the proposed
methodology, making it both robust and adaptable to new information as it becomes available.
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Figure 5.25: Sequentially updated soil parameter distributions for DP26
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Figure 5.26: Sequentially updated settlement predictions for DP26

The effectiveness of the Bayesian updating process is further demonstrated in Figure B.27,
which compares extensive probabilistic simulations performed before and after updating. In
each case, 500 LHS sets are generated from respectively the original prior and final posterior soil
parameter distributions. The contrast is clear: the prior simulation, built on uncertain empirical
correlations, produces a broad spread of settlement predictions, reflecting high uncertainty.
After updating, the posterior simulation yields a much narrower distribution, demonstrating the
impact of incorporating real-world observations.

-0.6

Settlement [m]
Settlement [m]
L
s

-12

0 100 200 500 600 700 0 100 200 500 600 700

300 400 300 400
Time [days] Time [days]

(a) Before Bayesian updating (b) After Bayesian updating

Figure 5.27: Comparison of settlement curves predicted by the RSM before and after Bayesian updating
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5.3.8 Final remarks and discussions

To conclude this chapter, some final reflections are offered regarding the probabilistic analysis
workflow and its application to the critical cross-section DP26 of the new dike in Bornem, located
at the Groot Schoor site.

5.3.8.1 Probabilistic vs deterministic settlement calculations

First, the advantages of probabilistic settlement calculations over deterministic approaches are
highlighted. Figure demonstrates this comparison by juxtaposing deterministic settlement
calculations with probabilistic ones. The deterministic approach, shown in Figure 5.284, relies
on fixed characteristic parameter values and yields a single predicted settlement curve. A full
consolidation analysis in PLAXIS 2D, with settlements reset to zero at the start of the monitoring
campaign, yields a final predicted settlement of approximately —0.20 m. The deterministic ap-
proach significantly underestimates the actual measured settlement of approximately —0.40 m
at beacon ZB3, potentially leading to unsafe design outcomes where the required dike crest
elevation is not maintained over time

In contrast, the probabilistic method, shown in Figure .28, accounts for variability in key soil
parameters by sampling from their probability distributions and predicting settlement for each
sample set. This results in a range of possible outcomes, represented by a shaded 68% confi-
dence interval around the mean settlement curve. Prior to Bayesian updating, the model slightly
overestimates the final settlement, predicting around —0.50 m. However, after incorporating a
selection of settlement measurements through Bayesian updating, the prediction is refined to
approximately —0.39 m, aligning closely with the observed data.

This progression demonstrates not only the greater accuracy of the probabilistic approach but
also its capacity to quantify uncertainty and improve over time as more data becomes available.
By dynamically refining predictions, the method supports more informed decision-making and
better risk management throughout the dike’s lifecycle.
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Figure 5.28: Comparison of deterministic vs probabilistic settlement calculations
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5.3.8.2 Effect of soil parameter distribution variations on settlement predictions

Secondly, some additional clarification is provided regarding the effect of variations in the origi-
nal prior soil parameter distributions on the settlement predictions in a Bayesian updating frame-
work. Previously, a statement was made that the accuracy of the original priors is not critical,
as Bayesian updating will refine them based on observed data and as such naturally converge
towards the actual soil parameter distributions. This can for example be seen in the bottom
right plot in Figures and the top right plot in Figure 5.25. These showcase a significant
narrowing of the posterior distribution of k.. compared to its initially broad prior, which was
based on uncertain empirical correlations. This clearly demonstrates how Bayesian updating
can robustly refine uncertain prior parameter estimates based on observed settlement data,
naturally guiding the model toward the true underlying distributions.

This robustness of the Bayesian updating process can be further demonstrated by for exam-
ple slightly altering the prior distribution of one soil parameter. In Figure .29, the mean of the
Flemish compression constant is adjusted from 9.8773 to 15.8773. Despite this change, the pos-
terior distribution of C' converges—after a few updates—to the same final distribution shown in
Figure 5.25. Similarly, the mean settlement prediction shifts from an initial —0.46 m to a final
—0.39 m, matching the original result. This shows that Bayesian updating is robust to moderate
inaccuracies in the prior, effectively correcting them using observed data. Nevertheless, initial
distributions must still be grounded in reality. If the priors are highly unrealistic, even abundant
data may not lead to reliable posterior estimates. A proper calculation of the prior distributions
hence remains essential, but small errors do not need to be feared as they will correct them-
selves during the updating process.
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Figure 5.29: Effect of an incorrect prior on the posterior distribution of C' and the settlement prediction
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5.3.8.3 Correlations between sensitive soil parameters

Finally, the assumption made in paragraph is critically examined using Figure 5.30.
This assumption states that standard Latin hypercube sampling without adjustments for spu-
rious correlations is valid due to the presumed independence of input variables. The figure
displays corner plots showing the evolution of the joint posterior distributions of the four sensi-
tive soil parameters OCR, k,e,+, g and C across the three successive Bayesian updating steps.
Each plot combines marginal histograms along the diagonals with bivariate scatter and contour
plots off-diagonal, offering a complete visual overview of parameter uncertainty and potential
interdependencies as new settlement data is incorporated.

A clear trend across the three plots is the progressive narrowing of the marginal distributions,
which indicates decreasing uncertainty and growing confidence in the parameter estimates.
Moreover, the posterior means become increasingly stable with each update, suggesting con-
vergence toward consistent values as the model integrates more observational data.

Particularly insightful are the off-diagonal panels that illustrates the joint distributions between
parameter pairs. While there are hints of weak dependencies-such as a mild positive correlation
between ¢y and C—most bivariate plots maintain elliptical or nearly circular shapes, signifying
minimal to no significant correlation between parameters in the posterior distributions.

This observation has important implications for the probabilistic modelling approach. Specif-
ically, it confirms that omitting parameter correlations during LHS is a valid simplification. In
theory, ignoring strong correlations could lead to unrealistic or biased simulation results. How-
ever, the analysis shows that such correlations are either absent or too weak to influence the
outcome meaningfully. Therefore, treating the input parameters as independent during sam-
pling not only simplifies the computational process but also retains the reliability and accuracy
of the model’s predictions.
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5.4 Conclusion

This thesis has developed and applied a probabilistic framework to analyse the settlement be-
haviour of a newly constructed dike at the Groot Schoor site, located along the Scheldt River in
Bornem, Belgium. The central aim has been to demonstrate the practical value of probabilis-
tic design in geotechnical engineering by integrating uncertainty quantification and Bayesian
updating into the design process.

The study begins with an overview of the Groot Schoor project, identifying cross-section DP26
as the critical point of analysis. A thorough examination of the site’s geotechnical context—
including dike geometry, soil stratigraphy and available investigation data (CPTs, laboratory
tests and settlement monitoring)—provides the foundation for constructing a robust, data-informed
probabilistic model.

A detailed numerical model of the dike is built in PLAXIS 2D and automated using Python script-
ing to enable efficient simulation workflows. Advanced constitutive models have been selected
to accurately represent soil behaviour: the Hardening Soil model with Small-Strain Stiffness for
sands and the Modified Cam-Clay model for clays. A full consolidation analysis captures the
time-dependent interaction between loading and drainage under field conditions.

A sensitivity analysis has been used to identify key soil parameters influencing settlement, fo-
cusing probabilistic treatment on the most impactful variables: overconsolidation ratio (OCR),
vertical permeability (k,e¢), initial void ratio (eg) and the Flemish compression constant (C) of the
soft clay layer S. These parameters are assigned probability distributions derived from CPT(u)-
based correlations, adjusted for the correlation error through comparison with laboratory data
to better reflect local soil behaviour.

Settlement predictions are generated probabilistically by sampling these distributions via Latin
hypercube sampling and running the corresponding PLAXIS simulations. The output informs
the training of a response surface model, which approximates the full simulation results and
enables rapid evaluation of settlement responses across a broad parameter space.

A major strength of the framework is its use of Bayesian updating through a Markov chain
Monte Carlo algorithm, which assimilates real-time settlement data from monitoring device ZB3.
This process refines the distributions of uncertain parameters, reduces epistemic uncertainty
and improves alignment between predicted and observed settlement behaviour. Thereby, it
increases model credibility and supports better-informed design choices.

Compared to traditional deterministic methods, the framework offers significant advantages.
It facilitates performance-based design by explicitly accounting for uncertainty and variability,
delivering a more comprehensive and realistic understanding of geotechnical performance.
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The surrogate model drastically reduces computational demands, while Bayesian updating en-
sures continual improvement of predictions as new data becomes available.

By uniting uncertainty quantification, data-driven model calibration and efficient numerical tools,
this framework enhances both the predictive power and adaptability of geotechnical design. Ul-
timately, it supports more transparent, resilient and informed engineering decisions and it high-
lights the transformative potential of probabilistic approaches in modern geotechnical practice.

5.5 Recommendations for future work

To further advance the application of probabilistic methods in geotechnical engineering, the
following research directions are recommended:

+ Sensitivity analysis of geometric assumptions: in this study, a sensitivity analysis has
been performed on the soil layers and their constitutive parameters to identify which pa-
rameters most significantly influence settlement predictions. A similar methodology could
be applied to evaluate the impact of the geometric assumptions made in the subsoil stratig-
raphy, particularly the division of the soft clay layer at the surface into layers S, E and Ebis.
In the current model, soil layer E is defined with fixed dimensions and vertical boundaries.
Future research could assess the implications of alternative configurations (e.g. sloped
or non-uniform boundaries) through sensitivity analysis, in order to evaluate their effect
on the predicted settlements and improve the robustness of the model. Furthermore, an
additional sensitivity analysis could be conducted on the thickness of the soil replacement
in layer S. Although the execution plans provided in Attachment A allow for determination
of the nominal replacement thickness at cross-section DP26, CPT tests indicate that the
compaction quality of the replaced soil is not uniform throughout its height. As a result, the
entire thickness cannot be assumed to contribute equally to its performance. A sensitivity
analysis on the effective thickness could help quantify the influence of this variability on
settlement predictions and improve the model’s accuracy.

» Consideration of spatial correlations between soil properties: in this research, it has
been assumed that soil parameters are spatially homogeneous within their respective
layers. However, when significant differences in soil behaviour are observed across the
cross-section, distinct layers are introduced, as illustrated by the division of the soft clay
into layers S, E and Ebis. Although these layers represent the same geological material,
they are treated separately due to differences in preconsolidation history and mechani-
cal properties. Nevertheless, spatial variability and correlations between soil parameters
within a given layer have not been accounted for in the current model, despite their fre-
quent occurrence in real-world conditions. Future work could incorporate spatial variability
and parameter correlations using approaches such as random fields. This would improve
the physical realism of the model and potentially enhance its predictive accuracy.

144



5 Conclusion and recommendations

+ Extension from settlement in points to settlement profiles: in the current approach,
settlement predictions are made for a single point beneath the dike, corresponding to the
location of settlement beacon ZB3. However, the methodology can be readily extended to
predict full settlement profiles along monitoring devices such as settlement pipes, thereby
offering a more comprehensive spatial understanding of deformations. This could be
achieved by repeating the established probabilistic analysis at multiple points along the
dike or by adapting the methodology to extract settlement values in PLAXIS 2D along a
predefined line within the cross-section and subsequently retraining the response surface
model for this new output type. Then, the Bayesian updating procedure can be applied us-
ing the monitored settlement profiles, as illustrated in Figure .16, to enhance the model’s
accuracy and reliability across the spatial domain.

* Inclusion of creep (secondary compression): extending the probabilistic framework to
capture long-term settlement behaviour, such as creep or secondary compression, would
significantly enhance its relevance for long-term geotechnical performance assessments.
Currently, the model considers only primary consolidation and the response surface model
is trained solely on the primary consolidation phase of the settlement curves, as the simu-
lations have not been extended far beyond the construction period. In practice, however,
secondary compression and creep can play a crucial role in long-term settlement, par-
ticularly in soft clay layers. For example, recent monitoring data at beacon ZB3 shows
that, after a period of stabilization at approximately —0.37 m, the settlement continued
to increase to —0.39 m despite no further elevation of the dike, suggesting ongoing sec-
ondary compression or creep effects. To incorporate such time-dependent behaviours, a
more advanced constitutive model for soft clay would be required (e.g. the Soft Soil Creep
model), which explicitly accounts for creep and secondary compression. Consequently,
the sensitivity analysis would likely identify additional creep-related parameters that must
be included in the probabilistic framework by determining their distributions. The response
surface model would also need to be retrained on a new dataset generated from extended
PLAXIS simulations that capture long-term creep behaviour. The Bayesian updating pro-
cedure would remain largely unchanged.

* Integration of additional monitoring data: in this case study, settlement measurements
from the new dike in Bornem have been used as monitoring data incorporated through
Bayesian updating. However, the applicability of the Markov chain Monte Carlo method
is not limited to settlement data alone. The same updating approach can be extended to
incorporate other types of geotechnical measurements, such as pore water pressure. In
such cases, the measured pore pressure values can be compared with those predicted
by a surrogate model to compute the likelihood function required for Bayesian inference.
As long as the parameter of interest is an output that can be simulated in PLAXIS, a
corresponding surrogate model can be developed.
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This surrogate model can then be used to conduct extensive probabilistic simulations and
compare the results with the available measurements. This flexibility highlights a major
strength of the proposed framework: it is not constrained to a specific type of measurement
but can be adapted to any observable quantity, provided that a reliable numerical model
(e.g. PLAXIS) and surrogate model exist for that quantity. Incorporating diverse types of
data into the updating process can further enhance the robustness and accuracy of the
model predictions.

Incorporation of advanced constitutive models: the use of alternative or more ad-
vanced constitutive soil models, such as the Soft Soil Creep model, which accounts for
creep and time-dependent behaviour in clays, could further enhance the realism and pre-
dictive capability of the simulations. Incorporating such models would primarily impact the
workflow for identifying the relevant soil parameter distributions. Specifically, more sophis-
ticated models often involve additional parameters that govern the long-term settlement
behaviour of soils. As a result, it would be necessary to determine which new parameters
are most influential for the settlement response and to establish appropriate probability
density functions for them. This may require identifying new empirical correlations in the
literature to relate these parameters to available CPT(u) data.

Cross-validation of the GPR surrogate model: Instead of a single 80%/20% train-test
split, applying k-fold cross-validation can improve the robustness and generalizability of
the Gaussian process regression surrogate model. Cross-validation helps prevent overfit-
ting or underfitting, makes better use of limited data and supports hyperparameter tuning
of the GPR kernel. In k-fold cross-validation, the dataset is divided into k subsets. The
model is trained on k—1 folds and validated on the remaining one. This process is repeated
k times and the average performance is reported. A 5-fold approach is recommended to
balance robustness and computational efficiency. Care must be taken to avoid data leak-
age, especially when time is a model input, and to ensure each fold remains sufficiently
large. Despite the extra computational cost, this method offers a more reliable evaluation
of model accuracy.
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Figure 5.31: Principle of the k-Fold cross-validation technique
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» Application to other geotechnical problems: the probabilistic approach developed in
this study can be adapted to a variety of geotechnical systems (e.g. retaining walls, deep
foundations and slope stability analyses) thereby broadening its practical utility. While
the methodology remains the same, modifications to the numerical model and relevant
parameters are needed for each application. For instance, in slope stability, it can quantify
how soil strength variability affects the factor of safety, while in deep foundation design, it
can assess the influence of soil heterogeneity on pile capacity. The framework’s flexibility
makes it a robust tool for uncertainty quantification and risk assessment across a wide
range of geotechnical engineering problems.

» Evaluation of alternative surrogate models: other surrogate modelling techniques can
be explored (e.g. polynomial regression, polynomial chaos expansion (PCE), artificial
neural networks (ANN) or support vector regression (SVR)). These alternatives can be
benchmarked against Gaussian process regression (GPR) in terms of predictive accuracy,
computational efficiency and ease of interpretation.

+ Comparison of probabilistic inference methods: while Bayesian updating using Markov
chain Monte Carlo has been successfully applied in this study, other probabilistic inference
techniques (e.g. approximate Bayesian computation (ABC), variational inference or en-
semble Kalman Filters) could be explored in future work. These alternatives may offer
advantages in terms of computational efficiency or scalability, which could be particularly
valuable for more complex or data-intensive geotechnical applications. Testing different
inference methods would help identify the most suitable approach depending on the spe-
cific problem context, available data and required accuracy.
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Societal reflection

In a world increasingly challenged by climate change and urban development, ensuring the long-
term safety and performance of geotechnical and hydraulic infrastructure such as dikes is of vital
societal importance. This thesis presents a probabilistic approach to dike settlement calcula-
tions, using Bayesian updating to incorporate real-world monitoring data. This enables a shift
from conservative, deterministic design using fixed partial safety factors to performance-based
methods that reflect actual site conditions. As a result, decisions made during construction be-
come more data-driven, leading to infrastructure that is safer, more reliable, more efficient and
sustainable in its use of resources and better suited to its environment.

This approach aligns strongly with several United Nations Sustainable Development Goals
(SDGs). It supports SDG 9 ”Industry, innovation and infrastructure” by promoting modern,
evidence-based methods in infrastructure design and fostering innovation in geotechnical engi-
neering. It also contributes to SDG 11 "Sustainable cities and communities”, as dikes are crucial
for protecting populated areas from flooding. By continuously integrating field data into the de-
sign process, the long-term resilience and adaptability of these structures to increased flooding
risks are improved. Furthermore, it supports SDG 13 "Climate action”, given the growing need
for infrastructure that can withstand increasingly frequent and severe weather events. These
climate-related effects can themselves be modelled stochastically, allowing their uncertainty
and impact to be explicitly incorporated into engineering calculations. By adopting a risk-based,
probabilistic approach, this framework enables engineers to better anticipate and mitigate the
risks associated with extreme weather, ultimately enhancing the climate resilience of critical in-
frastructure. In this context, the value of monitoring campaigns becomes even more apparent,
as real-time data integration supports adaptive decision-making throughout the infrastructure’s
lifecycle.

Beyond its societal impact, this thesis reflects a broader digital transformation in civil engineer-
ing. The use of tools like PLAXIS and Python illustrates a move from rule-based towards risk-
based, data-centric workflows. While not applying Al directly, the probabilistic foundation aligns
well with future integrations of machine learning and big data into engineering practice.

Finally, this work also brings ethical considerations to the forefront, particularly regarding trans-
parency and communication. Since uncertainty plays a central role in probabilistic modelling, it
is essential that results are presented in a clear and understandable way to support responsi-
ble, well-informed decisions. While this thesis does not involve personal or sensitive data, the
assumptions and choices made during modelling carry an obligation to ensure scientific rigour,
reproducibility and integrity throughout the analysis.

In summary, this thesis contributes to the advancement of infrastructure that is not only tech-
nically sound but also socially and environmentally responsible: resilient to climate change,
resource-efficient and grounded in data-driven, adaptive engineering practices.
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Attachment A
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Global overview of the execution plan of Aertssen: the yellow zone is characterized by sandy soils at the
surface, the grey zone is characterized by clayey soils at the surface
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Global overview of the execution plan of Aertssen: soil replacement



Attachment B
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Global overview of the location of the CPTs (orange dots) and BHs (green dots) on the site Groot Schoor

Bornem
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Global overview of the monitoring devices on the site Groot Schoor Bornem
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Attachment D
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Definition of the critical state model parameters used in the Modified Cam-Clay model
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Deterministic values for the PLAXIS 2D soil parameters (2/3)
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Attachment F
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(a) Geometry with singular points
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(b) Total displacement in elevation phase 1
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(c) Plastic point analysis in elevation phase 1, resulting in failure

Problematic singular points in the original geometry
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(a) Geometry without singular points
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(b) Total displacement in elevation phase 1

&
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(c) Plastic point analysis in elevation phase 1
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(d) Plastic point analysis at the end of the dike construction

Solution for the singular points in the adapted geometry



Attachment G

Quality (scaled up 5.00 times)
2] Maximum value = 1.000 (Element 24707)
Minimum value = 0.02941 (Element 10702)

(a) Quality of the finest possible mesh

Quality (scaled up 5.00 times)
Maximum value = 1.000 (Element 1992)
Minimum value = 0.02356 (Element 1404)

(b) Quality of a very fine mesh

Quality (scaled up 5.00 times)
&= Maximum value = 1.000 (Element 1115)
Minimum value =0.02900 (Element 1063)

(c) Quality of a fine mesh

Figure 34: Mesh quality for different mesh element distributions (1/3)
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Quality (scaled up 5.00 times)
Maximum value = 0.9999 (Element 6)
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Figure 34: Mesh quality for different mesh element distributions (2/3)
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Figure 34: Mesh quality for different mesh element distributions (3/3)
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